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Chapter 2

Geometry of
Second-Order Random
Processes

In this book, modeling and estimation problems of random processes are treated in
a unified geometric framework. For this, we need some basic facts about the Hilbert
space theory of stochastic vector processes that have finite second order moments
and are stationary in the wide sense. Such a process {y(t)}iez is a collection of
random variables yy(t),k = 1,2,...,m,t € Z, which generate a Hilbert space H
with inner product

(€, m) = E{&n},

where E denotes mathematical expectation. This Hilbert space is endowed with a
shift, i.e., a unitary operator U : H — H with the property that

ye(t+1) =Uyr(t), k=1,2,...,t€Z.

In this chapter we introduce some basic geometric facts for such Hilbert spaces.
Although we shall assume that the reader has some knowledge of elementary Hilbert

space theory, for the benefit of the reader, some relevant facts are collected in
Appendix A.1.

2.1 Hilbert space of second-order random variables

A real random variable, &, is just a real-valued measurable function defined on some
underlying probability space {2, A, P} (P is the probability measure on € and 4
the o-algebra' of events). The symbol E{¢} := [,£dP denotes mathematical
expectation of the random variable £&. Random variables which have finite second
moment, E{|¢|?} < oo, are commonly called second order random variables.

The set of real or complex-valued second-order random variables f defined on
the same probability space {2, A, P} is obviously a linear vector space under the
usual operations of sum and multiplication by real (or complex ) numbers. This

'Knowledge of general measure-theoretic probability theory (and concepts such as o-algebra)
will not be needed for reading this book.
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4 Chapter 2. Geometry of Second-Order Random Processes

vector space comes naturally equipped with an inner product

(&,n) = E&n,

which is just the correlation of the random variables £,7. Note that the norm
€]l = (€,€)'/2 induced by this inner product (the square root of the second moment
of &) is positive, i.e. ||£|| =0 < & = 0, only if we agree to identify random variables
which are equal almost surely, i.e. differ on a set of probability zero. Consider the
set of equivalence classes of second-order random variables f with respect to almost
sure equality. This set, once equipped with the inner product (-,-), becomes an
inner product space, denoted L?(Q, A, P). Convergence with respect to the norm
of this space is called convergence in mean square. It is a very well-known fact that
L?(2, A, P) is actually closed with respect to convergence in mean square and is
therefore a Hilbert space.

Notations and conventions

In this book the term subspace of a Hilbert space H, will in general mean closed
subspace. For finite-dimensional vectors, |v| will denote Euclideannorm (or absolute
value in the scalar case).

The sum of two linear vector spaces X + Y, is, by definition, the linear vector
space {x +y | z € X,y € Y}. Even when X and Y are both (closed) subspaces,
this linear manifold may fail to be closed. The (closed) vector sum of X and Y,
denoted X VY, is the closure of X + Y.

In this book, the symbols +, V, + and ¢ will denote sum, (closed) vector sum,
direct sum, and orthogonal direct sum of subspaces. The symbol X' denotes the
orthogonal complement of the subspace X with respect to some predefined ambient
space. The linear vector space generated by a family of elements {xa}aeca C H,
denoted span {z, | @ € A}, is the vector space whose elements are all finite linear
combinations of the generators {x,}. The subspace generated by the family {xa}aca
is the closure of this linear vector space and is denoted by span{z, | o € A}.

In Appendix A.1 one can find more details and comments on these concepts.

2.2 Orthogonal projections

Consider now the following problem: a second order random variable x, whose values
are not accessible to direct observation, can be measured indirectly by some mea-
surement (or observation) device. This device produces a sequence of real valued-
observations which we model as sample values of a family of random variables (a
stochastic process) y = {y(t) | ¢ € T} defined in the same probability space of z.
From an observed trajectory of y we want to get the best possible reconstruction
of the value, say Z, of x, which occurred during the measurement. This means that
we want to find a function of the observed data (an “estimator”), ¢(y), which best
approximates x, i.e. produces, “in the average”, the smallest possible estimation
error  — @(y) (note that this quantity is itself a random variable). Both z and
the scalar components of y are assumed with finite second order moments, so we
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2.2. Orthogonal projections 5

may regard them as elements of the Hilbert space L?(2, A, P) of the underlying
probability space. It is then natural to require that ¢(y) should also have finite
second-order moment.

Now, the second-order functions of the process y form a closed subspace of
L?(Q, A, P) which can be identified with L?(2,), P), Y C A being the o-algebra
generated by the process y. In other words, any admissible ¢(y) is just an element
of the subspace L2(2, Y, P) of the Hilbert space L?(9, A, P).

It is then natural to formulate the problem in the following way: find a random
variable z in L?(Q2, Y, P) for which the estimation error x—z has the smallest possible
L? norm, namely solve the following optimization problem

min |z — z|| (2.2.1)
2€L2(Q,Y,P)

where ||z — 2||? = E{|z — 2|?}.

It is well-known that this minimum distance problem has a unique solution and
that this solution is the orthogonal projection of x onto the subspace L2(2, ), P).
For future reference we shall recall here without proof the following basic result
which is sometimes referred to as the Orthogonal Projection Lemma.

Lemma 2.2.1. Let Y be a closed subspace of a Hilbert space H. Given x € H, the
element z € Y which has shortest distance from x, i.e. minimizes ||z — z|| is unique
and is the orthogonal projection of x onto Y.

A necessary and sufficient condition for z to be equal to the orthogonal projec-
tion of x onto Y is that x — z L Y, or, equivalently, for any system of generators
{Ya; o € A} of Y it should hold that

(x—2,94)=0, acA (2.2.2)
(orthogonality principle).

If we take as generators of L?(£2,)), P) the indicator functions {I4, A € Y} we
may rewrite the orthogonality relation (2.2.2) as

E{,TIA}:E{ZIA}, Ae)y
which is the well-known defining relation of the conditional expectation
z=E[z|Y]=E[z|y]

Hence the best estimator of the random variable x, based on the observed data
y ={y(t) | t € T} in the sense of the smallest “mean square error” (the distance in
L?), is just the conditional expectation of x given the data.

Unfortunately this insight is not of much use since, except in the notable case
when z and y have a jointly Gaussian distribution, the conditional expectation is
most of the times practically impossible to compute.

In a non-Gaussian setting, or more realistically, when there is not enough
information about the probability law of the variables involved, one needs to restrict
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6 Chapter 2. Geometry of Second-Order Random Processes

“a priori” the class of functions ¢ of the data which constitute admissible estimators.
We shall henceforth restrict ourselves to estimators which are linear functions of the
data. As we shall see in a moment, minimum mean-square error linear estimators
are completely determined by the second order statistics of the variables of the
problem. Moreover, since in the Gaussian case the conditional expectation turns
out to be a linear function of the data, the best linear estimator coincides in this
case with the best (non linear) function of the data.

Linear estimation and orthogonal projections

We shall first consider the “static” finite-dimensional case where the observable y
is a random vector with m components. Let x be an n-dimensional inaccessible
random vector of dimension n. Assume that the joint covariance matrix of z and y

_ | e Xy
Y= [ny Ey] (2.2.3)
is given. It will be convenient to subtract off the expected values from all random
quantities involved (which will henceforth assumed to have zero-mean). Let

H(y) = Spa’n{yk | k= 15"'7m}

be the (finite dimensional) subspace of L?(€, A, P) linearly generated by the compo-
nents of y. The best linear estimator of x based on (or given) y, is the n-dimensional
random vector Z, whose components & € H(y), k = 1,...,n, individually solve
the minimum problems

min |z — 2| k=1,...,n, (2.2.4)

2z, €H(y)

In view of Lemma 2.2.1, &, is just the orthogonal projection of x onto H(y). Ac-
cording to our previous conventions, we shall denote this projection by the symbols

Elzr |H(y)] or EB® g

More generally, the orthogonal projection onto an arbitrary (closed) subspace Y C
L*(Q, A, P) will be denoted by E[-| Y], or by the shorthand E¥. The abuse of
notation will be harmless since in this book we shall have no occasion of using the
conditional expectation operator other than for Gaussian variables. The notation
E[x | Y] will be used also when z is vector-valued. The symbol will then just
denote the vector with components E [z | Y], £k = 1,...n. When the projection
is expressed in terms of some specific set of generators say y = {y,} (ie. Y =
Span{y.}), we shall denote it E [z | y].

Remark 2.2.2. Since each xj has zero mean, searching for the optimum in the
seemingly more general class of affine functions of the vector y of the form ¢(y) =
a'y + b would be futile, as b = 0 is trivially a necessary condition for minimizing
the distance?. This is the reason why it is enough to project onto the subspace of

2For the same reason the squared norm of the difference ||z, — #||? is a variance.
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2.2. Orthogonal projections 7

linear functionals H(y), which is generated by the observation variables, centered
to mean zero.

Clearly the n scalar optimization problems (2.2.4) can be reformulated as one
single equivalent problem where one seeks to minimize

n
var (z — z) == Z ok — 2], 2 € H(y)
k=1

which is the scalar variance of the error vector x — z. The scalar variance is the
trace of the matrix
Var (z — z) = E{(x — 2)(x — 2)'}.

Proposition 2.2.3. Let x and y be zero-mean second-order random wvectors of
dimensions n and m respectively with covariance matriz (2.2.3). Then the orthog-
onal projection (minimum variance linear estimator) of © onto the linear subspace
spanned by the components of y is given by

Elz|y] =250y (2:2.5)

where T denotes the Moore-Penrose pseudoinverse.® The (residual) error vector has
covariance matrix,

A=Var(z —Efz | y]) = Z5 — B4y T} By (2.2.6)

This is the smallest error covariance matrix obtainable in the class of all linear
functions of the data, i.e. A < Var (z — Ay) for any matriz A € R™*™, where the
inequality is understood in the sense of the positive semidefinite ordering among
symmetric matrices.

Proof. Writing the vector z as z = Ay, and invoking the orthogonality condition
(2.2.2) for each component zj, we obtain

E{(z — Ay)y'} =0 (n x m)

which is equivalent to ¥, — AX, = 0. If 3 is non-singular the pseudoinverse is a
true inverse, and (2.2.5) is proven. The case when X, is singular is discussed in the
following two Lemmas.

Lemma 2.2.4. Let rank ¥, = r < m and let the columns of U € R™*" form a
basis for the range space Im ¥y. Then the components of the r-dimensional random
vector v defined by

v=U"y (2.2.7)

form a basis for H(y). The Moore-Penrose pseudoinverse of 3, can be written as
S =vUw's,U)" ' (2.2.8)

3See Section A.3 in the appendix for the definition of the Moore-Penrose pseudoinverse.
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8 Chapter 2. Geometry of Second-Order Random Processes

and does not depend on the particular choice of U.

Proof. Let the columns of U and V form an orthonormal basis for Im 3, and
Ker 3, respectively, and define y,, := U’y and y,, := V'y. Note that T':= [U V]|
is an orthogonal (in particular nonsingular) m X m matrix so that the components
of y, and y, together span H(y). Observe however that

2y, =E[V'yy'V]=V'E[yy'|V = V'S,V =0

i.e. the variance of y, is zero, so that the random vector y,, is also zero. It follows

that ,
U
T/y{v,]y[yg}. (2.2.9)

Since 7" is non singular, H(y) = H(T"y) = H(y,,). Moreover ¥, = U'%,U is non
singular. In fact, w € Ker Yy, le. LyUw = 0 can hold true only when Uw =0
since the columns of U are a basis for the orthogonal complement of ker 3,. But
the columns of U are linearly independent so that w = 0.

Now we check that U(U'S,U)~*U’ is the Moore-Penrose pseudoinverse of X,
Using the property of the pseudo-inverse, [T~'AT ! = TATT’, we see that

t
/ ’ T
ul = T’[‘U/,}Ey[U viT TH‘U/,]Zy[U Vﬂ T =
T r
vs,u 01, s, ol[Uu ]
A R R G R S R

UU's,U)" v’
and this concludes the proof of the lemma. [

Using the generators (2.2.7) we can now reduce the general singular covariance
case to the nonsingular one. In this case (2.2.5) yields

Elz |yl =E[z|v] = 2,5, Uy = 2, US; Uy

and by (2.2.8) the general formula (2.2.5) follows.

The formula for the error covariance follows easily from the orthogonality con-
dition. For what concerns the minimum matrix variance property of the estimator,
we readily see that for arbitrary A € R™*™, one has

Var (z — Ay) =Var(x —Ez |y| + E[z | y] — Ay) = A+ Var (E [z | y] — Ay)

as E [z | y] — Ay has components in H(y) and hence is (componentwise) orthogonal
to x — E[z | y]. From this the minimum property is obvious. O

Since in the Gaussian (zero-mean) case the conditional expectation E[z

| y]
is a linear function of y, for Gaussian vectors the orthogonal projection (2.2.5

)
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2.2. Orthogonal projections 9

coincides with the true conditional expectation. Note that in this case, among all
square integrable functions of the data, the best, for the purpose of mean-square
approximation of z, turns out to be linear.

Facts about orthogonal projections

Below we shall list some useful technical facts about orthogonal projection oper-
ators. Henceforth the symbol EXY will denote the closure of {EXn | n € Y}.

Lemma 2.2.5. Let A and B be orthogonal subspaces of a Hilbert space H. Then

EA®BA=EAN+EB), AcH (2.2.10)

Lemma 2.2.6. Let A and B be subspaces of a Hilbert space H. Then
A=E*BaANnB! (2.2.11)

where B+ is the orthogonal complement of B in any space containing A V B.

Proof. Set C := A © EA B. We want to show that C = AN BL. Let o € A and
B3 € B. Then, since (5 — EA B) LA,

(o, E* B) = (a, B)

so that @ L. EA B if and only if o« L B. Consequently C = ANB< as claimed. [

Let A and B be subspaces of H. Consider the restricted orthogonal projection
EAB:B— A, (2.2.12)

mapping a random variable £ € B into its orthogonal projection on the subspace
A.

Lemma 2.2.7. Let A and B be subspaces of H. Then the adjoint of E* B is
EB |a; ie.,
(E*|B)* =EB|a. (2.2.13)

Proof. Follows since
(O‘a EA ﬁ) = (a’ B) = <EB «, ﬁ)
forala e Aand 5 €B. O

Let the Hilbert space H be equipped with a unitary operator U : H — H.
An important special case of the restricted projection operator EB |a occurs when
B is a U-invariant subspace and A is a U*- invariant subspace of H; for example,
the future and past subspaces at time zero of a stationary process y; see (2.5.4). In
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10 Chapter 2. Geometry of Second-Order Random Processes

this case the operator EB |a is called a Hankel operator. This kind of operator will
play a major role in this book.

Lemma 2.2.8. Let U be a unitary operator on a Hilbert space H. Then we have
UEY¢=EYYU¢, ¢cH (2.2.14)
for any subspace Y C H.

Proof. By the orthogonal projection lemma, h := E[U¢ | UY] is the unique
solution of
{Us—hUy)=0 yeY

which is equivalent to saying that U*h is the unique solution of (¢ — U*h,y) = 0
for all y € Y. Therefore U*h = E[¢ | Y| and this proves the lemma. 0O

2.3 Angles and singular values
Let A and B be two subspaces of a Hilbert space H. Since the number

p:=sup{{e,B) |a €A, BB, |af=1, 3] =1}
l{a, B)]
At e A B
Sup{HaH I |la€e A, 3B}

is always between zero (when A and B are orthogonal) and one (when A and B
have a nonzero vector in common), there is a unique v := v(A,B), 0 < v < /2,
such that p = cosy. The number (A, B), is called the angle between the two
subspaces A and B.

Now, since (a, 5) = (E® o, 8) < ||[E® o|l[|3]),

IE® o

p < sup = | E®|all.
aca |l
However,
[EPo] _WEPaERa) o [(EPad)
aca ol oca lall[EBall  ~ aea pen lalllBll ’
and therefore
p=cosy(A,B) = | EP|al = | E* ]|, (2.3.1)

where the last equality follows by symmetry or from Lemma 2.2.7.

This is just part of a more general circle of ideas involving the principal angles
between the subspaces || EB |4 || and the singular value decomposition of the operator
| EB |al|. In this book, we shall often consider operators EB |5 of finite rank (i.e.,
finite dimensional range space), which is special case of a compact operator. Recall



2.3. Angles and singular values 11

that a compact operator * T : H; — H, is an operator that maps a bounded set
into a compact set; i.e., for every bounded sequence (Ag)$° in Hj, the sequence
(T'A)$° has a convergent subsequence in Hy; see e.g. [2, 23].

If T: H — Hs is compact, T*T : Hy — H; and TT* : Hy — H> are
compact, self-adjoint and positive operators. In particular, 7*T has an orthogo-
nal sequence (uy,us,us,...) of eigenvectors that span (ker7)* and which can be
extended® to ker T to form a complete orthonormal sequence in H;. We number
the eigenvectors so that the corresponding eigenvectors, which must be real and

nonnegative, are in nonincreasing order, repeated according to multiplicity. Hence,
T*Tuy = ogug, k=1,2,3,...,
where
oy 2022032 20. (2.3.2)

For o) > 0, set v := U;lTuk. Then
T*v, = opug, Tup =okve, k=1,2,3,.... (2.3.3)

The pair (ug,vg) is called the Schmidt pair for T corresponding to the singular
value oy. Clearly,
TT*Uk:UkUk, k:1,2,3,...,

so T*T and TT* have identical eigenvalues. The eigenvalues (v1, va,vs,...) form
a sequence of orthonormal eigenvectors that span rangeT = (ker 7*)* and can be
extended to a complete orthonormal sequence in Hs. For further details, see, e.g.,
[12, 132], where proofs of the following theorem can also be found.

Theorem 2.3.1 (Singular value decomposition). Let T : H; — Hjy be a
compact operator from the Hilbert space Hi to the Hilbert space Ho with singular

values (2.3.2) and Schmidt pairs (ug,vi), k =1,2,3,.... Then o — 0 as k — oo,
and
—+o0
Tx = Zak (x,up) vy, « € Hy, (2.3.4)
k=1

which should be interpreted in the sense that the finite rank approximants

n
T, = de<-,vk> Uk (2.3.5)
k=1
converge to T as n — oo, both in the strong and in the uniform operator topology.
Moreover, setting Ty = 0, the approximation error is given by
IT - Tl = min IT — R = ot (2.3.6)
R : H1 — Hg,
rank R <n
4In the Russian literature a compact operator is called completely continuous.
5Provided the Hilbert space is separable, which is a standard assumption in this book.
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12 Chapter 2. Geometry of Second-Order Random Processes

form=0,1,2,.... In particular,

o1 = |T]. (2.3.7)

In view of (2.3.1), we have in particular the following corollary.

Corollary 2.3.2. The singular values of the operator EB |a belong to the interval
[0,1]. In particular, o1 = p = cosy(A,B).

In this setting, with 7 := EB |5, the normalized eigenvectors (uy, ug, us, . ..)
and (v1,v2,vs,...) are called the principal directions of the subspaces A and B, and
ay, 1= arccos oy, the k-th principal angle. Using the approximation property (2.3.6),
it can be shown that ¢,11 = cosay,+1 is the solution of the following minimization
problem

On+1 = (Unt1, Ung1) = pomax {(u,v)} (2.3.8a)
subject to:
(u,upg) =0 k=1,...,n
(vyo) =0 k=1,...,n (2.3.8b)
]l = flogl = 1

which is a generalization of the well-known Rayleigh quotient iteration of linear
algebra. A proof for the finite-dimensional case can also be found in [41, p.584].

In the statistical literature, where A and B are spaces of random variables,
01,09,03,... are also called canonical correlation coefficients and (u1,us,us,...)
and (v1, va,vs,...) the canonical variables. As it will be seen in the following, these
notions play an important role in various problems of model reduction, approxima-
tion and identification of stochastic systems. We shall embark in a detailed study
of these concepts in Chapter 11.

Canonical correlation analysis

Canonical correlation analysis (CCA) is an old concept in statistics. Given two
finite-dimensional subspaces A, B of zero-mean random variables of dimension n
and m, one wants to find two orthonormal bases, {u1,...,u,} for A and {v1,..., v}
for B, such that

E{ugv;} =opdr;, k=1,...,n,j=1,...,m.

This is the same as requiring that the covariance matrix of the two random vectors
w:= (u1,...,u,) and v := (v1,..., vy ) formed from the elements of the two bases,
be diagonal; i.e.,

g1 0 0 ... 0
0 g9 0 ... 0
E{uw'} = | : o
0 o 0
0 O 0 0
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2.3. Angles and singular values 13

where r < min(n, m). Moreover, one requires that o1, 09, ..., o, be nonnegative and
ordered in decreasing magnitude. That two such orthonormal bases always exist
follows from the singular value decomposition of the projection operator EB (A,
which we have just encountered in Section 2.3. Choosing the principal directions u
and v of EP |a as orthonormal bases in A and B, respectively, (2.3.3) yields

EBu, = opv, k=1,2,.. .min(n,m),
from which it follows that
(ur, vj) = (B u, v;) = ox(vk, vj) = 00k,

and hence the bases have the required properties. Uniqueness is guaranteed when

and only when the singular values 01,02, ..., Onin(n,m), Which in this context are
called canonical correlation coefficients, are distinct. The variables (ug,...,u,) and
(v1,...,0m) are called the canonical variables..

We have introduced canonical correlation analysis in a coordinate-free setting,
but one could also work with a matrix representation of the operator EB |a. To this
end, choose an arbitrary pair of bases x,y in A and B, respectively, Then, choosing
an arbitrary £ = a’x € A, Proposition 2.2.3 yields

EBe=4d E{xy’}A;ly, A, = E{yy'}.

and therefore the representation of EB | o in the chosen bases amounts to the matrix
multiplication o’ — o/ E{zy'}A; " from the right. Note, however, that in order to
express the inner product of random elements in A, B in terms of their coordinates,
we must introduce appropriate weights to form the inner products in the coordinate
spaces. In fact, the inner product of two elements & = alx € A, i = 1,2, induces
in R™ the inner product

{ay, az)p, = ajAzas, A, = E{za'}.

Similarily, there is an inner product (by,b2)a, := bjAyby corresponding to the basis
y for B. To obtain the usual Euclidean inner product in R™, the bases need to be
orthonormal, and it is only in this case that the matrix representation of the adjoint
EA | is the transpose of the matrix representation of EB | 4.

The canonical variables and the canonical correlation coefficients can be com-
puted by the following sequence of operations. Let L, and L, be the lower triangular
Cholesky factors of the covariance matrices A, and A,, respectively; i.e.,

LyLy=A,,  LyL,=A,

and let
vy =L, w, vy 1= L;ly (2.3.9)

be the corresponding orthonormal bases in A and B respectively. Then,

EBdv, = a' Hy,
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14 Chapter 2. Geometry of Second-Order Random Processes

where H is the n x m matrix
H = E{v,} = L; B{ay }(L})""
The canonical variables are then obtained from the singular value decomposition
H=UxXV', vv' =1, VV =1I,

as
! !
u=U'v,, v=Vy.

The canonical correlation coefficients of the subspaces A and B are the singular
values of H; i.e., the nonzero elements of X.

2.4 Conditional orthogonality

We say that two subspaces A and B of a Hilbert space H are conditionally orthog-
onal given a third subspace X if

(a —EXa,—EXpB)=0 forallac A, cB (2.4.1)

and we shall denote this A L B | X. When X = 0, this reduces to the usual
orthogonality A 1 B. Conditional orthogonality is orthogonality after subtracting
the projections on X. Using the definition of the projection operator EX, it is
straightforward to see that (2.4.1) may also be written

(EXa,EXB) = (a,8) forallac A, € B. (2.4.2)
The following lemma is a trivial consequence of the definition.

Lemma 2.4.1. If A 1 B | X, then Ag L Bg | X for all Ag C A and By C B.

Let A @ B denote the orthogonal direct sum of A and B. If C = A & B,
then B = C & A is the orthogonal complement of A in C. There are several useful
alternative characterizations of conditional orthogonality.

Proposition 2.4.2. The following statements are equivalent.
(i) ALB|X
(i) BLA|X

i) (AvX)LB|X

(iii

(AVX)eX LB

(v

)
)
)
(iv) EAYX* 3 =EX* 3 forall 3B
)
)

(vi) EAB3 =EAEX3 forall 3 B
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Proof. The equivalence of (i), (ii) and (iii) follows directly from the definition.
Since (8 — EX 3) L X, the conditional orthogonality (2.4.1) may be written

(0, B—EXB)=0 forallac A, 3¢ B. (2.4.3)
Hence (iii) is equivalent to (6 — E* 8) L AV X, i.e.
EAYX(—EX3) =0 forall §eB,
and hence to (iv). Moreover, (2.4.3) is equivalent to
EA(B-EXB)=0 forall 3eB,
i.e. to (vi). Finally, set Z := (AVX)&X. Then AVX =X®Z,ie.
EAVX3=EX3+EZ3 forall 3 cB.

Hence (iv) is equivalent to EZ 3 = 0 for all 3 € B, i.e. Z L B, which is the same as
(v). O

Next we give an important example of conditional orthogonality.

Proposition 2.4.3. For any subspaces A and B,
A 1 B|EAB. (2.4.4)

Moreover, any X C A such that A L B | X contains E* B.

Proof. If X C A, by Proposition 2.4.2 (v), A L B | X is equivalent to A©X 1 B
or, which is the same, to
AoX CANB-

But, in view of Lemma 2.2.6,
ASEAB=ANB.
Consequently (2.4.4) holds, and EAB c X for all X such that A 1 B [X. O
The distributive law
XNA+B)=(XNA)+(XNB) (2.4.5)

is of course not valid for arbitrary subspaces X, A, and B but holds only in very
special situations. See for example Proposition A.2.1 in Appendix A.2. However,
(2.4.5) is always true when A L B | X. In fact, this is a corollary of a more general
result.

Proposition 2.4.4. Let A1, Ao, ..., A, and X be subspaces such that

A; L A;| X forall (i,7) such that i # j. (2.4.6)
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Then

XNA1+Az+-+A,)=XNA)+ (XNA)+...(XNA,). (2.4.7)

Proof. First note that
XNA1+As+---+A,) D (XNA))+(XNA)+...(XNA,)
holds trivially. To prove the reversed inclusion, note that any
EeXnNAr1+Axy+---4+A))

can be written as
§=&+ &+ + &,

where &, € Ak, k=1,2,...,n. We need to show that £ € X, k=1,2,...,n. To
this end, note that

(& -EX&)=¢-EX¢=¢—¢=0.

M=

~
Il

1

But, in view of (2.4.6),
(61-E%&) L(&-E &) L L (& —E* &),

amdhemcefk—EX«f;C =0fork=1,2,...,n,implying that {;, € Xfork=1,2,...,n.
d

Generalizing the definition given at the beginning of this section, shall say
that Ay, As,..., A, are conditionally orthogonal given X if (2.4.6) holds, and we
shall denote this

Ay LAy 1L --- 1A, X

2.5 Second-order processes and the shift operator

A stochastic process y is an ordered collection of random variables y := {y(t)}, all
defined in the same probability space. The time variable ¢ will in general be discrete
(t € Z), but occasionally we shall discuss also continuous-time processes (¢t € R).
A generic symbol used for the time set will be T. Typically we shall deal with
discrete-time processes in this book, modifications to continuous time usually being
straightforward. Whenever the modifications needed to carry the results over to
continuous time case are nontrivial, we shall discuss this case separately.

The random variables y(¢) could take values in either R or C, in which case
we shall talk about a scalar (real or complex) process, or, more generally, y(t) could
be vector-valued, taking values in R™ or C™. In this case we shall write y(¢) as
a column vector. In this book we shall normally consider real vector valued, say
R™-valued, processes, just referring to them as “m-dimensional processes”.
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2.5. Second-order processes and the shift operator 17

The objective of this book is to study dynamical descriptions of stochastic
processes by means of linear models and to understand the statistical problems of
process estimation and identification in this framework. For this, it will normally
suffice to assume that the only available statistical description of the process consists
of the mean m(t) ;== Ey(¢), t € T and the covariance function

A(t,s) == E{[y(t) — m@®)][y(s) — m(s)]"}, t,seT. (2.5.1)

where * denotes conjugate transpose. A covariance function is a function of positive

type in the sense that
N

> ajA(te, tj)a; >0 (2.5.2)
k,j=1
for arbitrary vector coefficients ay € C™ and all finite choices of ¢1,...,ty.

On a given space {2, A} one can define an equivalence class of random pro-
cesses having prescribed first and second-order moments. This class is normally
called a second-order process. A second order process contains in particular a Gaus-
sian process, whose probability law is uniquely determined by the given moments.
As the mean m(t) is known for all ¢, it can be subtracted from the y(t), so without
loss of generality, second order processes may be assumed to have zero mean. In
what follows we shall adhere to this convention. Also the attribute “second-order”
will be omitted hereafter.

Consider the vector space linearly generated by the scalar components of an
m-dimensional processes y := {y(t); t € T}, i.e., the vector space of all real random
variables which are finite linear combinations (with real coefficients) of these scalar
components. This space is a vector space contained in L?($, A, P), which we shall
denote span{y(t); t € T}. At first sight, this notation may be a bit misleading; note
that the intended meaning is

span{y(t);t € T} := {Z ayy(t) |t €T, ap € R™}. (2.5.3)

where, in the sum, all but a finite number of vector coefficients a; are zero. Closing
this vector space in L2(2, A, P), i.e., adding all limits in mean square of fundamental
sequences, we obtain a Hilbert space denoted

H(y) = span{y(t) [ t € T}.

This space contains all scalar random variables which depend linearly on the random
variables of y. The space H(y) is called the Hilbert space (linearly) generated by the
process y.

In discrete time, the Hilbert space H(y) is separable, as it admits a countable
dense set by construction. In continuous time, H(y) is separable if the process y is,
say, continuous in mean square, in which case {yx(r) | k = 1,...,m, r rational} is
a countable dense set of random variables..

The past space and the future space at time t, H; (y) and H; (y), respectively,
are the subspaces of H(y) constructed from the past and the future histories of the
process respectively, i.e.,

H, (y) :=span{y(s) | s <t} H/(y) :=span{y(s) | s > t} (2.5.4)
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18 Chapter 2. Geometry of Second-Order Random Processes

According to a widely accepted convention, in discrete time the present is included
in the future only and not in the past. Other choices are of course possible, but the
condition

H; (y) VH/ (y) = H(y), forallt

must be respected.

For a continuous-time process that is continuous in mean square, it makes no
difference whether or not the present random variable y(t) is included in the defini-
tions of past and future, since y(¢) is a limit of past (or future) values (lim,_: y(s) =
y(t)), Indeed, {y(s) | s < t} and as {y(s) | s < t} generate the same subspace, as
do {y(s) | s >t} and {y(s) | s > t}.

Although H; (y) is monotonically increasing in ¢, and H; (y) is monotonically
decreasing, the past and future subspaces of an arbitrary process can vary abruptly
with time. In fact, there are scalar mean-square continuous processes y for which
H; (y) = 0 and for which the germ space

g?HQWMzrkaaJw-

is infinite-dimensional. (See [?] for an example.) This cannot happen for stationary
processes, which we shall consider next.

Stationarity

The process y is said to be wide-sense stationary if the covariance matrix (2.5.1) is a
function of the difference, t — s, of the arguments. With a slight abuse of notations,
we shall write

A(t,s) = At — s).

In the following we shall write simply “stationarity”, omitting the attribute “wide
sense”. If y is a stationary discrete-time process, one can define a linear isometric
operator U : H(y) — H(y), called the shift of the process y, such that

Uyr(t) =yp(t+1), t€Z k=1,...,m.

More pecisely, for both discrete-time and continuous-time processes, the forward
shift of t units of time, Uy, t € T, is first defined on the subset Y := {yi(t); k =
1,2,...,m, t € T} by setting

Uwyr(s) :=yk(s+t), k=1,...,m. (2.5.5)
Then, by stationarity, we have

(UL, Um) = (§,m) Emey, (2.5.6)

i.e., U; is isometric. Hence, U; can be extended to the closure H(y) by continuity
(see Theorem A.1.5 of Appendix A.1). In fact, it is clear that the extended operator
U; maps H(y) onto itself. Hence Uy is a unitary operator on H(y) and the adjoint,
U}, satisfies the relations

Uu,=0U0; =1.
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2.5. Second-order processes and the shift operator 19

That is, U; is invertible, and U; = U;”'. In particular,
Ufyr(s) = yp(s—1t), t,seT, k=1,...,m.

ie., U; is the backward shift.

In conclusion, the family {U; | t € T} is a group of unitary operators on the
Hilbert space H(y). In discrete time this just means that U, = U? for all t € Z, U
being the shift of one step ahead in time. In continuous-time, to avoid pathologies
it is normally assumed that the stationary process {y(t); ¢ € R} is mean-square
continuous. Then, it is easy to show that

}im Ui = U, forall € € H(y).

This property is just strong continuity in H(y). The shift of a continuous-time
mean-square continuous process, is therefore a strongly continuous group of unitary
operators on the Hilbert space H(y).

Estimation and modeling of stationary processes on infinite or semi-infinite
time intervals, naturally involve various linear operations on the random variables
of the process which are time-invariant, i.e. independent of the particular instant
of time chosen as the“present”. In this context, one may fix the present instant of
time to an arbitrary value, say t = 0. Whenever needed, one can shift to any other
time instant by merely applying the unitary operator U; to the data.

In particular, the future and past subspaces of the process will normally be
considered at time ¢ = 0 and denoted simply H'(y) and H™(y). Then, for an
arbitrary present instant ¢, we have

H/ (y) = UH"(y), H; (y) =UH (y).

As we have noted, H; (y) is decreasing with ¢ while H; (y) is increasing in time.
This, together with stationarity, is an important property of the future and past
subspaces that can be expressed as an invariance relation for the shift and its
adjoint, namely

UH*(y) c H'(y), U'H (y) C H (y). (2.5.7)

Shift-invariant subspaces have been studied intensively in operator theory and have
nice analytic characterizations. We shall return to this in more detail in Chapter 4.
For the moment, we just mention some elementary general facts.

Let U be a unitary operator on a Hilbert space H. A subspace X that is
invariant for both U and U* is said to be doubly invariant for U. Trivial examples
of doubly invariant subspaces are the zero space and the whole space H(y). An
invariant subspace X is called reducing if there is a complementary subspace Y,
i.e., H= X +Y, which is also invariant. The following result follows from Lemma
A.1.6 of Appendix A.1.

Lemma 2.5.1. Let U be a unitary operator on a Hilbert space H. Then X is
doubly invariant if and only if so is X+ and the orthogonal sum X &X' is reducing
for both U and U*.
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20 Chapter 2. Geometry of Second-Order Random Processes

As a simple example, the subspaces H(yr), & = 1,...,m generated by the
scalar components y; of a stationary process, are doubly invariant for the shift of
the process.

2.6 Conditional orthogonality and modeling

Conditional orthogonality is a concept related to that of sufficient statistic and has
to do with modeling and data reduction. Below we shall discuss a few examples.

The Markov property

The Markov property is just the mathematical formalization of the idea of state,
in a stochastic setting. It will play a crucial role later, in the study of stochastic
systems.

Suppose we have a time-indexed family of subspaces {Xy; ¢t € T} of a common
ambient Hilbert space H, and define the past and the future of the family at time ¢
as

X; :=span{Xy; s <t}, X, :=span{Xy; s>t} (2.6.1)

We shall say that the family {Xy; t € T} is Markovian® if, for every t € T, the
future and the past are conditionally orthogonal given the present, i.e.

X; LX) X, (2.6.2)
which can be written also in the two equivalent ways
EX A=EX* X forall A e X/, (2.6.3a)

EX =EXy forall pe Xy (2.6.3b)

Note that in this notion past and future play a completely symmetric role.
A stationary Markovian family propagates in time by a unitary shift, {U;},
ie.
Xt+s = USXt7 ta seT

In this case we may simplify notations denoting Xy as X and denoting past and
future of the family at time zero by X~, X respectively. We shall also let

H:= tht

play the role of ambient Hilbert space.

As for deterministic dynamical models, one expects that the state property
should lead to some kind of “local description” of the time evolution of the family
(like for example a differential equation for deterministic systems in continuous
time). In the following we shall study the local description of Markov processes in
discrete time, and hence U; = U?, where U is the unit shift.

6Here, to conform with the standard terminology in the literature, we should add the attribute
“wide sense”, but since we shall never talk about “strict sense” properties in this book, we shall
refrain to do so.
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2.6. Conditional orthogonality and modeling 21

It follows from property (v) of Proposition 2.4.2 that for a Markovian family
X" =XgXHt Xt=XoX")* (2.6.4)

so that we have the orthogonal decomposition
H=XNteXo X))+ (2.6.5)

Now, X~ is invariant for {U; | t > 0}, a semigroup of unitary operators, which
we shall call the left (or backward) shift. Dually, XT is invariant for the right (or
forward) shift semigroup {U; | t > 0}. It follows from Lemma A.1.6 that (X*)* is
an U/-invariant subspace of X~ and hence its orthogonal complement X in X~ is
invariant for the adjoint, {7} | t > 0}, of {U; | t > 0} on X~. This adjoint is a
semigroup which is no longer unitary, called the compressed right shift, which can
be easily seen to admit the representation

T,: X~ =X, ¢—-EX Usg, t>0

We can now give the following characterization of the Markov property in terms of
semigroups and invariant subspaces.

Proposition 2.6.1. The family of subspaces {X¢, t € Z} generated by a unitary

group
X, =UX, teZ

is Markovian if and only if X is an invariant subspace for the compressed right
shift, namely

EX Ulx = E*Ux. (2.6.6a)

Equivalently, {X:} is Markovian if and only if X is an invariant subspace for the
left shift compressed to X, namely

EX' U |x = EX U |x. (2.6.6b)

The characterizations (2.6.6) are rather obvious from a statistical point of view
and are an equivalent formulation of properties (2.6.3). Stated in the semigroup
language, these characterizations will be used later in this book for obtaining explicit
functional representations of stationary Markov processes.

In the discrete-time setting, it is useful to define the shift U := U;. Then the
map U(X) := EX Uix is called the generator of the Markovian family. Using the
relation (2.2.14), it is easy to check that

U(X) :=E* Ullx =E* U""'UuX)=---=UX)!, t>0 (2.6.7)

so that {U(X) | t > 0} is a semigroup with generator U(X). An analogous property
holds for the adjoint.
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22 Chapter 2. Geometry of Second-Order Random Processes

There is a difference-equation representation of such a stationary Markovian
family. This evolution equation will be further discussed and generalized in Chapter
8, so we shall not go into too much detail here.

Define the subspaces

V,=UX; eX;

representing the “new information” carried by X;41 which was not already con-
tained in X; . The subspaces {V} are stationary and by construction

V, LV, s#t (2.6.8)

Theorem 2.6.2. For any random variable £ € X, the stationary translate {(t) =
Ui& evolves in time according to a linear equation of the type

Et+1)=UX)ER) + ve(t), te (2.6.9)

where {ve(t) € Vi, t € Z} is a stationary sequence of orthogonal random variables
(white noise).

Proof. By Lemma 2.2.5,
Et+1) =EX UL(t) + BV £(t + 1) = UX)E(E) + ve(t).
By (2.6.8), {ve(t)} is a stationary sequence of orthogonal random variables. 0O

This geometric theory accommodates the study of infinite-dimensional Markov
processes. In fact, given a Markov process {x(t); t € T} that takes values in a
separable Hilbert space X, the subspaces

X, :=span{(a,z(t))x |a e X}, teT (2.6.10)

is a Markovian family. This leads naturally to the next example.

Stochastic dynamical systems

A fundamental concept in this book is the notion of stochastic system.

Definition 2.6.3. A stochastic system on H is a pair (x,y) of zero-mean stochastic
processes {x(t); t € T} and {y(t); t € T}, taking values in a real separable Hilbert
space X and R™, respectively, such that X, t € T, defined by (2.6.10), and H(y)
are contained in H and

(Hy (y) VXy) L (Hf () VX)) [ Xy, teT, (2.6.11)

where X, and X are defined by (2.6.1). The processes x and y are called the state
process and output process, respectively, and X; is the state space at time t. The
stochastic system is finite-dimensional if dim X < oo.
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2.6. Conditional orthogonality and modeling 23

In particular, (2.6.11) implies that, for each t € T,
H; (y) L H (y) | X (2.6.12)

That is, X; is a splitting subspace with respect to the past space H, (y) and the
future space H; (y). Moreover,

X, LX) X, (2.6.13)

In other words, {X;; ¢ € T} is a Markovian family and, equivalently, {x(¢); ¢t € T}
is a Markov process.

We shall say that two stochastic systems are equivalent if, for each t € T, their
output processes agree a.s. and their state spaces are the same.

As an example, we consider discrete-time stochastic systems with T = Z,.. To
this end recall that a normalized white noise w is a sequence of orthogonal random
vectors with a unit variance; i.e.,

I ifs=t

) (2.6.14)
0 if s#t.

E{w(t)w(s)'} = I[§;s := {

Theorem 2.6.4. Suppose that T = Z. Then, all finite-dimensional stochastic
systems have a representation of the type

{x(t +1) = A@t)x(t) + Byw(t), x(0) = o, (2.6.15)

y(t) = CB)z(t) + D(Hw(t),

where {A(t), B(t),C(t), D(t);t € T} are matrices of appropriate dimensions, xo a
zero-mean random vector, and w a normalized white noise that is orthogonal to xg.
Conversely, any pair (z,y) of stochastic processes satisfying (2.6.15) is a stochastic
system.

Proof. Let (z,y) be a stochastic system with T = Z,; and the state process x

taking values in R™. We shall first prove that (x,y) has a representation (2.6.15).
To this end, first note that

[x(;(t)l)} _ pHI (VX[ {w(;g)l)] LR VXD [z(;(t)l)] _ (2.6.16)

Now, in view of (2.6.11) and Proposition 2.4.2,
EHe VXS N — XX forall A € HY (y) vV X,

and consequently there are matrices A(t) and C(t) such that

EH: (VXL {x(gj(—;)l)] - [A(t)] z(t).
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The second term in (2.6.16) is an orthogonal sequence and can be normalized to a
normalized white noise w so that

BH VX)) {x(gj(j;)l)] -~ [gg] w(t),

where B(t) and D(t) are matrices such that [gg;] has full rank. Hence (x,y)

satisfies (2.6.15), as claimed. It remains to prove that zo L H(w). Since however

[ggﬂ has full rank, w(t) € (H; (y) vV X; )t for all t € Z,, and hence 2o L H(w).
Conversely, suppose that (z,y) satisfies (2.6.15). For each ¢t € Z,, set X; :=
span{ad’z(t) | a € R}. Since w is a white noise process and xy L H(w), the space
Xo ® H™ (w) is orthogonal to H¥(w), which, in view of Proposition 2.4.2(v), is
equivalent to
(Xo & H(w)) L (H*(w) & X,) | X,.

However, from (2.6.15) it is easy to see that H™ (y) V X~ C Xo & H™ (w) and that
H*(y) v X ¢ HY(w) ® X4, and hence (2.6.11) holds (Lemma 2.4.1). Therefore
(x,y) is a stochastic system. 0

Similar results hold for continuous-time processes and for stationary processes
defined on the whole real line. This is a major topic in Chapters 6, 8 and 10.

Factor analysis

A (static) factor analysis model is a representation

y=Azx +e, (2.6.17)
of m observable variables y = [y1 ... Ym |, having zero-mean and finite variance,
as linear combinations of n common factors x = [x1 ... x, ], plus uncorrelated
“noise” or “error” terms e = [ey ... e, ]". The m components of the error e should

be zero-mean and mutually uncorrelated random variables, i.e.
Yo = E{ze’} =0, (2.6.18a)

A :=Eee = diag{o?,...,0%}. (2.6.18b)

The purpose of these models is to provide an explanation of the mutual interrela-
tion between the observable variables y in terms of a (hopefully) small number of
common factors. In this respect, setting

9 = a,zx, (2.6.19)
where a] is the i-th row of the matrix A, one has exactly

E{yiy;} = E{9:9;}, (2.6.20)
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for all i # j. In other words, the predictions of the y;’s based on the factor vector
have the same mutual correlation as the observed variables y;. Clearly this property
is equivalent to

(eis i) =(vi — Ui, yj —95) =0, i#]
which, in view of (2.4.1) just conditional orthogonality of {y1,...,Ym}, given . We
define this concept formally below.

Definition 2.6.5. The random variables {yi,...,ym} are conditionally orthogonal
given z if for all i # j we have y; L y; | x.

It is rather easy to see that y admits a representation of the type (2.6.17) if
and only if {y1,...,ym} are conditionally orthogonal given z.

The property of making {y1, ..., ym } conditionally orthogonal, is really a prop-
erty of the subspace of random variables linearly generated by the scalar components
of the vector x

X :=span{zg, k=1,...,n} (2.6.21)

which we shall call the factor subspace of the model. A factor subspace X makes
the components of y conditionally orthogonal given X. The variables ¢; are then
just the orthogonal projections ¢; = Ely; | X].

Introducing a matrix A+ such that A A = 0 one can eliminate the factors
from the model (2.6.17), obtaining an “external” description in terms of the “true”
(unmeasurable) variables § and the additive errors €, of the following type

Atg=0, y=q+e (2.6.22)

which is called an errors in variables (EIV) model. The study of models of this type
in the statistical literature goes back to the early years of the twentieth century.

A factor subspace may be unneccessarily large just because it carries unnec-
essary random variables which are uncorrelated (i.e. orthogonal) to the variables y
to be represented. This redundancy can be eliminated by imposing that X satisfies
the “non-redundancy” condition X = X where

X =span{E[y; | X];i=1,...,m} =EX*Y (2.6.23)

or, equivalently X = span{[Ax];; ¢« = 1,...,m}. Since, by Lemma 2.2.6, X =
X @ (XNY"'), we have Efy; | X] = Efy; | X] and hence an arbitrary factor
space X can always be substituted by its non-redundant subspace X preserving the
conditional orthogonality property. From now on, we shall assume that condition
(2.6.23) is satisfied.

Any set of generating variables for X can serve as a common factor vector. In
particular it is no loss of generality to choose the generating vector x of minimal
cardinality (a basis) and normalized, i.e.

E{zz'} =1, (2.6.24)

which we shall do in the following. We may then call n = dim = dim X the rank
of the model. Obviously by virtue of condition (2.6.23), for a model of rank n we
automatically have rank A =n as well (i.e. A will always be left invertible).
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Two factor analysis models for the same observable y, whose factors span the
same subspace X will be regarded as equivalent. The convention for the choice
of generators implies that two equivalent factor analysis models will have factor
vectors related by a real orthogonal transformation matrix.

The common factors are nonobservable quantities (also called latent variables
in the econometric literature) which, although representing the same output vari-
ables y, could in principle be chosen in many different ways giving rise to represen-
tations (i.e. models) with different properties and of a different complexity. In the
applications one would like to have models with n < m and possibly have some
idea about the minimal possible number of factors necessary to represent y. Models
with a minimal number of factors correspond to factor subspaces X of minimal
dimension. These models will be called minimal henceforth.

It is known that there are in general many (in fact infinitely many) minimal
factor subspaces for a given family of observables {y1,...,ym}. Hence there are
in general many nonequivalent minimal factor analysis models (with normalized
factors) representing a fixed m-tuple of random variables y.

For example, by choosing for each k € {1,...,m}, as a factor the m — 1-
dimensional vector © := [y1 ... Yk—1 Yk+1 - - - Ym | , One obtains m “extremal” mod-
els called elementary regressions, of the form

yr = apr + ep (2.6.25)

Ym =10...1]z+0

where @) = Ey,2/(Exza’)~!. Note that in each elementary regression model there
is just one nonzero element in the error variance matrix A. Clearly, the elementary
regression (2.6.25) corresponds to EIV models with errors affecting only the k-th
true variable.

In this example the factor subspaces are spanned by m—1 observable variables.
A subspace X contained in the data space Y := span{y; ... ym} (i.e. generated by
linear functionals of y) is called internal. Accordingly, factor analysis models whose
factor x is made of linear functionals of y, are called internal models.

Identifiability. The inherent nonuniqueness of factor analysis models brings up
the question of which model one should use in identification. This is called “fac-
tor indeterminacy” (or unidentifiability) in the literature and the term is usually
referred to parameter unidentifiability as it may appear that in these models there
are always “too many” parameters to be estimated. It may be argued that once
a model (in essence, a factor subspace) is selected, it can always be parametrized
in a one-to-one (and hence identifiable) way. The difficulty seems more a question
of understanding the properties of the different possible models, i.e. a question of
classification. Unfortunately, the classification of all possible (minimal) factor sub-
spaces and an explicit characterization of minimality are, to a large extent, still an
open problem.
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2.6. Conditional orthogonality and modeling 27

We shall address here only very superficially the question of identifiability. To
this end, we need to consider the additive decomposition of the covariance matrix
A :=E{yy’} of the observables induced by a factor analysis model, namely

A=AA +A. (2.6.26)

This is called a factor analysis decomposition of A. The rank of the model is also
called the rank of the decomposition.

Note that for any fixed A € ST*™ (the space of m x m symmetric positive
definite matrices), once a diagonal matrix A such that rank {A — A} = n has been
found, the matrix A in the decomposition (2.6.26) is just a full rank factor of A— A,
i.e. an m X n matrix satisfying AA’ = A — A. Such a factor can be rendered unique
by choosing an appropriate canonical form in the equivalence class” of A € R7**"
defined modulo right multiplication by n x n orthogonal matrices. The following is
the main question concerning identifiability.

Hidden rank. What is the minimal n for which a given A admits a factor anal-
ysis decomposition of rank n. This number, n,(A), (often denoted mr(A) in the
literature) will be called the hidden rank of A. Clearly n.(A) < m —1 for all A.
Note that diagonal A’s admit a (unique) trivial factor analysis decomposition of
rank zero. Conditions for A to admit a factor analysis decomposition of rank one
(n«(A) = 1) have been known since the beginning of the 20th century, (in the litera-
ture a positive definite covariance matrix admitting a factor analysis decomposition
of rank one is called a Spearman matriz). The hidden rank question is unsolved.

The decompositions of rank m — 1 are particularly simple to describe. In fact,
the solutions are described in terms of the coordinates {o%,...,02,} in the space
of nonnegative definite diagonal matrices A = diag {0%,...,02,} by the polynomial
equation det(A —A) = 0, subject to the constraint that all principal minors of order
m — 1 of A — A be nonnegative with at least one being nonzero. These algebraic
conditions define a smooth hypersurface (an hyperboloid with concavity facing the
origin) in the positive orthant of R™. Moreover, this hypersurface intersects the
k-th coordinate axis exactly at the value a,% equal to the error variance of the k-th
elementary regressor.

Factor estimation. In identification of a factor analysis model from observed data
there is yet another source of difficulty which has to do with the factor vector. How
does one obtain an estimate of £? This problem is often overlooked in textbooks
because the models most often used are of the “elementary regression” type, and
hence it is known that x is a function of the observed data. For example, the
ARMAX models used in dynamic system identification are of this type, since a
component of the observed variables (the input usually denoted by the letter u)
is treated as a“true” variables with a tacit assumption of no “observation noise”
superimposed. In all internal models the auxiliary variables (say the state variables
in a state-space model, or the white noise input variable in ARMAX models) are
deterministic functions of the observed data (in fact causal functions for innovations-
like models). These functions have known structure depending only on the unknown

"We denote by R7"*™ the space of full rank m X n real matrices.
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28 Chapter 2. Geometry of Second-Order Random Processes

parameters of the model. Estimation of the auxiliary variables is then automatically
accomplished after model-parameter estimation. In more general situations however
this does not happen. When the model is noninternal, the estimation of the auxiliary
variables eventually has to be handled by an appropriate methodology. For most
factor analysis models the factor variables are indeed noninternal.

Proposition 2.6.6. All internal factor analysis models are regressions. All non-
trivial factor analysis models with A > 0 are noninternal.

Proof. To prove the first statement notice that a model is internal if and only if
XN(Y1+Y24+--4+Y,)=X

but by virtue of splitting, the first member is equal to the vector sum X N'Y; +
...+ XNY, (Proposition 2.4.4). Since dim Yy, = 1, either X NY}, is equal to Yy
or is the zero subspace. Hence

X:\/Yk

Y,CX

i.e. X is spanned by a finite number of y;’s, and the model is a regression.
Next, assume x # 0 and internal. Then there is some n X m matrix B such
that x = By. Imposing the orthogonality = 1 e we get

BA(I - AB) =0 (2.6.27)
Moreover by definition of A the matrix B satisfies also
(I - AB)A(I — AB)' = A.
Now, by (2.6.27) this last equation can be rewritten as
AI - AB) =A

which combined again with (2.6.27) yields BA = 0. Since A > 0 it follows that
B must be zero and hence x = 0, the degenerate situation which has just been
excluded. Tt follows that = cannot be a linear function of y. 0O

Estimation of auxiliary variables in factor analysis models may be approached
from the point of view of stochastic realization theory. The following Theorem
describes how to construct the auxiliary variable x starting from the observable
random quantities and from the knowledge of the parameters (A, A) of the struc-
tured covariance matrix of the data.

Theorem 2.6.7. FEvery normalized common-factors vector for the factor analysis
model y = Ax + e, E{ee’} = A, has the form

r=AANty+ 2, (2.6.28)
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2.6. Conditional orthogonality and modeling 29

where z is an n-dimensional zero-mean random vector orthogonal to Y with covari-

ance [ — A’/A"1A.

Proof. Necessity: let  and e be as in the statement of the theorem. The factor
vector x can be written as the orthogonal sum

r=Ex|Y]+z

where E[z | Y] = A/A~1y and z is the “estimation error” of the vector z based on
y. It is immediate to check that the covariance matrix of z has the required form.

Sufficiency: let x be as stated. Define B := A’/A~! and w := y — Az =
(I — AB)y — Az (so that y = Az + w by construction). We proceed to check that
x | w and that the covariance matrix of w is exactly A. For

E{zw'} = E{(By + 2)((I — AB)y — A2)'} (2.6.29)
— = BA(I - B'A") — (I — BAB")A' = 0. (2.6.30)

Moreover,
E{ww'} = (I — AB)A(I — AB) + A(I — BAB")A' = A — AA" = A,
as claimed. a

In practice we must estimate both the parameters (identification) and the
auxiliary variable x (factor estimation) of the model, starting from the observed
data. In this problem we have both deterministic and random parameters which
must be treated differently. It is actually not obvious how to carry out this program
from first principles.

Causality and feedback-free processes

In the 1960’s there was a long debate in the econometric literature regarding the no-
tion of causality of time series. In mathematical terms, one would like an “intrinsic”
(and testable) definition of when one stochastic process “causes” another.

Let y and u be two vector stochastic processes, which we shall assume jointly
stationary. This property is assumed here for reasons of simplicity but is not needed
in the definition, as the concept applies to much more general situations. In general
one may express both y and u as a sum of the best linear estimate based on the
past and present of the other variable, plus error terms:

y(t) = Ely(@) | Hipy (w)] + (1) (2.6.31a)

u(t) = Elu(t) | Hy, ,(4)] + (1) (2.6.31b)

so that each variable y(t) and u(t) can be expressed as a sum of a causal linear
transformation of the past of the other, plus noise. Here the noise terms are un-
correlated with the past of u and y respectively but may in general be mutually
correlated.
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30 Chapter 2. Geometry of Second-Order Random Processes

To carry on the discussion we shall need to anticipate some of the notions
which will be introduced later on. As it will be explained in Chapter 4, each of the
linear estimators above can be expressed as the output of a linear filter, represented
by a causal transfer function, F'(z) and H(z) respectively, so that the joint model
(2.6.31) corresponds to a block diagram of the type

Figure 2.6.1. Joint model of the signals y and u.

This diagram shows that there is an intrinsic feedback mechanism relating the two
processes. The concept of causality will have to be related to this mechanism.

Following Granger [42], we say that there is no feedback from y to u if the
future of u is conditionally uncorrelated with the past of y, given the past of u itself.
In our Hilbert space framework this is written as

H (u) L Hy (y) | Hy (u). (2.6.32)

Equation (2.6.32) expresses the fact that the future time evolution of the process
u is not influenced by the past of y once the past of u is known. This captures in
a coordinate free way the absence of feedback (from y to u). Taking A = H; (u)
and B = H; (y), condition (iii) of Proposition 2.4.2 shows that the feedback-free
condition is equivalent to Hy (y) L H(u) | H; (u) and hence, by (iv), to E[H; (y) |
H(u)] = EH; (y) | Hy (u)] for all t € Z, so that, using ¢ + 1 instead of ¢, we get in
particular

Ely(t) | H(u)] = E[y(t) | H; 1 (u)] for all t € Z. (2.6.33)

namely, the noncausal estimate of y(¢), E[y(¢) | H(u)|, given the whole history of u,
depends only on the past and present values of the process u and not on its future
history. Equation (2.6.33) can be taken as a definition of causality. In this case, it
is appropriate to call u an input variable as one can interpret u as an exogenous
cause of the evolution of y but not conversely. One says that there is causality from
u to y (or that u “causes” y). If this condition holds, it can be shown that, if there
are no cancellations in forming the transfer function, H = 0 in the feedback loop of
Figure 2.6.1. This is discussed, for example, in [38].
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2.6. Conditional orthogonality and modeling 31

It also follows from 2.6.33 that

ys(t) :==y(t) = E[y(t) | Hy,y ()] = y(t) — E[y(t) | H(u)]
= Ey(t) | Hu)"], teZ (2.6.34)

so that ys(¢) L H(u) for all ¢, i.e. the “causal estimation error” is uncorrelated
with the whole history of the input process u. We shall call the process ys the
stochastic component of y. (In the feedback-free case, this notation is used for the
”estimation error” v of (2.6.31)). Similarly, the stochastic process y4 defined by the
complementary projection

ya(t) .= E[y(t) | H(u)], teZ (2.6.35)

is called the deterministic component of y.
Note that not only do we have H(y) V H(u) = H(ys) ® H(u), but in virtue of
causality,
H; (y) v H(u) = H (y) & H(u) (2.6.36)

for all t. We stress that the stochastic and deterministic components in the decom-
position
y(t) = ys(t) + ya(t) (2.6.37)

are completely uncorrelated, i.e., E{ys(t)yq(7)'} =0 for all t,7 € Z.

If there is no causality, or, equivalently, if there is feedback from y to u, the very
notion of input looses its meaning. In fact, as shown in (2.6.31), the variable wu(t)
is then also determined by a dynamical relation involving the past output process
y, which in turn is now playing the role of an exogenous variable determining w.

Identification in the presence of feedback (and, of course, in the absence of
any other specific information on the feedback loop) is in general equivalent to
identification of the joint process (y,u), in the sense of time-series identification.
Let es(t) be the one-step prediction error of the process ys based on its own past
Hy (ys); ie.,

es(t) = ys(t) — Elys(t) | Hy ()] (2.6.38)

The process e; is the (forward) innovation process of ys.

Proposition 2.6.8. In the feedback-free case, the innovation of the process ys is
the conditional innovation of y given observations of u up to the present time. More
precisely, if (2.6.33) holds, then

es(t) = y(t)
(t)

E{y(t) | Hij, (w) VH (y)} =
E{y(t) | Hy (y) vV H(u)}

Y
Y

Proof. From the first of equations (2.6.34) and the fact that yq(t) L H; (ys), we
have that

es(t) = y(t) — Ely(t) | Hiy,y (w)] = Ely(8) [ Hy (ys)].
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However, H,_; (u)VH; (y) = H, | (u)®H; (ys), and hence, in view of Lemma 2.2.5,
the first of the equations in the statement of the proposition follows. The second

statement follows in the same way from the second equation in (2.6.34) by observing
(2.6.36). O

2.7 Stationary increments processes in
continuous-time

All the concepts introduced in the previous sections for stationary discrete-time
processes have obvious continuous-time counterparts. However, in continuous time,
the notion of stationary process may not be the most interesting concept from
the point of view of applications. Most of the interesting continuous-time signals
in engineering are modeled as “wideband” signals, and often the mathematically
simplest description is a process with a superimposed “white noise” component. For
this reason we shall now introduce the notion of a stationary increments process,
which will allow us to deal rather naturally with this class of objects.

Let z := {2(¢t); t € R} be an m-dimensional continuous-time process defined
on some probability space {2, F, P}. We shall assume that the increments {zj(t) —
zp(s);t,s € R, k =1,2,...,m} have zero mean and finite second moment. If all
covariances

E{(zt(t 4+ h) — zx(s + h))(z;(t) — zi(s))}; t,seR k,j=1,2,....m (2.7.1)

are independent of h, we say that z has stationary increments.
Consider the Hilbert subspace of L?{Q, F, P} linearly generated by the incre-
ments of z

H(dz) :=span{zx(t) — zr(s); t,s e R, k=1,2,...,m} (2.7.2)

It is clear that, if z has stationary increments, the operators Uy, defined, for any
h € R, on a dense subset of H(dz), by

Up(zi(t) — zk(s)) = zi(t + h) — zi(s + h); t,seR k=1,2,....m  (2.7.3)

are isometric, and can be extended to the whole of H(dz) to form a one-parameter
unitary group {Uy; ,t € R}.

In what follows all processes with stationary increments that we shall en-
counter will have increments which are continuous in mean square; i.e. zx(t +h) —
ze(s+h) — zi(t) — zx(s) ash — 0 for all ¢,s € R, k=1,2,...,m. In this case the
unitary group {U;; ,t € R} will be strongly continuous.

Generally speaking, processes with stationary increments are integrated ver-
sions of the random signals which are being modelled, and the only thing of interest
are the increments. For this reason each such process {z(t)} is viewed as an equiv-
alence class defined up to an additive constant random vector zg. This equivalence
class is denoted by the symbol dz. Obviously, in case {z(t)} is differentiable in
mean square, there exists a (mean-square) derivative process {s(t)} for which we
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can write z(t) — z(s) = f: s(7)dr, or symbolically, dz(t) = s(t)dt. It easy to check
that the derivative must be stationary; i.e. s(t + h) = Ups(t). However in general
this will not be the case in many applications of interest. In general, under a very
mild conditional Lipschitz condition, which is discussed in detail in [86], a stationary

increments process admits semimartingale representations of the type,
dz(t) = s(t)dt + Ddw(t) (2.7.4)

where {s(t)} is stationary, D is a constant m x p matrix and dw is a p-dimensional
normalized Wiener process, that is a process with stationary orthogonal increments,
which plays the role of integrated white noise. These processes will be studied in
detail in the next chapter.

2.8 Bibliographical notes

The material of Section 2.2 is standard. Proofs of the orthogonal projection Lemma
can be found in the textbooks [45, 127]. The modern definition of conditional
expectation was given by Kolmogorov in [68], see also [24]. The interpretation as
orthogonal projection operator in L? can be found in the first chapter of [101]. The
role of the Moore-Penrose pseudoinverse (see e.g. [41, p.139]) in the expression of
the conditional expectation of (conditionally) Gaussian random vectors has been
emphasized by [90].

Section 2.3. The singular value decomposition (SVD) for compact operators
is discussed for example in [23, p. 333]; conditions for compactness of the operator
EP |s are discussed in [104]. Proof of Theorem 2.3.1 can be found in [12, 132].
The optimization characterization of the singular values, which generalizes the so-
called Rayleigh quotient iteration in Euclidean spaces, is elegantly discussed in [132,
p.204]. The SVD for finite dimensional operators is now a standard device in linear
algebra. See e.g. [41] and the references therein. The original reference on canonical
correlation analysis is [53].

Section 2.4. Conditional uncorrelation and conditional independence are stan-
dard notions in probability theory. These concepts play a very important role in
modeling and realization of stochastic systems. For this reason they have been
deepened and reformulated in various equivalent ways in the stochastic realization
literature in view of answering basic system-theoretic questions like stochastic min-
imality etc. Proposition 2.4.2 is as formulated in [87].

Section 2.5. Besides Komogorov’s original papers, [67, 65], the classical ref-
erences for the material discussed here are the papers by Cramer [18, 20], who
in particular stressed the notion of multiplicity and its relation with stationarity
[21, 22], Karhunen, [64], Wold [126]. A basic reference for the linear theory of
stationary stochastic processes is Rozanov’s boook [109].

Section 2.6. The operator-theoretic formulation of the Markov property dis-
cussed in this section seems to be originally due to [81]. It plays an important role
in the rest of this book. Theorem 2.6.4 and its proof is taken from [89]. Factor
analysis (and EIV) modeling is an old problem in statistics and econometrics which
has been revitalized in recent years by Kalman [59, 60, 61]. Our discussion here is
based on [9, 8, 72, 73, 106].
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The concepts of causality and its relation to (absence of) feedback between
stochastic processes has been introduced by Granger in [42]. The study of feedback
between stochastic processes has generated a large literature. See for example [16,
38, 3]. That Granger definition of absence of feedback is a conditional orthogonality
(or, more generally, a conditional independence) condition is nearly obvious but does
not seem to have been appreciated in the literature.

Stationary increments processes in continuous time are discussed in Chapter

1 of [39].
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Chapter 3

Spectral Representation
of Stationary Processes

In this chapter we review the so-called spectral representation of stationary pro-
cesses. This representation theory is useful for at least two reasons. First it leads
to concrete representation results of stationary processes in terms of white noise.
These representations are basic for filtering and prediction and also for state-space
modeling of random signals. Second, spectral representation theory provides a
functional calculus for random variables and processes in terms of functions of a
complex variable, much in the same spirit of the Fourier transform for deterministic
signals. Unfortunately the Fourier transform of a stationary process cannot be de-
fined in a deterministic pathwise sense. For it is well-known that the sample paths
of a discrete-time stationary Gaussian process of, say, independent random variables
(discrete time white noise) are neither in ¢? nor uniformly bounded with probability
one, and hence as functions of time they do not admit a Fourier transform.

The Fourier transform of a stationary process can however be defined in a
(global) mean-square sense, but this transform will not provide a stochastic process
in the ordinary sense but rather an equivalence class of processes with orthogonal
increments, or an orthogonal random measure, as these objects are commonly called
in the literature.

3.1 Orthogonal-increments processes and the Wiener
integral

Let I be a subinterval (possibly infinite) of the real line R. A scalar continuous-
time process z = {x(t); t € I}, is said to have orthogonal increments if whenever
s1 < t1 < 89 <ty we have

E{(z(t2) — w(s2))((x(t1) — (1))} = 0 (3.1.1)

where the overline denotes complex conjugation. To this requirement we shall also
add the zero mean condition,

E(z(t) —z(s)) =0 t,sel (3.1.2)

35
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We alert the reader to the fact that compler orthogonal increment processes defined
on a imaginary “time” axis will play an important role in spectral representation,
discussed in Section 3.3.

Proposition 3.1.1. Let x be a process with orthogonal increments, then there is a
real monotone nondecreasing function F', uniquely determined by x up to an additive
constant, such that,

E{|z(t) — 2(s)|?} = F(t) — F(s), t>s (3.1.3)

Proof. Let us fix an arbitrary to and define,

_ [ E{a()—alto)}, t>t
Fo(t) = { = E{le(0) - 2(to)?}, ¢ < to

Then by using the property (3.1.1), it is immediate to check that Fp is monotone
and satisfies (3.1.3). The function Fj is clearly the unique function satisfying (3.1.3)
normalized at to so as Fy(to) = 0. Hence any function F(t) := Fy(t) + an arbitrary
constant, also satisfies (3.1.3) and is independent of to. O

The relation (3.1.3) is often written symbolically as
E{|dz(t)]*} = dF(t).

It follows from (3.1.3) that an orthogonal increments process has the same continuity
properties (in mean square) as the monotone function F'. In particular = has right
and left limits at every point ¢ and an at most countable set of points of discontinuity
which can only be jumps. Without much loss of generality  can be modified at
the jump points so as to have z(t+) = z(¢) (and hence also F(t+) = F(t) ) for all
t € T. If say T = (a,b] then in this way the process is automatically extended to
the closure [a, b].

A mean-square continuous process w = {w(t)},t € R, with stationary or-
thogonal increments will be called a (wide-sense) Wiener process. Note that, by
stationarity of the increments, F(t + h) — F(t) = F(h) — F(0) for all ¢, so that for a
Wiener process the derivative F’(t) (which a priori exists almost everywhere) is in-
dependent of t. By continuity, one finds a unique monotone nondecreasing solution
of the form

F(t) = 0t + constant

where o2 is a positive constant. Hence for a Wiener process, we have E{|dw(t)|*}
o2dt. In other words the variance of the process grows linearly in time. If 02 =
the Wiener process is said to be normalized.

The Wiener process is a mathematically tractable version of the concept of
“continuous-time stationary white noise” which, intuitively, is a process with com-
pletely uncorrelated variables and should correspond to the derivative

dw(t)

1
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3.1. Orthogonal-increments processes and the Wiener integral 37

It is easy to see that this derivative cannot exist in mean square. It has been shown
in many ways that it is actually impossible to give n a precise interpretation as a
stochastic process in the sense we understand this term in probability theory, see
e.g. [127]. On the other hand, white noise and representations of various random
variables as functionals of white noise constitute an extremely useful tool in the
analysis of stationary proceses. For this reason there is a need for a rigorous theory
of white-noise representation involving in particular integrals with respect to the
Wiener process, which we shall now proceed to define.

Definition 3.1.2. Let {Q, A, u} be a probability space and let R be the family
of bounded semi-open intervals {(a,b]} of the real line®. An orthogonal stochastic
measure on R is a family of random variables ¢ : {C(A); A € R} where ((A) :
{Q, A, u} — C such that

1. For each interval A € R, ((A) is a random variable with zero mean and finite
variance

m(A) = E{|C(A)]?} <00, AER (3.1.4)

2. For any pair of disjoint intervals A1, Ao with A1 N Ay =0,

E{¢(A1)¢(A2)} =0 (3.1.5)

3. C is o-additive, i.e. for any A € R which is the disjoint union of countably
many sets A € R,

(D) = C(A), as. (3.1.6)

k=1

where the series at the second member converges in mean square.

Note that by Lemma A.1.1 in Appendix A.1 the series of orthogonal random
variables (3.1.6) converges if and only if

m(A) =Y E{IC(An)P} =) m(Ar) < oo
k=1 k=1

so that m is a nonnegative o-additive set function which can be extended as a o-
finite measure on the the Borel o-algebra of sets generated by R see e.g. [43, 39].
Conversely, m being o-additive on R implies that ( is o-additive in the sense of
(3.1.6) above. In this sense, it is then possible to extend ¢ to the o-ring generated
by R, where m(A) < oo, see also [109, p. 5]. Note that ¢ may not be extendable
to unbounded sets.

The measure ( is called finite if E|((R)|? < oo. This is clearly the case if and
only if m is a finite Borel measure.

8The family R is a semi-ring of sets, see [43, p. 22]. A semi-ring is sometimes also called a
decomposable class of sets. More generally, a stochastic orthogonal measure could be defined on
an arbitrary semi-ring of sets.
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38 Chapter 3. Spectral Representation of Stationary Processes

The notion of orthogonal stochastic measure is the natural starting point to
discuss stochastic integration. Before embarking into this, we remark that any
orthogonal increments process x defines a stochastic orthogonal measure, which we
shall denote dx, by the assignement,

dz((a,b]) := z(b) — x(a), a <b.

The “variance” measure m associated to dx is uniquely determined by the variance
function F' of the process as

m((a,b]) ;== F(b) — F(a), a<b.

Conversely, any orthogonal random measure ¢ determines an orthogonal increments
process z by the position

_f (tost]), t>t
#(t) '—{ Ul t<to

where t( is an arbitrary fixed time instant. The orthogonal increments process z
is normalized so that z(tp) = 0; in fact ¢ determines a whole equivalence class of
orthogonal increments processes, all differing from the just defined z by an arbitrary
additive random variable.

In particular, the stochastic orthogonal measure corresponding to the normal-
ized Wiener process w, has m = Lebesgue measure. Since in this book the only
thing that will matter will be the increments of w, it will be convenient to identify
a Wiener process with the corresponding orthogonal stochastic measure dw, so in
the future, whenever we shall talk about a Wiener process we will always refer to a
whole equivalence class of processes defined modulo an arbitrary additive random
variable. Note that the stochastic measure dw is not finite.

We shall now proceed to define the stochastic integral with respect to an
orthogonal random measure . Let Ian denote the indicator function of the set A,
ie. Ia(t) =11if t € A and zero otherwise. For a scalar simple function

N
PO =3 crla (t), A eR, AxnNA; =0k #j,

k=1
the integral of f with respect to ¢ is defined as follows,
N
/}R FOACE) =3 enc(Ag). (3.1.7)
k=1

Note that the integrals of simple functions are just the (zero-mean) random variables
which populate the linear vector space

L(¢) :=span{¢(A)|A € R} = span{(((a,b]) | — o0 < a < b < +o0} (3.1.8)

generated by the increments of (.
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3.1. Orthogonal-increments processes and the Wiener integral 39

The fundamental property of the stochastic integral of simple functions is

N
E{I/Rf(t)dc(tﬂ }:;m m(Ay) :/R|f(t)| dm, (3.1.9)

showing that the integral is an isometric map mapping the dense linear manifold of
simple functions in the Lebesgue space L?(R,dm), onto L(¢). We denote this map
by the symbol J;. Using this compact notation the formula (3.1.9) reads

19O = 11122 ,am)

where the norm in the first member is the variance norm in the linear manifold

L(¢).
Let us now take an arbitrary function f € L?(R,dm). Then f is the limit in
mean square of a sequence of simple square integrable functions f,,

/ |f(t) t)?dm — 0, n — oo,
so that by the isometric property of the integral
19¢(fn) = Ic(fll = I1fn = Frll 2@ am) — O

as m,k — oo. Therefore the sequence {J¢(f,)} is a fundamental sequence in
L?(Q, A, 1) and converges to a random variable with finite variance which we shall
define to be the integral of f with respect to the stochastic measure {. In other
words, for an arbitrary f € L?(R, dm), the stochastic integral of f with respect to
¢ is the mean square limit

= [ 1w = tim [ 50 aco), (3.1.10)
It is easy to check that the limit is indeed independent of the particular sequence
of simple functions. The fundamental property of the integral is recorderd in the

following Theorem. The proof is straightforward and will be omitted.

Theorem 3.1.3. The stochastic integral I is a linear bijective map from L*(R, dm)
onto the Hilbert space H(C) = closure L({) which preserves inner product,

B[ £t / i} = [ st (3.1.11)

in other words, J¢ is a unitary map L*(R,dm) — H(().

We shall also omit the proof of the following immediate corollary of Theorem
3.1.3.

Corollary 3.1.4. The map assigning to any Borel set A C R the random variable

Z/Af(t)dC(t)Z/RIA(f)f(t)dC(t) (3.1.12)
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40 Chapter 3. Spectral Representation of Stationary Processes

is a finite stochastic orthogonal measure if and only if f € L*(R,dm).

This measure we shall conventionally denote by dn = fd(.

3.2 Harmonic analysis of a stationary process

There is a fundamental result in analysis which provides the harmonic representation
of the covariance function of a stationary process. This result, which we report
below without proof, is known, for the discrete-time case as Herglotz Theorem and
as Bochner Theorem in continuous time.

Let 7 — A(7) be the covariance function of a scalar stationary random process
y, where 7 € Z if the process is discrete time and 7 € R in the continuous time case.
In continuous time A will be assumed to be a continuous function!'® of 7 € R.

9

Theorem 3.2.1 (Herglotz, Bochner). There is a finite positive measure dF on
the Borel subsets of the interval [—m, 7| (discrete time) or (—oo,4+00) (continuous
time), such that

A@jzi/ewTdFW). (3.2.1)

the limits of the integral being (—m,7) (discrete time) or (—oo,+00) (continuous
time). The measure dF is uniquely determined by A.

An equivalent (although a bit more cumbersome) way of formulating the result
is to say that there is a real right-continuous monotone non-decreasing function F'
defined on the interval [—m, 7] (discrete time) or (—oo, +00) (continuous time), such
that (3.2.1) holds. The monotone function F, uniquely determined by A modulo
an arbitrary additive constant, is called the spectral distribution function of the
process y. One can make F' unique by imposing say F(—n) = 0 (in this case dF
has no mass at # = —m). Since

s> B{(OP) = A0) = [ "R (8) = F(x),

—T

the function F' must actually be bounded. This spectral distribution function de-
scribes how the “statistical power” E{|y(t)|*} = A(0), of the process y is distributed
in frequency. For this reason it is called power spectral distribution function in the
engineering literature.

Example 3.2.2. Consider a random process sum of simple harmonic oscillations

N
101t
y(t) = E yre'
k=—N
9Recall that all stationary processes considered in this book will have finite second-order mo-

ments.
10This is equivalent to assuming y mean-square continuous.
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3.2. Harmonic analysis of a stationary process 41

where —7 < 0 < 7 are deterministic frequencies and y; are mutually uncorrelated
zero-mean random variables with variance of. This process is stationary with a

quasi-periodic covariance function

N
A(r) = Z o2k,

k=—N
Since we can formally rewrite A(7) in the form (3.2.1) with F' the monotone function

N
F(0) := Z o210 —6,) —m<6<m
k=—N

where 1(0) is the indicator function of the half line {§ > 0}, it follows that F' is
the distribution function of the process. In this simple example the power spectral
distribution function increases only at the jumps of F' and the statistical power
of the process A(0) = SI~ . o2 is all concentrated at the discrete frequencies
fr. In more general situations the power of the process will also be distributed
continuously on the interval —m < 0 < 7.

Like every real monotone function, the spectral distribution function F' can
be split in two components
F=F+F (3.2.2)

where F} is the absolutely continuous component,

6
lﬁ(@)::J/ @(A)%%

—T
and F3 is the singular component of F', whose points of increase are a set of Lebesgue
measure zero. Fy carries all discontinuities (finite jumps) of F. The non-negative
function @ is called the spectral density function of the process.
If A is a summable function, i.e. S.7°° |A(7)| < co then the series

T=—00

Jf e TA(T) (3.2.3)

T=—00

converges pointwise uniformly in the interval [—m, 7] to a periodic function A(G),
and then the A(7)’s must necessarily be the Fourier-series coefficients of A(9); i.e.,

+7
A@q::/“ ewTAw);g. (3.2.4)

—T

It follows that in this case the distribution function is absolutely continuous and
the spectral density function is just A(6), namely

®(0) = A(0).
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42 Chapter 3. Spectral Representation of Stationary Processes

Remark 3.2.3. To make contact with the Fourier transform of ordinary functions
(which we shall need to do later on), it turns out to be convenient to extend the
distribution function F' in the Herglotz representation as a periodic function to the
whole real axis. Equivalently, one can always think of F' as being a function defined
on the unit circle, T := {z = ¢%; —7 < 6 < 7}, of the complex plane. Therefore
it is more natural to define the density ® as a function defined on the unit circle
and hence as a function of €. In view of this, with a slight misuse of notation, we
write F(e'?) or ®(e'?) instead of F(#) or ®() whenever convenient, without further
notice. Similarly in continuous time, it turns out to be convenient to regard the
spectral distribution F' or ® as a function on the imaginary axis I; i.e., as a function
of iw.

3.3 The spectral representation theorem

The Fourier-like representation of the covariance function of a stationary process
provided by Herglotz’s Theorem lies at the grounds of a stochastic Fourier-like
representation for the process y itself. This representation theorem is important
as it provides very precise informations about the structure of the elements of the
space H(y).

We shall define a linear map, which for the moment we shall denote by J
(a more descriptive notation will be introduced in the following), mapping the
functions f , square integrable with respect to the spectral distribution dF, f €
L?{[—n,7],dF}, into random elements belonging to H(y). This map will be first
defined on a dense set of functions and then extended by continuity.

Let J map the elementary trigonometric functions 8 — ex(6) := €% into the
random variables y(k); k € Z. We extend J by linearity so that,

U(Z creg) i= chy(k:), ke(, ¢ €C (3.3.1)
k k

for all finite linear combinations, called trigonometric polynomials, ), crey. In this
way J maps the linear manifold of all trigonometric polynomials: £ C L*{[—n, ], dF'}
onto the dense linear manifold L(y) C H(y) spanned by the random variables of
the process

L(y) := span{y(t); t € Z}. (3.3.2)

Now, it follows from Weierstrass approximation theorem that the manifold & is
dense in L*{[—m, x|, dF}; a proof of this fact can for example be found in [99, 100].
Then, by a simple application of Herglotz’s Theorem one can see that the map J is
1sometric, as

(ers ) L2 ([~ mx),ary = MKk —J) = (y(k), y(§)) H(y) (3.3.3)

and hence, since any f € L*{[—m,n],dF} is the mean square limit of a sequence

of trigonometric polynomials fi, J can be extended by continuity to the whole of
L*{[-n,7],dF}. In fact, by (3.3.3), J(fx) also converges in mean square to some
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3.3. The spectral representation theorem 43

random variable in H(y). We just define J(f) to be this limit
I(f) = Jim I(f)

k—o0
in L2(92, A, ). In this way the extended map (still denoted by) J, becomes a unitary
map from L?{[—m,7],dF'} onto H(y). This leads to the following fundamental
result.

Theorem 3.3.1. There is a finite orthogonal stochastic measure dj on the (Borel
sets of the) interval —m < 0 < m, such that

4
J(f) = f(@)d:lj(@), fE L2{[_7Ta ﬂ-]a dF}’ (3'3'4)

—T

so that, in particular
s
o) = [ evago), tez. (33.5)
—T
The orthogonal stochastic measure is uniquely determined by the process y and sat-
isfies

E{dj(0)} =0, E{|dj(0)]*} = dF(0) (3.3.6)

where F' is the spectral distribution function of y.

It is implicit in the statement of the theorem that every discrete-time station-
ary process admits an integral representation of the form (3.3.5). Formula (3.3.5) is
normally called the spectral representation of the discrete-time stationary process y.
The stochastic measure dy will be referred to as the Fourier transform of the process
y in this book. The map J corresponding to a specific process y will hereafter be
denoted by Jj.

Proof. Let A := (01, 05] be a subinterval of [—7, 7], let Ta be the indicator function
of A and define

G(A) == I(Ia) (3.3.7)
so that by the isometric character of J we have E{[§(A)[*} = [[1allZ2((_r n.ar) =

F(A). Here we have denoted by F also the Borel measure induced by the spectral
distribution function F'. Also, for an arbitrary pair of intervals Ay, As we have

E{9(A1)3(A2)} = (Ia,, In,) L2 {[—rx],ary = F(A1 N Ag)
from which, taking A; N Ay = (), it is easily seen that ¢ is a stochastic orthogonal
measure defined on the semi-open intervals of [—, 7| satisfying (3.3.7). Obviously
this measure is finite as E{|§((—m, 7])|?} = dF((—n,7]) = F(r) < co and can then
be extended to the Borel sets of the interval [—, 7].
We now proceed to show that (3.3.4) holds for all f € L2{[—,x],dF}. This

is certainly true for simple functions since in this case

1) =S adag) =S eide) = [ F(6)dio)
k=1 k=1 -
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44 Chapter 3. Spectral Representation of Stationary Processes

by the very definition of the stochastic integral. Now, simple functions are dense
in L?{[—m,7],dF} and by the isometry described above, the family of random
variables {J(f)| f simple} is dense in H(y). Hence any random variable £ € H(y)
being the limit in mean square of a sequence J( fk) with fk simple functions, is at
the same time the limit of a sequence of stochastic integrals of simple functions
J5(fx). Therefore every random variable of H(y) is a stochastic integral of some
function f € L?{|—m,7],dF} with respect to the stochastic measure j.

Note that the converse of this statement is obviously also true as all §(A)’s are
random variables in H(y) by definition and the stochastic integral of all functions
f € L*{|—m,x),dF} are then also in H(y). O

Connections with the classical definition of stochastic Fourier
transform

It is instructive to examine the relation of the spectral representation, as it has been
introduced in this section, with the classical early definition of stochastic Fourier
transform. This is done below, in a series of conceptual steps. The details of the
procedure can be found in the early literature or in condensed form in Rozanov’s
book [109, p. 26-27 ].

1. Let t be a discrete time parameter. One may first try to formally define the
Fourier transform of a stationary second-order process y as the limit (in mean
square)

Y(0) = lim ey (t). (3.3.8)

but for a stationary process this mean square limit cannot exist (the case that
y is white noise is quite obvious).

2. Then one formally integrates (3.3.8) with respect to 6 on an interval A :=
[61,02] C [—m,7]. Setting

o—i02t_ —i01t
oty )

— —27it ’
Xt(A) - {92—91 i t=20

2w

the integrated Fourier series

i x+(A)y(t) (3.3.9)

I
now converges in mean square and converges to the stochastic orthogonal
measure ( which we defined as the Fourier transform of y) §(A). Hence §(A)

is an integrated version of the formal Fourier transform and we may write

02
g@g);::Jé Y(A)g%.

1
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3.3. The spectral representation theorem 45

One can show convergence by working out the following steps
(a) The deterministic Fourier series

+N

Sn(0) = D xa(A)e™ (3.3.10)

t=—N

converges pointwise as N — oo to the indicator function Ia(6) of the
interval A := [01,62]. Actually, for this to be literally true one needs to
modify slightly the definition of In at the extreme points of the interval,
in order to have pointwise convergence also at 6, 65.

(b) Since Sy (0) converges boundedly pointwise to Ia (), we also have
Sy — Ia inLQ([—ﬂ',ﬂ'],dF)

where I is the spectral distribution of the process y. Hence, by the
well-known isometric property of the stochastic integral,

—
—x Noo_ﬂ.

i) = [ 1a0)di0) = Jim [ sx@)di0)
(c) The last integral in the equation is just the integrated Fourier series
(3.3.9).
3. In this sense one may say that the formal Fourier series (3.3.8) converges to
the white noise Y'(0) on [—7, 7] as N — oo.
Continuous-time spectral representation

The continuous-time analog of Theorem 3.3.1 is as follows.

Theorem 3.3.2.  FEvery stationary process y = {y(t); t € R} continuous in
mean-square, admits a representation

+oo

y@):/m e“tdj(iw), teR. (3.3.11)
— 00

where dy is a finite orthogonal stochastic measure uniquely determined by the pro-

cess, which satisfies

E{dj(iw)} =0, E{|dj(iw)|?} = dF (iw) (3.3.12)

where F' is the spectral distribution function of y. The map J; defined by the stochas-
tic integral

A JrOO A
%U):/, fliw)dy(iv), f e L*{(—o0,+0c0),dF}, (3.3.13)

— 00
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46 Chapter 3. Spectral Representation of Stationary Processes

is an isometry from L?{(—o0,+00),dF} onto H(y).

The orthogonal stochastic measure § (more commonly denoted df in the fol-
lowing) is called the Fourier transform of the stationary process y.

The following corollary describes explicitely the fundamental isomorphism
by which random elements of H(y) correspond to elements of the function space
L?{[—m,7],dF} and the corresponding action of the shift group.

Corollary 3.3.3 (Spectral Isomorphism Theorem). Let y be a station-
ary discrete-time process. FEvery random element & € H(y) can be written in a
unique way as a stochastic integral Jy(f) with respect to the Fourier transform g
of the process y, of some function f € L2{|—m,x],dF}. In fact the map Jg
L*{[-n,7],dF} — H(y) is isometric and bijective, i.e. wunitary. It transforms
the shift operator U into the operator of multiplication by the exponential function
e(0) : 0 — €, acting on L*{[—n,7],dF}, i.e.

UE=1y(ef), €=75(f). (3.3.14)

A totally analogous statement holds for continuous-time process provided one sub-
stitutes [—m, 7] with (—oo, +00), the unitary operator U with the shift group {Uy ;t €
R} and e with e™*;t € R.

A generalization of this result to vector-valued processes will be given in the
next sections.

Remark on discrete-time white noise

A very simple but important kind of discrete-time stationary process is (wide-sense)
stationary white noise. This is a stationary process w = {w(t), ¢ € Z} with uncorre-
lated (i.e. orthogonal) variables. The covariance function of this process is a scalar
multiple of the delta function, say A(7) = 026(7) where §(7) = 1 for 7 = 0 and zero
otherwise. Since A is trivially a summable function, this process has an absolutely
continuous spectral distribution function with a ( spectral) density, which is just a
constant function ®(0) = o2, § € [—m, 7). The “flat” spectral density is the reason
why this process is called white.

It follows that the spectral measure w, of a white noise process has the fol-
lowing property

5 do

=0 —

2m

i.e. W is a Wiener process on [—m, w|. It is easy to see that, conversely, every process
w with a spectral measure of the Wiener type,

E{di(0)di(0)*}

w@y:/ﬂa“muw,tez.

—T

is white noise.
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3.3. The spectral representation theorem 47

Real processes

If the process y is real, its spectral measure has some special symmetry properties.

Proposition 3.3.4. Ify is a real stationary process, its spectral measure y is such
that

98 = §(-A) (3.3.15)

for every Borel set A of the interval [—7, ], where —A = {0| — 0 € A}. Moreover
the real and imaginary parts of §(A) = r(A) 4+ is(A), are mutually orthogonal
stochastic measures, i.e.

E{r(A1)s(A2)} =0 (3.3.16)
for all Borel sets A1, As.

Proof. Notwithstanding the fact that the y(¢)’s are real random variables, we shall
keep on working in the complex Hilbert space H(y).
It is easy to see that if f(6) corresponds under J; to the random variable 7,

then the complex conjugate 7 must be associated to the function ?(79). This fact
is true for all trigonometric polynomials f(6) = >, cxer(#) which correspond under
Jg to finite linear combinations n := )", cxy(k), ¢x € C, since clearly the complex

conjugate 77 = Y, ¢xy(k) is associated to the function ), ¢rex(0) = f(—6). Then,
since Jg : In — §(A) we also have J5 : I_a — §(A), but I_ao = I_a, since the
indicator is a real function and therefore (3.3.15) follows.

To prove the remaining statement first notice that r and s are both o-additive
real stochastic measures and that from (3.3.15) we get,

r(A) =r(=A), s(A)=-s(—A) (3.3.17)

for all Borel sets A. Moreover, since E{9(A1)5(A2)} = E|9(A1 N A2 > 0 it
follows that Im E{g(A1)5(A2)} =0, ie.

E[S(Al)T(Ag) - T(Al)S(Ag)] =0.

Combining this relation with the analogous one obtained by substituting —A; in
place of Ay and using (3.3.17) one gets the orthogonality relation (3.3.16). Hence
E{’Ij(Al)yA(Ag)} = E{T(Al n A2)2 + S(Al n AQ)Q} and Al n AQ = @ yields E{T(Al N
Ag)} = E{s(A1 N Az)} = 0. This shows that r and s are also orthogonal measures
and concludes the proof. 0O

For real processes the spectral representation (3.3.5) can be written completely
in terms of real quantities. From (3.3.17) one easily obtains

y(t):/ cos@tdr(@)—/ sinftds(d), teZ.

—T —T
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3.4 Vector-valued processes

If we denote by dyi, £ = 1,..., m the spectral measure corresponding to the k-th
component of an m-dimensional stationary process y, we can write the spectral
representation of an m-dimensional process in vector form as

y(t) = /e”tdg(o), tezZ

where g is now a vector stochastic orthogonal measure
J(A) = : (3.4.1)

The limits of integration are —m, 7 in discrete time and —oo, +00 in continuous
time. It is useful to use matrix notations. Introduce the m x m matrix

F(A) = [E{gr(A)5;(A) Hrj=1,...m (3.4.2)

where A is a Borel set in [—m,w]. Then F(A)* = F(A), i.e. F(A) is Hermitian,
moreover by Schwartz’ inequality

| Fy (A)] < (D) 1195(A) | = Awk(0)1/2A45(0)'2

so that F'(A) is bounded for all Borel subsets A.

Since for any a € C™, a*F a is the spectral measure of the scalar process
a*y(t), it follows also immediately that F' is a positive semidefinite, o-additive
function of A, i.e. a matriz measure. We shall call F' (or dF) the spectral matriz
measure of the process y. Naturally, to the matrix measure F we may associate
an equivalence class of Hermitian matrix valued functions § — F(6), each defined
modulo an additive arbitrary constant matrix, which are monotonic nondecreasing
in the sense that F'(62) — F(61) > 0 (positive semidefinite) for 3 > 6. The vector-
valued generalization provides readily the representation of the covariance matrix
of the process as a “Fourier-like” integral of the form,

s o0
A(T) = / eTdF(), TeZ; A(T) = / e“TdF(w), TER
—T — 00
where we have taken the liberty of denoting by the same symbol dF, the two
(obviously different) matrix measures of the discrete-time and of the continuous time
processes. The above are the matrix versions of Herglotz and Bochner Theorems .
As in the scalar case we have the canonical decomposition

F=F+F

where F} is the the absolutely continuous component and F5 the singular part of
F.
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3.4. Vector-valued processes 49

The absolutely continuous part is the indefinite integral of a spectral density
matriz ® which is Hermitian and positive semidefinite (®(6) > 0, 6 € [—m, 7]). For
processes taking values in R, which will be also called real for short, the symmetry
relation (3.3.15) translates into Fy;(A) = Fjr(—A), kj = 1,...,m which, for the
spectral density matrix reads ®(0)* = ®(—0)" or, equivalently, ®(—0) = P(0).
With the notational convention described in Remark 3.2.3 this can be rewritten as,

(e ) = (). (3.4.3)

This property is sometimes called parahermitian symmetry.

The vector analogue of the spectral isomorphism theorem requires a prelim-
inary brief digression on integration with respect to the matrix measure F. De-
terministic vector-valued functions will be written as row wvectors hereafter. As
in the scalar case, the integral of f with respect to F' is first defined for simple
m-~dimensional functions

N
f0) = ZCkIAk(Q), Ap C[-m,7), ArNA; =0k # j,

k=1

where ci are row vectors in C™, as

—r 1

. N
f(0)dF(0) := Z e (Ag)
K

and is then extended to all measurable m-dimensional functions by the usual limiting
procedure. This clearly applies to matrix-valued simple functions as well. The
integral of bilinear (or quadratic) forms of the type

" ro)ar@gey

may also be defined in terms of sequences of vector simple functions {fx} and {g;}
approximating f and g (so that { fkg;-‘} is a sequence of simple matrix functions
approximating fg¢*) as the limit

T

j f(O)dF(0)g(0)* := lim trace{ f1(0)g;(0)"dF(0)}.

k,j—o0 o

The space of m-dimensional square integrable functions with respect to the
matrix measure F is denoted by L2, ([—m,7],dF). It has been shown [26, p. 1349,
that this space is complete and hence a Hilbert space with respect to the scalar
product

0) = [ s@)ar@)(0) (3.4.4)

provided one agrees to identify vector functions whose difference has norm equal to
zero. Functions f1, fa such that ||f1 — f2|| = 0 (the norm being induced by the inner
product defined above) are said to be equal F-almost everywhere. If F' happens to
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50 Chapter 3. Spectral Representation of Stationary Processes

be singular on “large” subsets, it may happen that f; and f, are equal F-almost
everywhere but are widely different pointwise.

The fundamental isometric property of the stochastic integral with respect to
a vector stochastic measure can now be stated in the following form,

T

B0 =B( [ 1001 [ 90 a0} -

-7

" 10ar @90 = (F9)13 (- emrar) (345

where f and g are functions in L2, ([—, 7], dF') and F is the spectral matrix measure
of 7.
The vector version of the spectral isomorphism theorem follows.

Theorem 3.4.1 (Spectral Isomorphism Theorem). Lety be an m-dimensional
stationary process with stochastic Fourier transform y. Every random functional
¢ € H(y) can be written as a stochastic integral Jy(f) for a unique function f €
L2 {[—m,7],dF}. In fact the map Jg : L2 {[—7,7],dF} — H(y) is unitary. It maps
the elementary exponential functions [0,. .. e, ..., 0] (e:(0) = e in the k-th place)
into the random variable yi(t) and transforms the shift operator U of the process y
into the operator M., of multiplication by the exponential function e(6) :  — €',
acting on L2 {[—n,n],dF}. In other words, the following diagram commutes,

U

L?n{[iﬂ-a ﬁ]a dF} T L?n{[iﬂ-a ﬁ]a dF}
A totally analogous statement holds for continuous-time process provided one sub-

stitutes [—m, 7] with (—00, +00), the unitary operator U with the shift group {Uy ;t €
R} and e with e“t;t € R.

3.5 Functionals of white noise

Recall the well-known Hilbert space ¢2, = 2, (Z), of square summable m-dimensional
functions (sequences) f : Z — C™, endowed with the inner product

+oo
(f.9) = F(D)g(t)".

In the engineering literature £2, is sometimes referred to as the space of signals with
finite energy, the energy being just the squared norm

+oo
[ MFG]
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3.5. Functionals of white noise 51

where | .| denotes the Euclidean norm. For m = 1 (scalar square-summable se-
quences) the subscript will be dropped.

Functions which are zero for negative [positive] values of the argument, f(t) =
0,t < 0, [t > 0] are called causal [anticausal]. If f(t) = 0,¢ < 0, [t > 0], f is
called strictly causal [strictly anticausal]. The subspaces of causal and anticausal
functions in ¢2 (Z) will be denoted by the symbols ¢2F and by ¢2 respectively.
They are clearly isomorphic to €2 (Z.) and to 2 (Z_).

A vector-valued, say m-dimensional white noise process w, is just a stationary
vector process whose random variables are pairwise uncorrelated,

E{w(t)w(s)"} = Qi(t — s). (3.5.1)

where the variance matriz @Q is a Hermitian positive-semidefinite matrix. In the
following we shall assume that @Q is nonsingular and denote by Q'/2 an arbitrary
square root of Q; i.e. a square matrix A satisfying AA” = Q). In this case we may as
well consider the normalized white noise process @ := Q2w which has variance
matrix equal to the identity and obviously generates the same Hilbert space H(w),
of w.

Note that if w has a singular covariance matrix, there are matrices A, which
are rectangular but with linearly independent columns, such that AA’ = Q is a rank
factorization. In this case define u := A~Tw where =% denotes left-inverse and set
W := Au where the dimension of u is equal to the rank of Q. Since (I — AA~1)Q =
(I — AA=L)AA" = 0, the difference w — @ = (I — AA~)w has covariance zero and
hence @ = w = Au almost surely. It follows that H(w) = H(u), i.e. the space can
also be generated by a normalized white noise (u) of a smaller dimension.

The elements (linear functionals) in the Hilbert space H(w) of a white noise
process have an explicit and particularly simple form. The following representation
theorem will describe their structure. Although rather elementary, this result will
turn out to be extremely useful.

Theorem 3.5.1. Let w be an m-dimensional normalized white noise process. The
linear functionals n € H(w) have the form

+oo
n= Y f(-suw(s), fel (3.5.2)

S§=—00

where the function f is uniquely determined by n. The linear map J,, : £2, — H(w)
defined by equation (3.5.2) is unitary and transforms the translation operator T in
02 into the shift U acting on random wvariables of H(w), namely, if [Ttf](s) =
ft+s); ie.,

+o0
n(t) :=U'n= Z f(t—8)w(s) =3,(T"f) (3.5.3)

s=—00

Note that we have been abusing notations as the symbol J,, denotes a transfor-
mation which strictly speaking is not a stochastic integral (but is the discrete-time
analog of one).
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52 Chapter 3. Spectral Representation of Stationary Processes

Proof. The proof is particularly simple in the scalar case. Then the representation
formula (3.5.2) follows readily from the fact that the random variables {w(s) | s € Z}
form an orthonormal basis for the Hilbert space H(w). In fact,

f(=s) = E{nuw(s)}

is just the s-th Fourier coefficient of 1 with respect to that basis. It is very well-
known that these coefficients are unique and form a square summable sequence.
The last part of the statement also follows since U~ tw(s) = w(s — t) and

E{n(tyw(s)} = ({U'n,w(s)) = (n,U"w(s)) = f(t — s).

We shall leave the details of the generalization of this argument to the vector case
to the reader. 0O

Note that the continuous-time analog of Theorem 3.5.1 is contained as a partic-
ular case in Theorem 3.1.3: we just need to take ¢ to be (the orthogonal stochastic
measure defined by) an m-dimensional normalized Wiener process w. Then the
following is just an immediate corollary of that result.

Corollary 3.5.2. Let w be an m-dimensional normalized Wiener process. The
linear functionals n € H(dw) have the form

+oo
n= [ Jeoduts), feLi®) (3.5.4)

where the function f is uniquely determined by n. The linear map J,, : L2,(R) —
H(dw) defined by equation (3.5.4) is unitary and transforms the translation oper-
ator Ty in L2, into the shift U; acting on random variables of H(dw), namely, if

[T:f](s) = f(t+ s), then

+o0
n(t) = Ut = / £(t = $)duw(s) = T (T, ) (3.5.5)

— 00

For white noise processes we have two representation theorems of H(w): the
general spectral representation theorem 3.4.1 and the time-domain representation
that we have just seen. These two representations in the frequency and in the time
domain are related by the Fourier transform.

The Fourier transform
Related to the well-known fact that the trigonometric functions
e(0) =" tel

form a complete orthonormal system (an orthonormal basis) in L?([—n, 7], %), is
the following basic result in harmonic analysis (the so-called Fourier-Plancherel
Theorem).
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3.5. Functionals of white noise 53

Theorem 3.5.3. The Fourier transform,

2 2 df = —10t
8l = Lo(-mrl o), 8() = > e ()

t=—o00

the sum being convergent (for all f € €2,) in the metric of the space L? ([—m, 7], 42),
is a norm preserving and onto, i.e. a unitary , map from 2, onto L2 (|-, n], %).

Proof. The norm preserving property, i.e. the equality of the energy norm of the
time signal f to the integral with respect to frequency of the square norm of its
Fourier transform f(0) = F(f)(0),

= 2 T 2 do
> 1ror = [ 1fer s

t=—o00

is known as Parseval’s identity. It is easy to check that this property holds for
functions (sequences) with compact support and since these sequences are obviously
dense in £2,, the theorem can be proved by the same isometric extension argument
which was used for the definition of the stochastic integral earlier on. 0

One reason for the importance of the Fourier transform in the study of dy-
namical models of time sequences, is the fact that the translation operator T in
2

T(f)(#) = f(t+1)

corresponds, in the frequency domain, to the algebraic operation of multiplication
by the scalar exponential function e(f) : 6 — €', acting on L2, ([—, 7], £). In other
words §(T'f) = M.§(f) where M, is the multiplication operator by the function
e; li.e. Me[f](O) = ewf(t?). The importance of this property and its numerous
consequences in the study of deterministic signals and systems are assumed to be
known.

In continuous-time there is a perfectly analogous version of Theorem 3.5.3

which is also known as Fourier-Plancherel Theorem.

Theorem 3.5.4. Let 1 denote the imaginary axis. The Fourier transform,

w too
&%Wﬂﬁﬂi%ﬁﬂﬁ/ewwwt

27 o
the integral being defined as a limit in the metric of the space L2 (I, g—ﬁ), s well-
defined for all f € L?,(R) and is a norm preserving and onto, i.e. a unitary , map
from L% (R) onto L2 (I, %).
The norm preserving property, i.e. the equality of the energy norm of the
continuous-time signal f to the integral with respect to frequency of the square
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54 Chapter 3. Spectral Representation of Stationary Processes

norm of its Fourier transform f(iw) = F(f)(iw),

/ P = / P &

— 00 — 00

is also known as Parseval’s identity.
In continuous time the translation operator Ty;t € R, acting in L2 (R), is
defined as

Ti(f)(s):== f(t+s), seR

and corresponds, in the frequency domain, to the algebraic operation of multiplica-
tion by the scalar exponential function e, : iw — e, acting on L2, (I, ). In other
words F(T:f) = M., F(f) where M., is the multiplication operator by the function
er; ie. M., [f](iw) = €™ f(iw). The family of translations {T}; ¢t € R} forms a
group of unitary operators in L2, (R) which, via Fourier transform, corresponds (in
fact is unitarily equivalent) to the unitary group of multiplication operators by e**
acting in L2, (I, £2).

The following fundamental representation theorem relates the the spectral rep-
resentation of random functionals of white noise in H(w) to the Fourier-Plancherel
transform.

Theorem 3.5.5. Let w be an m-dimensional normalized white noise process. The
unitary representation map J,, : €2, — H(w) defined by equation (3.5.2) admits a
factorization as the composite map

T = J03 (3.5.6)

i.e., the frequency-domain representative function of any linear functional in H(w)
is just the Fourier transform of the time-domain function f in (3.5.2). In other
words 1 = jﬁ,(f) =Juw(f) if and only if f=3f. In fact, the two unitary represen-
tation maps J and Jy, are related as in the following commutative diagram

H(w) — H(w)

] Jou

L3, ([-m 7, §8) —— L3,([-m. 7], 42)

m > 2

lr(Z) — ln(Z)

Proof. The frequency-domain isomorphism J; maps trigonometric polynomials
p(0) = M, f(—k)e®* into finite linear combinations n = SNy f(—k)w(k) =
Juw(f), where f is an ¢? function of bounded support. It is obvious that p(f) =
Z]_VM f(k)e~"* is the Fourier transform of f, i.e. p = f Hence it follows that

Ju(f) = 90(f) = 9a(5f)
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3.6. Spectral representation of stationary increment processes 55

for the dense linear manifold of finite support functions f. Since both maps J,, and
J»& are unitary, (3.5.6) follows. The rest follows by well-know properties of the
Fourier transform. 0O

The continuous-time analog is immediate and will be stated without proof.

Theorem 3.5.6. Let w be an m-dimensional normalized Wiener process. The
unitary representation map J,, : L2, (R) — H(dw) defined in Corollary 3.5.2 fac-
torizes exactly as the composite map (3.5.6) in Theorem 3.5.5. In other words, the
representative function in the frequency-domain of any linear functional in H(dw)
is just the Fourier transform of the time-domain function f in (3.5.4). Hence,
n=790(f) = Ju(f) if and only if f = Ff. In fact, the two representation maps I
and J,, are related as in the following commutative diagram

H(dw) —2 H(dw)

JmT Tﬂm

L72n(]L S—“;) T L72n(]17 S—jﬁ)

o] Ts

L®) —— LL®)

3.6 Spectral representation of stationary increment
processes

Let I}y, w,)(iw) be the indicator function of a finite subinterval [iw;,iws] of the
imaginary axis (equal to one for w € w1, ws]| and zero otherwise) and consider the
following elementary identity,

—iwal __ efzwlt

— —1 .
o = B i wa) (). (3.6.1)

Since these are trivially square integrable functions, given a p-dimensional Wiener
process dw, we can define a process w on the imaginary axis I with increments,

(iws) — W (iwy) = /

— 00

e

—twit

dw(t) (3.6.2)

e o] efzwgt _

e
2mit
Now, by the isometric property of the Fourier-Plancherel transform, one readily sees
that the process w has orthogonal increments. In fact,

d
e

27
where * denotes transpose and conjugation. Hence, dw is a p-dimensional Wiener
process on the imaginary axis. Now, (3.6.2) may be written

/ " Lo (i) i (i) = / T s ) (—t)duo(t)

— 00 — 00

E{didi* } (3.6.3)

2007/
page



56 Chapter 3. Spectral Representation of Stationary Processes

and since the indicator functions are dense in L2, one has, for all f € L?(R)
/ f(iw)dw = / f(=t)dw, (3.6.4)

the function f being the Fourier-Plancherel transform of f. Incidentally, we have
just proven that the spectral representation map Jg : L2(L, ”21—::) — H(dw) defined
by

.i= [ Z f(iw)di(ic)

factorizes as in (3.5.6) in Theorem 3.5.6. Dually, by choosing f to be the indicator
function of the interval [t1,t2], (3.6.4) yields

o] ezwtg _ ezwtl

w(ts) — wit) :/ e M (i) (3.6.5)

oo W

This is a particular instance of spectral representation of a stationary increments
process; in fact, of the stationary increments (Wiener) process dw, [24]. Note that
the spectral measure of dw is also of the Wiener type, being precisely the orthogonal
random measure dw defined in (3.6.2).

More generally, one can prove the following result.

Theorem 3.6.1. FEvery R™-valued process with finite second moments and contin-
uous stationary increments, dz, admits a spectral representation

+oo jiwt _ iws
z(t) — z(s) = / idé(iw) , t,s€ER (3.6.6)

oo w

where dZ is an m-dimensional orthogonal random measure (or an orthogonal in-
crements process) on the imaginary azis I uniquely determined by dz. The matriz
spectral distribution of dz, defined by,

E{d2(iw)d(iw)*} = dZ(iw) (3.6.7)

is a (not necesserily finite) nonnegative definite Hermitian matriz measure on the
Borel sets of the imaginary axis.

The orthogonal stochastic measure dz will also be called the Fourier transform
of dz.

Example 3.6.2. As an example consider the process dz defined as the output of
the linear stochastic system

dz = Azdt + Bd
{m vat -+ Bdw (3.6.8)

dz = Cxdt + Ddw
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3.6. Spectral representation of stationary increment processes 57

where all eigenvalues of the matrix A have negative real parts. In the time domain
(3.6.8) has the following solution

x(t) = /t eA=7) Bdw (3.6.9)
t —oo
z(t) — z(s) = / Cz(r)dT + D[w(t) — w(s)] (3.6.10)
Applying (3.6.4) to the first of the:e equations, we obtain
x(t) = /OO e (iwl — A)~' Bdw (3.6.11)

which then inserted into (3.6.10) together with (3.6.5) yields the spectral represen-
tation . .

es} ezwt — etws .
z(t) — z(s) = —d:(iw) (3.6.12)
oo iw
where dz = W (iw)dw (iw), the matrix function W being the transfer function of the
system (3.6.8) given by

W(s)=C(sI — A)™'*B+D. (3.6.13)
In this example dz has an absolutely continuous spectral distribution
dw
E{dzdz*} = ®(iw)—
{dzdz*} (iw) 5

where the spectral density ® is given by ®(s) = W (s)W(—s)’. Note that if D # 0 the
spectral distribution is not a finite measure and hence an expression like ffooo ewtdz
does not make sense.

Proposition 3.6.3. If the spectral measure dz in Theorem 3.6.1 is finite, the
process dz has a (stationary) derivative in mean square; i.e. dz(t) = y(t)dt, with

y(t) = /+OO e“tds (3.6.14)

— 00

in which case dy = dz.
Proof. Let y(t) be defined as in (3.6.14), then

z —z +oo )
—(thi ® ) = / An (i)™ d2(iw)

where the function
ewh 1 ; sin(wh/2)
A (i — —1= iwh/2 1
n(iw) iwh ‘ wh/2

converges boundedly pointwise to zero for h — 0. 0O
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58 Chapter 3. Spectral Representation of Stationary Processes

3.7 Multiplicity and the module structure of H(y)

An important property of the Hilbert space H(y) generated by a stochastic process
y, is to be finitely generated by the shift U, in the following sense: there is a finite
number of generators namely elements y1,...,y, € H(y) that are “cyclic” for the
shift, i.e., having the property

span{U'yr | k=1,...,m, t € Z} = H(y). (3.7.1)

The cardinality of the smallest set of generators is called the multiplicity of the shift
U on the Hilbert space H(y); see [45], [35, p.105]. Here, for short, this number will
be called the multiplicity of y or of H(y). In H(y) we trivially have m generators,
yr = yr(0), k = 1,...,m, and hence H(y) has a finite multiplicity, less or equal to
m.

The concept of multiplicity has to do with the algebraic concept of basis in
module theory. This technical observation (which may sound a bit extraneous to
the general spirit of this book), may help in understanding certain striking similar-
ities between stochastic system theory and certain concepts which are commonly
introduced in the deterministic system theoretic setting. A basic reference for this
is Fuhrmann’s book [35]. The main fact here is that the shift operator acting on
the Hilbert space H(y) induces a natural module structure on this space.

The starting point to see this is the observation that there is a natural multi-
plication p -  between trigonometric polynomials

k1
p(e®) == Z pe™ ko <k €7
k=ko
and elements n € H(y), namely

k1
p-n:=pU) n= lz prU*
k=ko

0=/ " p(e®) () di(e). (3.7.2)

where f € L2 {[—m,7|,dF} is the spectral representative of n with respect to the
Fourier transform dy, of the process y; compare Theorem 3.3.3.

Now, it is a well-known consequence of Weierstrass’ Approximation Theorem,
that the trigonometric polynomials are dense in the sup norm in the space of contin-
uous functions on the interval [—m, 7w]. Consequently, any function ¢ € L*[—, 7]
is the (almost everywhere uniform) limit of sequences of trigonometric polynomials
{pr}. Hence we may define the product

p(U) - = lim pr(U) -1, neHy)
for every ¢ in the ring L°°[—, 7], of scalar essentially bounded functions on [—, 7],
which thereby becomes a ring of scalars by which we may multiply elements of
H(y). It is immediate to check that, endowed with this multiplication, H(y) is a
(Hilbert) module unitarily isomorphic to L2 {[—, 7|,dF} as a L*°[—n, 7]-module.
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3.7. Multiplicity and the module structure of H(y) 59

It follows readily from (3.7.1) that the module H(y) is in fact free, as it admits the m
generators {yx(0), k =1,...,m}. These generators correspond in the isomorphism
to the m unit vector functions {ex, k = 1,2,...,m} in L2 {[—m, 7],dF}, where the
k-th component of ey, is identically equal to one while the others are zero a.e..

The module-theoretic concept of basis corresponds to a set of generators of
minimal cardinality. Hence the multiplicity of a stationary process is just the di-
mension of a basis for the Hilbert module H(y). How do we check if the generators
{yx(0), k =1,...,m} form a basis? In what follows we shall try to give an answer
to this question.

First we would like the reader to appreciate that this question is more subtle
than it may appear at first sight. Consider for example a scalar normalized white
noise process with spectral measure dw and let us define a stationary process y with
spectral measure

dy = Iandw

where I is the indicator of some proper Borel subset A C [—m,7) of normalized
Lebegue measure % < 1. Tt is nearly obvious that w(0) is a generator of H(w)
(for proving this we just need to notice that L>[—m, 7] is dense in L?[—n,7]); i.e. a
basis for the Hilbert module H(w). The question is if y(0) is also a basis of H(w).
In a vector space setting the answer would obviously be yes, but in this case the
answer is generally negative.

Proposition 3.7.1. Unless A has full Lebesque measure, H(y) is a doubly invariant
subspace properly contained in H(w). In fact, for any ¢ € L™ [—m, 7] the stationary
process y with spectral measure dfj := @di generates the whole space; i.e. H(y) =
H(w) if and only if ¢ is nonzero almost everywhere in [—m, ).

Proof. We shall rely on a characterization of doubly invariant subspaces of L?[—, 7]
which can be found e.g. in Helson’s book [46, Theorem 2, p. 7], according to which
all doubly invariant subspaces are of the form Ia L?[—n, 7). Hence a doubly invari-
ant subspace is the whole of L?[—, 7] if and only if A has full Lebesgue measure
(equivalently, is nonzero almost everywhere). Note that every ¢ € L®[—m, 7] can
be written as a product ¢Ia(,) where A(yp) is the essential support of ¢. [

We start with the following lemma.

Lemma 3.7.2. Let y and u be m- and p-dimensional jointly stationary stochastic
processes with spectral distribution measures dF, and dF,, such that H(y) = H(u).
Then there exist matriz functions M and N with rows My, k =1,2,...,m belonging
to Lg{[fﬂ, n],dF,} and N;, j = 1,2,...,p belonging to L2 {[—n,7],dF,}, such that,

dij(e®) = M(e®)dau(e®), du(e’) = N(e*)dj(e?), (3.7.3)

which can be expressed by saying that the two vector stochastic measures dy and di
are equivalent. Moreover

M(e®)N(e®) = I,, N(e?)M(e?) =1, (3.7.4)
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60 Chapter 3. Spectral Representation of Stationary Processes

dF, (and also dF,)-almost everywhere.

Proof. Since all yi(t)’s, k = 1,2,...,m, belongs to H(u), there are m row vector
functions My, € L2{[—m,7],dF,} such that,

+m
yp(t) = / et M (e®)du(e) k=1,2,....,m

—T

and, by uniqueness of spectral representation, it then follows that dgy(e?) =
My (e®)du(e?), k =1,2,...,m. This proves the first relation in (3.7.3). A symmet-
ric argument yields the second equality. Finally, (3.7.4) are obtained by substituting
one of the (3.7.3) into the other, getting for example

dj(e”) = M(e”)N(e")dy(e™)

which, again by uniqueness of the spectral measure, implies the first equality in
(3.7.4), dF,-almost everywhere. 0O

Theorem 3.7.3. Assume as before that H(y) = H(u) and let dF, be of the scalar
type; i.e., dF, = L,dp with (v a positive Borel measure on [—m,w|. Then {ux(0), k =
1,...,p} are a set of generators of H(y) of smallest cardinality, i.e. a minimal set
of generators. In this case

rank M(e?) =p, u — almost everywhere. (3.7.5)

In particular for p = 1, the mx 1 function M (e'®) must be a nonzero vector p-almost
everywhere.

Proof. We have
E{duiy(e")diij(e)*} = dF, 1 ; (") = xjdp

hence, for k # j, u(t) = Utuy(0) and u;(s) = U®u;(0) are orthogonal for all ¢, s €
Z. Clearly the module generated by any proper subset of the {u;(0), k =1,...,p}
must then be a proper submodule of H(u). Hence the random variables {u(0), k =
1,...,p} are a minimal set of generators. Since the {yx(0), k = 1,...,m} are also
generators, it follows that m > p. Now the condition (3.7.5) follows from the second
of the (3.7.4), which in this case is just saying that M (e?) has pu-almost everywhere
a left inverse (of dimension p x m). 0O

Remark 3.7.4. Under the assumptions of Theorem 3.7.3 we have
dF,(e") = M(e®)M (e)*dp (3.7.6)

so that dF, has a density, equal to the m x m matrix M (e?)M (e?)*, with respect
to the scalar type measure Idu. It follows from Sylvester inequalities (see [36, p.
66]) that this density has constant rank p, u-almost everywhere.
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There is a notion of rank of a stationary process that is usually defined only for
orthonormalizable processes (see Chapter 4). In this setting, the rank of y is equal
to the rank almost everywhere of the spectral density matrix of the process. This
notion turns out to coincide with the (more general) notion of multiplicity given
above. That the two notions reduce to the same thing (in the particular context of
orthonormalizable processes) is a consequence of the spectral factorization theorem
which we shall prove in Chapter 4 (Theorem 4.2.1).

3.8 Bibliographical notes

Most of the material in this section is classical. The spectral representation theorem
is due to Cramer, [18, 19, 20], see also the work of his former student K. Karhunen,
[63, 64]. The proof given here is adapted from [39, p. 203 ]. A more direct approach
in [109] uses the full power of the spectral representation of unitary groups in Hilbert
space. In relation to this, it has been remarked by J.L. Doob [24, p. 635-636] that
the stochastic integral, first introduced by Wiener in [121], was defined in exactly
the same way as the spectral integrals commonly introduced in spectral theory in
Hilbert spaces. The spectral representation of stationary processes could then be
seen as a chapter of spectral theory in Hilbert spaces. For this reason most of the
abstract properties of the pair (H(y),U ) which are used in this book are also valid
for any pair (H,U ) where, instead of a stationary process on a probabilty space,
one has just a (separable) Hilbert space H and a unitary operator U on H with
finite multiplicity.

The concept of multiplicity can be defined for more general classes of processes
than stationary, see e.g. [21], [50]. The module theory of section 3.7 is inspired by
Fuhrmann’s book, [35] where it is introduced for self-adjoint operators; see chapter
II, especially p. 101-102. The rank condition of Theorem 3.7.3 seems to be new;
it explains why spectral factorization of stationary processes must be of “constant
rank”, a fact which may appear rather mysterious from the way it is normally
introduced in the literature.
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Chapter 4

Innovations, Wold
Decomposition, and
Spectral Factorization

We shall begin this chapter by reviewing some basic concepts of the theory of
dynamic estimation in the classical setup of Wiener and Kolmogorov. The theory
leads naturally to consider certain white noise representations of the observation
process which are prototypes of stochastic dynamical systems described in input-
output form. These representations have been first introduced by geometrical means
in the seminal work of H. Wold’s on stationary processes and prediction theory.
Wold’s ideas have been generalized in many directions. One such generalization
will be discussed in this chapter. It will form the basis of representation theorems
which will be used throughout the book. Generalizations of Wold Decomposition
theory have become part of functional analysis and have led to a unifying view of
certain fundamental problems in operator theory and Hardy spaces. The operator
theoretic (and Hardy space) results which stems from this idea can, in a sense,
be seen as function-analytic counterparts of results in stationary processes and
prediction theory. In Section 4.6 we take advantage of this conceptual connection
of the fields, to review, in an economical and essentially self-contained way, some
basic parts of Hardy space theory that will be needed in various parts of the book.

4.1 The Wiener-Kolmogorov theory of filtering and
prediction

From now on we shall deal with real (vector-valued) stationary processes only. Let
x be an n-dimensional inaccessible random signal and y an m-dimensional process
which is to be interpreted as an observation or measurement of x. We want to find
the best (in the sense of minimum error variance) linear estimator of the random
value z(t) of the signal  at some instant of time ¢, based on an observed sample
trajectory of the random process y on a certain interval of time T. Certain particular
classes of linear estimation problems of this kind have been extensively studied in
the past decades. In particular the filtering problem where one wants to compute the
best linear estimate of x(t), given the observed data y up to time ¢, and the k-step
ahead prediction problem, a special filtering problem where x(t) = y(t + k), k& > 0,
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64 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

were first formulated and studied in the 1940s by A.N. Kolmogorov and N. Wiener.

Filtering and prediction are causal problems where one is allowed to use only
the information contained in the past observations. These problems often occur
in applications to communication and control systems. In these applications the
estimates need to be computed in real-time or “on-line”. This means that special
computational schemes should allow to update easily the estimate at time ¢, to the
new estimate which must be computed at time ¢ + 1 as the new observation y(t+ 1)
becomes available.

Instead, the problems of smoothing and interpolation are estimation problems
where one is given a fixed observation record (a finite window of data) which may be
processed off-line to generate the estimate. This class of problems is conceptually
easier to solve.

The role of Fourier transform and spectral representation

The theory of Wiener and Kolmogorov deals with stationary processes and leads
to linear minimum-variance estimators which also evolve in time as stationary pro-
cesses, so it deals, in a certain sense, with steady-state estimation. As for determin-
istic systems, the stationary setup is best dealt with by Fourier analysis methods
and for this reason in this chapter we shall make quite an extensive use of the tools
of harmonic analysis of stationary processes introduced in the previous chapter.

We stress that the stochastic Fourier transform, which is commonly called
spectral representation of stationary processes, has the same properties and serves
exactly the same purpose as the Fourier transform defined for deterministic signals
and systems. In the stochastic setting one replaces the deterministic translation
operator by the stochastic shift U. One has to accept the additional complication
that the Fourier transform becomes a random function of frequency, but this random
function of frequency is of a very special type and turns out to be easy to work with.
As for deterministic signals, linear time-invariant operators on an input stationary
process will in general be convolution operators, a typical example being

“+oo
y(t) = Y F(t—s)u(s)
t=—o0
where w is a p dimensional white noise process and the rows Fy, k =1,2,...,mof F

are square summable sequences with Fourier transforms F},. This can be represented
in the frequency domain as multiplication of the signal Fourier transform by the
transfer function F', namely

dij(e”’) = F(e")di(e™)
These operations can be visualized by block diagrams consisting of blocks, represent-
ing transfer functions and arrows, representing (Fourier transforms of) stochastic
signals. These elements can be composed according to simple algebraic composition
rules (e.g. multiplications and sums). In fact, with the above convention, we can
apply to the stochastic setting exactly the same rules valid for Fourier transforms

of deterministic signals and transfer functions of (linear time-invariant) systems of
linear system theory.
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4.1. The Wiener-Kolmogorov theory of filtering and prediction 65

Acausal and causal Wiener filters

There are two main assumptions on the data of the problem which guarantee sta-
tionarity of the estimator:

1. The second order processes x and y are jointly stationary. Their joint spectral
distribution function is absolutely continuous with known spectral density
matrix,

Dy(e”)  Ray(e”)

Dyo(e’?)  By(e”)

2. The observation interval is unbounded below, i.e. the measurements have
been collected since time ty = —oo.

D) = —r<0<m (4.1.1)

Under these assumptions, we shall consider two typical classes of estimation
problems, namely

e Compute the acausal linear estimator, Z(¢t) = E[z(t) | H(y)] based on obser-
vations of the whole time history of the process y;

e Compute the causal linear estimator, &_(t) := E[z(¢) | Hy (y)] based on the
past history of y up to tlme t. Note that, since H; (y) does not include the
present, Z_(t) is really a “one-step predictor” of x( ).

Having defined the problems, we should declare from the outset that our goal
in this chapter will not be to review Wiener-Kolmogorov filtering theory in much
detail. We shall discuss these two problems mainly for motivating and introducing
some basic concepts in the theory of stationary processes, such as the equivalence
to white noise and spectral factorization.

It follows at once from Lemma 2.2.8 that, under the stated assumption, both
estimators are stationary with respect to the shift U of the Hilbert space H(z,y) :=
H(x) V H(y), generated by the joint process {z,y}. Note that having started the
observation process at tg = —oo plays a crucial role here, for this guarantees that

U*H(y) = H(y), U°H; (y) = H; ,(y)

and hence
E(t+s)=U’%(t), &_(t+s)=U2_(t).

Naturally the infinite observation interval assumption is done for mathematical
convenience. Under suitable regularity conditions, the stationary acausal or causal
problems with infinite-interval measurements can be seen to be just the (steady-
state) limit solution of more realistic smoothing, interpolation or filtering problems
with a finite data set, when the lenght of the observation interval goes to infinity.

Lemma 4.1.1. Assume the observation process y is a normalized white noise

process (for convenience we then denote y as w). Then the best linear estimator of
x(t) given the whole history of w, has the convolution structure

Z(t) = Elz(t) | H(w)] := ZF(t — s)w(s) (4.1.2)
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66 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

where the matrixz function F is given by
F(t) = Apu(t), t€Z (4.1.3)
where Ay 18 the cross covariance matriz of the processes x and w.

Proof. That the estimator has the convolution structure of formula (4.1.2) above
follows from stationarity and from Theorem 3.5.1. The orthogonality condition
gives

E{[z(t) — ZF(t —s)w(s)Jw(r)}=0 T7€Z
which can be written as

Ap(t —7) = iF(t—s)I&(s —-7), TEL

and, after a change of variables, immediately yields (4.1.3). Note that the k-th
row of Ay, is the sequence of the Fourier coefficients of xy(¢) with respect to the
orthonormal sequence {w(s); —oco < s < +0oo}, i.e.

Appw(t —s) =E{xi(s +w(s)'}, teZ
It follows that A, ., is square-summable. 0O

From this lemma one sees that acausal Wiener filtering is a rather trivial prob-
lem if the observation process is white. In essence, the problem is then converted
into the problem of transforming y into white noise. We shall see that this opera-
tion, although not always possible, is feasible for a wide class of stationary processes.
We shall call a stationary process y orthonormalizable, when it is possible to find a
normalized vector white noise process w, jointly stationary with y, such that

H(y) = H(w). (4.1.4)

where w (in general also vector valued) is of, say, dimension p. Note that, if this is
possible, then we have a representation formula for the elements of H(y) as random
linear functionals of w (see Theorem 3.5.1). In particular, if (4.1.4) holds, the

random variables y;(0), k = 1,...,m have a representation,
+oo
yi(0) = Z Wi(=s)w(s) k=1,...,m (4.1.5)
s=—00
where Wy, k = 1,...,m, are square summable row vector functions in 612,. Recall

that the shift U acting on the random variables of H(w) corresponds to the trans-
lation operator T acting on representative functions (Theorem 3.5.1), hence, by
letting n = yx(0) in formula (3.5.3), one obtains corresponding representations for
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4.1. The Wiener-Kolmogorov theory of filtering and prediction 67

the family yx(t) = Uty (0), t € Z. Using vector notations and denoting by W the
m X p matrix function with rows Wy, k = 1,..., m, one readily obtains

+oo
y(t) = > W(t—s)w(s) (4.1.6)

S§=—00

which can be seen as a representation of the process y as the output of a linear time-
invariant filter driven by white noise. This is also called a shaping filter representa-
tion of y, in the engineering literature. Note that this filter has a square-summable
impulse response matrix W.

As we shall see, transforming an orthonormalizable process into white noise
requires the solution of a spectral factorization problem.

Anticipating a little what will be seen in the next section of this chapter, the
acausal Wiener filter which computes the estimate #(t) starting from an orthonor-
malizable observation process y, can be decomposed in the cascade of two operators
as schematically shown in the block diagram of Fig. 4.1.1 below,

1. A whitening filter which performs the orthonormalization of y; i.e., a lin-
ear time-invariant operator which transforms y into a normalized white noise
process w. Determining the transfer function of this filter requires the com-
putation of a (full-rank) spectral factor W of the spectral density matrix, ®,,
of y. The Fourier transform of the noise process w is obtained by a simple
normalization of the Fourier transform of y, using a left-inverse of W. See
(4.2.7) below.

2. A linear filter (estimator) which operates on the whitened process w. This
linear filter can be realized in the time-domain by a convolution operation, as
described in Lemma 4.1.1. Both operations are in general non-causal.

y(?) w(t) ) x(t)

B W—L F —

Figure 4.1.1. Cascade structure of the Wiener filter.

Causal Wiener filtering

The causal Wiener filtering problem consists in computing the best estimate of
x(t) given a past trajectory at time t of the observations y and hence involves the
computation of the orthogonal projection #_(t) = E[z(¢) | H; (y)] onto the past
space H; (y). To this end, we shall follow a procedure very close to that used to
solve the acausal problem. The key idea is still whitening, but now (4.1.4) must
be substituted by a causal equivalence condition. It is now necessary to find a
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68 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

normalized white noise process (jointly stationary with y) for which
H; (w)=H; (y), teZ. (4.1.7)

A process w, jointly stationary with y, for which (4.1.7) holds, is said to be causally
equivalent to y.

Definition 4.1.2. A process y admitting a causally equivalent white noise process
is called a forward purely nondeterministic processes.!!

In the following we shall abbreviate “purely nondeterministic” to p.n.d.. Clearly,
being p.n.d. is a stronger condition than just being orthonormalizable.

In Sections 4.5 and 4.6 we shall study the characterization of p.n.d. processes
and shall see that, under certain regularity conditions on the spectral density matrix,
there is a normalized white noise process which is causally equivalent to y and that
this white noise process, denoted w_, is essentially unique. Following Wiener and
Masani [122], it will be called the forward innovation process of y.

The following specialization of Theorem 3.5.1, describes the structure of causal
functionals of white noise.

Lemma 4.1.3. Let w be a p-dimensional normalized white noise process. All linear
functionals of the past and present of w up to time t = 0 (included); i.e. all random
variables n € Hy (w), admit a representation n = J,(f) of the type (3.5.2), where
the function f is causal, i.e. belongs to E?f. In fact, the linear map J,, maps E?f
unitarily onto Hy (w).

Equivalently, all random functionals n(t) in H, | (w) admit a causal convolu-
tion representation of the type

nt)= S £t - syuls) (4.1.8)

S=—00

~ 2+
for a unique f € £57.

Proof. The result is an immediate corollary of Theorem 3.5.1. For, n = J,,(f)
is in H (w) if and only if n L {w(t),t > 0}, and this in turn is true if and
only if the function f is causal, since f(—t) = (n,w(¢)) = 0 for all ¢ > 0. The last
statement follows since all random functionals n(t) € H, | ; (w) are shifts of elements

n € Hy (w), ie. nt) :=Uln=S"12__f(t—s)w(s). 0O

S§=—00

The causal analog of Lemma 4.1.1 is as follows.

Lemma 4.1.4. Assume the observation process is white normalized (and for con-
venience denote y by w). Then the matriz function F defining the best linear causal

HThis should be called causally orthonormalizable at this point. The reason for using this
new terminology will become clear later on. In the Russian literature, purely nondeterministic
processes are called linearly regular.
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4.1. The Wiener-Kolmogorov theory of filtering and prediction 69

estimator of x(t 4+ 1) given the past history of w up to time t (included),

z_(t+1)=Elz(t+1)|H (w)] = ZF(t — s)w(s) (4.1.9)
is given by N
F@)Z{(ﬁW@% iig (4.1.10)

where Ay 18 the cross covariance matrix of the processes r and w.

Proof. The estimator has the same convolution structure of formula (4.1.2) since
the components of &_ (¢ + 1) are in H(w). The orthogonality condition provides

E{[z(t) — Z F(t—s)w(s)|w(t)'} =0 1<t
which can be written as
Ap(t —7) = i Ft—s)Ié(s—71), 7<t

and, after a change of variables, yields
Ap(t) = F(t), t>0

which identifies the matrix weighting function of the filter, F, on the positive time
axis {t > 0}. Note however that each row of F corresponds to a component of
#_(t + 1) which is actually a causal random functional in H, ,(w). Hence by
Lemma 4.1.3, Fi(t) =0for t <0, k=1,...,n, and (4.1.10) is proven. O

The causal filtering problem for a general nonwhite observation process y can
be solved under the assumption that y is forward p.n.d.. In this case, assuming w_
satisfies (4.1.7), y admits a convolution representation of the type

y(t) = > W_(t—s)w_(s) (4.1.11)

S=—00

where the m x p matrix function W_ has rows in Ef)*. Then, exactly as found for
the acausal problem, the causal“Wiener filter”, which computes the estimate Z_ (¢)
from the past of the observation process y, can be decomposed in the cascade of
two operations:

1. A whitening filter which does the orthonormalization of y to produce the in-
novation process w_. This is a special normalized white noise process causally
equivalent to y. The whitening filter in certain cases can be realized as a con-
volution operator. It requires the computation of the special full-rank spectral
factor W_ of the spectral density ®,, which is associated to w_. The special
properties of W_ will be elucidated in Section 4.2.
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70 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

2. A causal linear estimator which operates on the “whitened” process w_. This
linear filter can be realized in the time-domain by a causal convolution op-
eration with a matrix function F' whose rows belong to Ef,‘*, as described in
Lemma 4.1.4 above.

y(t)

-, w—L

f

Figure 4.1.2. Cascade structure of the causal Wiener filter.

4.2 Orthonormalizable processes and spectral
factorization

Following the program sketched in the previous section, we shall now study the
problem of finding a normalized vector white noise process w, jointly stationary
with y, such that (4.1.4) holds. The basic result about orthonormalizable processes
is in the following theorem.

Theorem 4.2.1 (Spectral Factorization). A stationary m-dimensional process
y 1s orthonormalizable; i.e. there is a p-dimensional normalized white noise process
w, jointly stationary with y, satisfying (4.1.4), if and only if,

e its spectral distribution function is absolutely continuous and the relative spec-
tral density matriz ® has constant rank p almost everywhere on [—m, ],

e there are m X p matriz functions W satisfying the spectral factorization equa-
tion,
() = W(eYW(e?)* (4.2.1)

almost everywhere on [—m, ).

Definition 4.2.2. A matriz function W satisfying (4.2.1) is called a Spectral
Factor of ®. A spectral density matriz satisfying the two conditions of the theorem
is said to be factorizable.

Remark 4.2.3. It follows from Sylvester’s inequality (Section A.3 in the appendix)
that rank ®(e?) = rank W (e") almost everywhere. Hence the number of columns
(p) of the spectral factors mentioned in the theorem is equal to their rank a.e..
In other words, these W’s have a.e. linearly independent columns'?. They will
be called full rank spectral factors. Of course full rank spectral factors are rather

12 A matrix with this property is commonly said to be of full column rank.

2007/
page



4.2. Orthonormalizable processes and spectral factorization 71

special as not all spectral factors need to have full (or even constant) rank; for
take any measurable p x 7 (r > p) matrix function Q(e?) on [—m, 7], obeying the
condition,

QENQE™) =1, ae, (4.2.2)
where I, is the p x p identity matrix. It is immediate to verify that for any m x p
W satisfying (4.2.1), W(e®)Q(e) is also a (m x r) spectral factor, generally not
of full rank.

The necessity proof of Theorem 4.2.1 will be given below in form of a lemma.
The proof of sufficiency will result from a series of constructive steps which we shall
discuss after the lemma.

Lemma 4.2.4. Assume there is a p-dimensional normalized white noise process
w, jointly stationary with y, satisfying (4.1.4). Then the spectral distribution of y
is absolutely continuous with a factorizable spectral density matrix ® of rank p a.e.
and there is a full rank spectral factor W such that dg = Wdw. In other words, any
normalized white noise process w satisfying the equality (4.1.4) must come from a
full-rank spectral factor; in particular, all such w’s must have the same dimension

p.

Proof. The lemma is an immediate corollary of Theorem 3.7.3 and of Remark 3.7.4
once we take yu = Lebesgue measure. 0O

The rank (a.e.) of ® is commonly called the rank of the process y and a process
for which p = m is called a full rank process. One sees, as anticipated in Remark
3.7.4 of the previous chapter, that the rank of a stationary orthonormalizable process
coincides with its multiplicity.

Remark 4.2.5. If, instead of (4.1.4), we merely assume that H(y) C H(w) (a
doubly invariant subspace), where w is a r-dimensional normalized white noise
process, then it is easy to see that dF), is still absolutely continuous and the spectral
density admits factorizations of the form (4.2.1).

In fact, if H(y) C H(w), then y admits a representation of the type (4.1.6)
with respect to w. Denoting by W}, the Fourier transform of W € 2, by the
isomorphism theorem 3.5.5, for random functionals of a white noise, we obtain

Akj (1) = B{yr(T)y;(0)} = (Ju(Wi(r +)), Ju (W) =
= (T (e"TWi), 35 (W;)) = (T Wi, Wj) 1

—mm],42) =

T b i0 i+ 40
= e Wi (e”)W;(e?) — (4.2.3)
. 2m
From the uniqueness of the spectral measure in Herglotz’s Theorem, it is clear that
the spectral distribution function (spectral matrix measure) of y must be absolutely
continuous with a density of the form ®(e?) = W ()W (e?)*. In this case however
we can no longer in general say that the rank of W is constant a.e..
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72 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

Assume now that y has an absolutely continuous spectrum and that the density
is factorizable as in (4.2.1). We shall pick a full rank spectral factor W so that
W (e) has (almost everywhere) a p x m left inverse'®> W—E(e?), whereby

W LW =1, 6¢c[-n,n (4.2.4)

(a.e.).

The basic idea in the construction which follows is to “normalize” the stochas-
tic measure dg so as to make it into the spectral measure of a white noise. Formally,
for each Borel set A C [—, 7], define a p-dimensional random vector

W(A) = /A WL () dj(e'?). (4.2.5)

The integral is well-defined since the rows of W% are square integrable functions
with respect to the matrix measure dF' = @% of the process y. In fact, from (4.2.4),
(4.2.1) we get,

~ ~ * — 7 7 — 7 *de
E{@(A1)w(Az)"} = WE () () (W (")) o =
A1NAs ™
do I
IL,—=-22|ANnA 4.2.
Jo b =gainadl @20

where 5-|A| is the normalized Lebesgue measure of the set A C [—m,7]. We see
that  defined in (4.2.5) is not only a bona-fide spectral measure but is, indeed,
the spectral measure of a p-dimensional white noise process w. Equation (4.2.5) is
rewritten symbolically as

diw(e?) .= WL () dy(e?). (4.2.7)

If ® has rank m, W is square and hence has a unique left-inverse equal to
W~ In this case the formula above can be rewritten in the form

dy(e™) = W (e)di(e)
and from this one immediately obtains the following spectral representation of y(t)
y(t) = / GO () did (). (4.2.8)

This is the frequency domain version of (4.1.6). In fact, by Theorem 3.5.5, W is
now just the Fourier transform of the time-domain impulse response function of the
filter (denoted W in (4.1.6)).

If ® has (a.e.) rank p < m the same result holds, but we need to worry about
some technicalities having to do with the non-uniqueness of the left-inverse.

13Note that the left-inverse is in general non-unique.
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4.2. Orthonormalizable processes and spectral factorization 73

Lemma 4.2.6. Let W be a full-rank spectral factor. No matter how the left-inverse
WL is chosen, one has

dj(e’) = W (YW= (e”)dj(e) = W(e")duw(e)

with probability one, where dw is the corresponding stochastic measure. In fact, for
any other, not necessarily full-rank, spectral factor G it holds that

é(ew) _ W(eie)wa(eiO)é(eie)
almost everywhere.

Proof. We shall show that the matrix functions I,,, and WW ~ are equal F-almost
everywhere, where dF' = ®df/2x is the spectral distribution of the process y. For,
from W—E(e?)W (e?) = I, it follows that

(I - WW_L)@(I — WW—L)* =(I- WW_L)WW* (I - WW_L)* -0

almost everywhere on [—m,7]. Clearly we may instead substitute GG* in place
of ® in the identity above, without changing the conclusion. This implies that
(I — WW~E)G must be zero a.e. yielding the second relation of the lemma. 0O

In conclusion, corresponding to any full rank spectral factor W there is a white
noise process w which yields a shaping filter representation of y of the type (4.1.6)
(or equivalently (4.2.8)). This white noise process w is generated by “whitening”
the process y as specified by (4.2.5) or more explicitely

s
w(t) = / et WL (e dj (™) (4.2.9)
—T

It is clear from this representation that w is jointly stationary with y and w(t) €
H(y) so that H(w) C H(y). On the other hand, from (4.2.8) it follows that y(t) €
H(w) and the converse inclusion also holds. Therefore y is orthonormalizable. This
concludes the proof of Therem 4.2.1. O

One last observation is in order. As we have just seen, to each white noise
process w which generates the same Hilbert space as y we have been able to associate
a full rank spectral factor (Lemma 4.2.4) and, conversely, to each full rank spectral
factor W we have been able to attach a white noise process w which generates the
same Hibert space as y. In the following we shall examine more closely the question
of uniqueness in the correspondence w « W.

Let us denote by O(p) the orthogonal group of p x p orthogonal matrices (i.e.
T € O(p) if and only if TT' = T'T = I,). Let wi and wy be two p-dimensional
normalized white noise processes defined in the same probability space. We shall
say that wy and wq are equal modulo O(p), or simply mod O if there is an orthogonal
matrix 7' € O(p) such that w; (t) = Twa(¢) for all t € Z. Obviously two normalized
white noises equal mod O have the same covariance function and generate the same
family of subspaces, namely Hif (w1) = Hif (w2) (in particular H(w;,) = H(w,))
and hence cannot be distinguished on the basis of second order statistics nor on the
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basis of linear functionals. For example, in the scalar case one cannot distinguish
between a stationary normalized white noise w and its opposite, —w. For this
reason, hereafter it will be convenient not to distinguish between normalized white
processes equal modulo O and we shall consider them as being the same process.

Definition 4.2.7. Let Wi (') and Wa(e') be two m x p matriz functions defined
on [—m,m]. We shall say that Wi and Wa are equal modulo O, if there is an
orthogonal matriz T € O such that W (e?) = Wa(e)T' for almost all 6 € [—n, 7).

Note that if W7 is a full rank spectral factor of the spectral density ®, then
all W’s which are equal to W7 mod O are also full rank spectral factors. Obvi-
ously however Wi (e??) and Wo(e') being both full rank spectral factors does not
necessarily imply their equality mod O.

Proposition 4.2.8. To any normalized white noise processes w jointly stationary
with y, satisfying (4.1.4), there corresponds a unique equivalence class mod O, of
full-rank spectral factors W for which the representation (4.2.8) holds. Hence there
is a one-to-one correspondence between normalized white noise processes generating
H(y) and equivalence classes of full rank spectral factors equal modulo O.

Proof. In the spectral domain, the equivalence class of full-rank W’s corresponding
to a fixed p dimensional white noise dw is defined by the equality dy = Wdw. But
for any T € O we have Wdw = WTT'dw and T'dw is the same as dw. 0O

4.3 Hardy spaces

In Chapter 3, the spectral representatives of random variables in H(w) are charac-
terized as Fourier transforms, i.e. as (possibly vector or matrix-valued) functions in
L?([—m,7],df/27). In certain cases these functions admit an extension as analytic
functions on the exterior (or on the interior) of the unit circle. The extension could
formally be accomplished by substituting a complex variable z for €? in the Fourier
series espansion

+00 too
fo) = 3 st = FE = Y fe

t=—o00 t=—o00

so that the second member assumes the aspect of a Laurent expansion of an “an-
alytic function” F(z) (this is called the (double-sided) Z-transform of the signal f
in the engineering literature).

However, even if the coefficients {f(¢)} form a square summable sequence,
the symbol F(z) may very well be meaningless, as the Laurent series in the second
member is in general guaranteed to converge (in the L?-sense !) only on the unit
circle and may not converge pointwise for any value of z. As we shall see below,
it is the property of causality which brings in the analytic structure. To make this
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statement precise, we shall need to recall some facts from the theory of analytic
functions.

Definition 4.3.1. The space of p-dimensional vector-valued functions F(z) which
are analytic in the region {|z| > 1} of the complex plane and whose coefficients f(k)
in the Laurent expansion about infinity are square-summable, i.e. of functions such
that,

+o0 too
F(z) =Y fk)z"" |z|>1, > |f(k)]* <o (4.3.1)
k=0 k=0

is called the p-dimensional vectorial Hardy space of the unit disk, denoted Hg (D)
or Hg for short, when there is no danger of confusion. The functions in this space
will be called analytic.

The space of p-dimensional vector-valued functions F(z) which are analytic in
the region {|z| < 1} of the complex plane and whose coefficients f(k) in the Taylor
expansion about zero are square-summable, i.e. of functions such that,

+o0 too
F(z) =) fk)2* |zl<1, D IfR)P <o (4.3.2)
k=0 k=0

is called the p-dimensional vectorial conjugate Hardy space of the unit disk, denoted

ﬁi(]]])) or E; for short, when there is no danger of confusion. The functions in this

space will be called conjugate-analytic or co-analytic for short.

Functions in the spaces Hg and H_g are called real if their Laurent coefficients
are RP-valued sequences.

Note that Hg and H_g are linear vector spaces. One can introduce a norm in
H? in the following way. Let z = pe’® and consider, for p > 1, the L2-norm of the
functions F, : 0 — F(pe'®). We have,

s

152 5= [ 15 (e d0p2m = [ Fpe) ey doom -

—T —T

+oo
=D IR (43.3)
k=0

and the first member is clearly a monotonically non-increasing function of p, bounded
above by the squared £2-norm of the coefficient sequence f = {f(k)}. It follows that

F||? := lim || F, ||
£ liny (P

exists and it is easy to see that the limit is actually equal to ||f||%. Using this
p

definition one can endow Hg with an an inner product, which makes this space
isometric to the space of Laurent coefficients f = {f(k)} of the relative functions,
in fact to the space ﬂz*‘ of causal square-summable sequences. In this way Hg is
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given a Hilbert space structure and the map associating F' to its Laurent coefficients,
F '+ f, is an isometry of H} onto £2%.

Note that a completely symmetric argument works for the conjugate space H_g
and the anticausal sequence space Eff.

Hardy functions have remarkable analytic properties and have been extensively
studied. Their importance in many applied fields, especially in systems and control
engineering, comes from a fundamental theorem due to Paley and Wiener which
relates them to Fourier transforms of causal functions. The following is a discrete-
time version of the Paley-Wiener Theorem 4.

Theorem 4.3.2. Let F € Hi have Laurent cofficients f = {f(k)} and let f be the

Fourier transform of f. Then f is the boundary value of F' on the unit circle, in
the sense that,

limF, = f (4.3.4)
pll

both in L2([—m,7],df/2r) and pointwise almost everywhere in 0. In fact, F(z) —
f(@) almost everywhere, when z — €% along any nontangential curve in {|z| > 1}.
Conversely, the Fourier transform f of a causal sequence in (> can be extended by
the Cauchy integral formula to an analytic function in Hp2, preserving its morm,

i.e. |F|l=1fll. The correspondence F « f is thus unitary. In this sense the two
function spaces can be identified and one may write,

3(F) = HY(D). (4.3.5)

Symmetrically, every function G in H_g admits as boundary value on the unit circle
(both in L? and almost everywhere along non-tangential paths internal to the unit
disc) the Fourier transform j of its Taylor coefficients g = {g(—k)} € £27. The
function G is uniquely determined in {|z| < 1} by its boundary values § and the
correspondence is norm-preserving, so that one can make the identification

3(67) = H2(D). (4.3.6)

The proof of this theorem can be found in [52, p. 131] or in [35, p. 172].

Since the Fourier transform of a causal ¢? signal can be identified with its
analytic extensions of class H? (and symmetrically for anticausal sequences), it
is common practice to treat the two concepts (i.e the Fourier transform and the
analytic extension) as if they were the same thing. In this spirit the space Hg is
often identified with the subspace of L2([—,7],df/2m) of functions whose Fourier
coeflicients of negative index vanish, i.e.

Hi ={fe Li([*ﬂ,ﬁ],d9/2ﬁ) | ! F(e®)e?dh/2m = 0, t < 0}.

14To be sure, this is just a corollary of the original Paley-Wiener Theorem, a result of much
wider scope than what interests us here.
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Of course the conjugate space H_g can be described in an analogous way.
Notation: In the following it will be more natural to think about the Fourier trans-
forms of ¢? signals as functions defined on the unit circle of the complex plane
and denote them by f(e%). The analytic extension (whenever existing) is then the
function f(z), z € C.

We denote by Hpy, (D) (shorthand: HZ?, ) the space of matrix functions

mxp

which are uniformly bounded and analytic in {|z| > 1} and by Fﬁxp(ﬂ)) (short-
hand: Hpp, ) the space of matrix functions which are uniformly bounded and an-
alytic in {|z| < 1}. Since the L?-norm of a vector function which is bounded on
[—, 7] is obviously finite, the rows of a function in HJ?, , belongs in particular to
Hg. Hence any F' € HY,, (or, respectively in the conjugate space) admits limits
almost everywhere as z — €' along any nontangential curve in {|z| > 1}, (or in
{]#| < 1} respectively). The boundary value limits form two closed subspaces of
the (Banach) space of essentially bounded functions Ly?, ([—,7],df/2m), whose
Fourier coefficients of negative (respectively, positive) index vanish.

If f € H2, and A € HS, ,, then it is obvious that fA € H2. The space H,
plays very naturally the role of space of linear causal operators A : H2, — Hy.
Note that the operator of multiplication by the function e : 8 s e~% (the Fourier
transform of the backward shift) maps the space Hg into itself. The following
theorem, whose proof is not particulary difficult but is skipped for reasons of space,

establishes the converse.

Theorem 4.3.3 (Bochner-Chandrasekharan). A linear bounded map A :
H2 — Hg which commutes with the operator of multiplication by the function
—1i6

e:f0—e is the operator of multiplication by an m X p matriz function A in

HY

Note that the property of commuting with e~ is just time-invariance. In
the time-domain this result is saying that the most general linear time-invariant
operation on causal sequences is convolution with a causal matrix kernel whose

. i s 7o
Fourier transform is in H7, ,

4.4 Analytic spectral factorization

The main question that we shall address in this section is under what conditions
a m-dimensional stationary process admits a causally equivalent normalized white
noise. In formulas, under what conditions on the second order description of the
process does there exist a normalized white noise process w_ such that (4.1.7) holds
true. Equivalently, when can a stationary process y be represented as in (4.1.11),
i.e. can be generated as the output of a causal time-invariant linear filter having as
input a normalized white noise processes w_. Such a process was called a (forward)
p.n.d. processes in the previous section.

Since (4.1.7) obviously implies that H(w_) = H(y), a p.n.d process must be
orthonormalizable. For this reason we shall henceforth assume that y has an ab-
solutely continuous spectrum with a factorizable spectral density matrixz of constant
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78 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

rank p < m. As we shall see below, the p.n.d. property implies the existence of
solutions W of the spectral factorization problem with strong analytical properties.
Hereafter it will be convenient to write the spectral density matrix of a sta-
tionary process as a function of the complex variable z, defined on the unit circle of
the complex plane. Since ®(e') is a real function, ®(e??)* = ®(e~%)’, so that using
the variable z = €, the Hermitian symmetry property of the spectrum (compare

(3.4.3)) becomes
D(1/2) = d(z). (4.4.1)

which will naturally also be called parahermitian symmetry.

Let H? be the Hardy space of r-dimensional row-vector functions that are
analytic in the unit disc . We refer the reader to Section 4.3 for the basics of
Hardy space theory needed in the sequel.

Theorem 4.4.1. A stationary m-dimensional process y can be represented as a
causal functional of a normalized r-dimensional (r > p) white noise process w, or,
equivalently, there is a normalized r-dimensional white noise w such that

H; (y) CcH; (w), te€Z, (4.4.2)

only if there are m X r analytic spectral factors of ®, i.e. only if there are solutions
W, of the spectral factorization equation,

B(z) = W(2)W(1/2). (4.4.3)

with rows in the Hardy space H2.

Conversely, if ® admits analytic spectral factors, the process y is p.n.d.; i.e.
there exist in particular an analytic spectral factor W_ and a normalized white
process w— such that dg = W_dw_, for which the inclusion (4.4.2) holds with the
equality sign. The analytic spectral factor W_ s a.e. of full rank p.

The proof of “only if” part is relatively straightforward and will be given
presently.

Proof. That (4.4.2) implies the existence of an analytic m X r spectral factors
of @, follows from Lemma 4.1.3, a computation similar to that in (4.2.3) and the
Paley-Wiener theorem 4.3.2 in Section 4.3 which states that the transfer function
of any causal shaping filter must have rows in H? (i.e. be analytic). The particular
form of the spectral factorization equation (4.4.3) results from the fact that we are
actually looking for real spectral factors here, for which W (e®)* = W(e=®). O

The proof of sufficiency will be given later by showing that the existence of
analytic spectral factors entails that of a special full-rank analytic factor W_, called
the outer spectral factor, which in a sense (to be made precise later on) has an ana-
lytic left-inverse and hence may serve as the transfer function of a causal whitening
filter generating a normalized white noise w_ for which the inclusion (4.4.2) is actu-
ally an equality. In order to characterize the special analytic spectral factor W_ and
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the special whitening process w_, which satisfies the causal equivalence property
(4.1.7) we shall have to go through a rather long digression. The first step is to
introduce the Wold decomposition.

4.5 The Wold decomposition

A fundamental classification of second order processes is made on the basis of certain
properties of their one-step ahead predictor. We first define a class of processes
which are exactly predictable given their infinite past.

Definition 4.5.1. A second order process y is purely deterministic (abbreviated to
p.d. in the following), if the one-step prediction error,

e(t) == y(t) —§-(t) = y(t) — Ely(t) | Hy (y)] (4.5.1)

is zero (a.s.).

Obviously y is p.d. if and only if the components of y(t) belong to the past
space at time ¢, i.e. H; ,(y) = H; (y). In fact, since y is stationary, this will
happen at every instant of time, so that the p.d. property is equivalent to

H; (y)=H(y), teZ (4.5.2)

Example 4.5.2. Consider the process
+N

y(t) = Zykew"t, teZ
-N

where 0_j, = —0;, (6p = 0) are deterministic frequencies and the {yx} are zero
mean-uncorrelated random variables with finite variances, var y_j = var y, = o7.
This is a real stationary process, which is the sum of a fixed random variable yg
plus N uncorrelated harmonic oscillations with random amplitude. It is the simplest
example of a purely deterministic stationary process.

To check this last statement we use a system theoretic argument, as follows.
Note that y(¢) can be formally written as the output of a linear system whose state

variable x(t) satisfies a 2N + 1-dimensional vector difference equation,
z(t+1) = Qu(t), Q=diag{e ¥ e"n-1  eln-1 oifny

with initial conditions 24(0) = yx, k = —N, ..., N. In fact y(t) = Son__ 5 zx(t) or,
in vector notation,

yt) = cx(t), c=11,...,1] e R?N*+L

Assuming that the 6}, are all distinct (if not, the system would be non-minimal and
could be reduced to a similar one of lower dimension), it is easy to check that this
linear system is completely observable (see e.g. [62]). Hence, given that the matrix
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Q, describing the dynamics of the system is trivially invertible (as the eigenvalues
are exactly e*¥), looking at the inverse system z(t — 1) = Q~'a(t), y(t) = cx(t),
one can reconstruct the state, z(¢g), as a linear function of the 2N + 1 preceding
output samples, say y(to — 1),...,y(to — 2N — 2). It follows that

y(to) = cx(to) € span{y(to — 1),...,y(to — 2N —2)} C Hy ()

for all tg. Hence the prediction of y(ty) can be done exactly given the past, and y
is p.d..

The same reasoning can be applied, using a limiting argument, to the infinite
sum

“+oo
y(t) = ke, yp Ly, k#j
— 00

under the additional assumptions that the series 3.7 67 converges, which guar-
antees convergence of the infinite sum of harmonic oscillations.

Let us define the remote past and the remote future of the process y to be the
subspaces

H o(y) = < Hy (y)  Hywo(y) = Nz HY (1), (4.5.3)

respectively. Since H; (y) is increasing with ¢t and H; (y) is decreasing with ¢ the
two intersections are actually independent of which index k is chosen as a starting
time. Clearly y is p.d. if and only if

H_(y) =H; (y) =H(y) teZ (4.5.4)

This notion relates to the degeneracy of the causal prediction problem for the process
y and is asymmetric in time. We shall introduce also the notion of a backward p.d.
process, for which the backward prediction error

et) = y(t) — g+(t) = y(t) — Ely(t) [H, (y) ] (4.5.5)
is zero (a.s.). For a backward p.d. process one has, dually,
Hiw(y) =H (y) =H(y) teZ (4.5.6)

Later in this section it will be shown that, for a large class of so-called reversible
processes, the remote past and the remote future are the same; i.e.,

and hence in particular the p.d. property in the forward and in the backward
direction are actually the same thing.
From the definition (4.5.3) it is immediate to check that the property

UH_(y) =H_w(y) UHiw(y) =Hil(y) teZ
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holds for both positive and negative times t. This is equivalent to saying that the
subspaces H_(y), Hioo(y) are invariant under the action both of the shift U and
its adjoint U* and are hence doubly invariant in the sense defined on page 19.

The “simple” invariance property can be of two types. Recall that U is
called the forward- or right-shift operator, while the adjoint U* = U~! is called
the backward- or left-shift operator on H(y).

Definition 4.5.3. A subspace Y C H is called backward-shift (or left-shift) in-
variant if
Uy CY, (4.5.8)

and Y C H is forward-shift (or right-shift) invariant if

UY CY. (4.5.9)

Examples of backward-shift invariant and forward-shift invariant subspaces
are, respectively, the past H™ (y) and the future, H*(y). We have already noted
that the invariance conditions of the definition are an equivalent way to express the
fact that the stationary family of subspaces {Y; := U'Y |t € Z} generated by Y,
is increasing and, respectively, that {Y; := UYY |t € Z} is decreasing in time.

Generalizing the definitions in (4.5.3), the remote past and the remote future
of an arbitrary increasing or decreasing stationary family of subspaces, respectively,
are defined as

Y oo=mMY: Yiew=0MY: (4.5.10)

A backward-shift invariant subspace Y is called purely nondeterministic (abbrevi-
ated to p.n.d. in the following) if Y_, = {0} (the subspace containing only the
zero element). Dually, we shall call a forward-shift invariant subspace Y purely
nondeterministic, if Y yoo = {0}. It is easy to see that for purely nondeterministic
subspaces the inclusions in (4.5.8) or in (4.5.9) are strict.

The multiplicity of a simply invariant subspace Y, can also be defined as
the smallest number of generators of Y, i.e. the smallest number, m, of random
variables, y1,...,%n in Y, such that

span{U'yp |k=1,...,m, t <0} =Y
Let H(Y) be the smallest doubly invariant subspace containing Y. Since
H(Y) := ViezUY =span{U'yi |k =1,...,m, t € Z}

the multiplicity of H(Y) is seen to be the same of that of Y and is in fact the same
concept defined previosly in Section 2.5. Naturally, whenever Y is a subspace of a
larger Hilbert space of finite multiplicity, it must also have finite multiplicity.

The theorems and the corollaries below are slight generalizations of facts dis-
covered by H. Wold and published in his seminal 1938 doctoral thesis.

Theorem 4.5.4 (Wold). A left-invariant subspace Y is p.n.d if and only if it
is the past space at time zero of some vector-valued stationary white noise process.
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There is in fact a unique (modulo multiplication by a constant orthogonal matrix)
normalized white noise w such that

Y = H™ (w) (4.5.11)

and the dimension of w is equal to the multiplicity of Y.

Dually, a right-invariant subspace Y is p.n.d. if and only it is the future
space at time zero of some stationary vector white noise process. There is a unique
(modulo multiplication by a constant orthogonal matriz) normalized white noise w
such that

Y = H* (w) (4.5.12)

and the dimension of W is equal to the multiplicity of Y. The white noises w and
w are called the generating processes of the invariant subspaces Y and Y.

Proof. It will be enough to prove the first part of the statement only. To this
purpose, consider the orthogonal complement W;_; of Y;_1 in Yy, so that

Y =W _10Y; 1.

Note that W;_; is nontrivial, as the sequence of subspaces {Y;} must be strictly
increasing by the p.n.d. property and so, by iterating the orthogonal decomposition
fort—1,t—2,,...,s we obtain

Yt :Wt—l @Wt_Q...@Ws@YS, s < t. (4513)

It is obvious that the subspaces {W,} are pairwise orthogonal (by construction),
moreover, by Proposition A.2.5 in Appendix A.2, it is clear that { W} is a stationary
sequence of subspaces, i.e. Wy = U'W,t € Z where

W =UY&Y.

A subspace W with these two properties, is called a wandering subspace for the
shift U.
Now, for t fixed, the two projections of any element n(t) € Y; onto &L~ W,
and onto Y, say
n(t) =1(s) +1(s),

both must converge as s — —oo. That 7j(s) converges follows by the orthogonal
series Lemma A.1.1 in the appendix, since 7j(s) is a sum of orthogonal terms and
its norm is bounded above by ||n(¢)||; therefore the other addend in the sum also
converges as the left hand member is independent of s. However, lims_,_ o, 7(s)
must belong to H_,, and by the p.n.d. property this subspace may contain only
the zero random variable. Hence 7)(s) tends to zero as s — —oco and so any 7(t) €
Y, is equal to the infinite orthogonal sum of its projections onto the subspaces
{Ws, —00 < s < t}.
This property may be written as

Y. =0t W, (4.5.14)
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It remains only to notice that, if Y has finite multiplicity, W is finite-dimensional.
For, it is the projection of a space with a finite number, say p, of generators onto
the orthogonal complement Y*. Then, any orthonormal basis {ws,...,w,} of W,
shifted in time, becomes a generating normalized white noise, {wg(t) := Utwy, t €
7}, yielding the representation (4.5.11).

The proof of the converse statement follows from the next lemma. 0O

Lemma 4.5.5. The remote past (and the remote future) of a white noise process
ts trivial.

Proof. Let u = {u(t)} be a (not necessarily stationary ) second order process with
orthogonal variables, i.e. u(t) L u(s)t,s € Z. Every random variable h € Hy(u) is
orthogonal to the future values u(s), s > t. In particular, if h € H_(u) it follows
that h must be orthogonal to all u(t)t € Z. Therefore, by continuity of the scalar
product, h must be orthogonal to the whole of H(u). Hence it must be zero. 0O

The definition of a (forward) p.n.d. process given in the previous section in
terms of causal equivalence to white noise has now a geometric counterpart in terms
of remote past of the process.

Corollary 4.5.6. A stationary process y is p.n.d. in the forward sense if and only
if H™ (y) is a p.n.d. subspace i.e. "vH; (y) = 0. The normalized innovation w_(t)
is an orthonormal basis for the wandering subspace at time t, H ,(y) © H; (y) of

H™(y).

Proof. Necessity is an immediate application of the lemma that we have just proven
above. Conversely, if H™ (y) is a p.n.d. subspace, then by Wold’s Theorem 4.5.4
there is a normalized white noise w_ which is causally equivalent to y. O

Note that for full-rank processes the one-step prediction error e(t) = y(t) —
§—(t) is a basis for the wandering (or innovation) subspace W;. Hence we have a
causal representation of y(t) in terms of past prediction errors,

y(t) =Y Vo (t— s)e(s) (4.5.15)

where

V_(t = s)e(s) = Ely(t) | e(s)] = Ely(t) e(s) {Ele(s) e(s) ]} "e(s).
Since for s > ¢, e(s) is uncorrelated with (i.e. orthogonal to) y(t), it is readily seen
from the expression above that V_ is a causal function with rows in ¢2,. Note also
that
V_(0)=1.
The prediction error process {e(t)} is sometimes called the forward unnormalized
innovation process of y and (4.5.15) the unnormalized innovations representation of
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y. It is a natural representation for full-rank processes. In general, for processes of
rank p < m we can write

e(t) = D_w_(t) (4.5.16)

where D_ is some (non-unique) m x p matrix factor of the innovation variance
A :=E{e(t)e(t)'}, i.e.
A=D_D’.

We collect the above observations in the following statement.

Proposition 4.5.7. For a p.n.d. process the rank of the variance matriz of the
unnormalized innovation coincides with the rank (and multiplicity) of the process
itself; i.e.

p = rank y = rank E{e(t)e(t)'}. (4.5.17)

Naturally, everything that has been said so far, can be repeated mutatis mu-
tandis for the backward prediction error &(t) leading to anticausal (or backward)
unnormalized innovations representations of the process y with symmetric proper-
ties.

The p.n.d. property is in a sense a special case. How things go in general, is
described by the following theorem.

Theorem 4.5.8 (Wold). Fvery backward-shift invariant subspace Y admits a
decomposition in the orthogonal direct sum of a doubly invariant and a purely non-
deterministic subspace. In fact,

Y=Y . &Z (4.5.18)

where Z is backward-shift invariant and p.n.d.. Dually, every forward shift invariant
subspce Y admits the orthogonal decomposition

Y=Y, DZ (4.5.19)

where Z is forward-shift invariant and p.n.d.. The two decompositions with the
stated properties are unique.

Proof. Since Y_., C Y, we may define Z to be the orthogonal complement, Y= __,
of Y_, in Y. Since Y _ is invariant also for the adjoint, U, of the backward shift
(U*), it follows from Lemma A.1.6 that

UYt cyt,

from which it is seen that Y_. is a reducing subspace for U* (i.e. it is invariant
together with its orthogonal complement). At the same time, Y+ _ = Z is also
left-shift invariant, i.e. the stationary family Z; = U,Z is increasing with ¢. There
cannot be nonzero elements ¢ belonging to the intersection N; Z;, since any such
element ¢ should then be in Z; C Y, for all ¢ and therefore should belong to the
intersection, Y _o. This would however imply that £ € Y_, is orthogonal to itself
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and hence equal to zero. Uniqueness of a decomposition with the stated properties
is obvious since by Proposition A.2.5 of Appendix A.2, Y = Y1 ¢ Y® with YO
p.d. and Y® pn.d. implies that NU,Y = NU, YD & NU,YP and the p.d.
subspace must necessarily coincide with Y _ .

The dual statement is proven in exactly the same way. 0O

Corollary 4.5.9. Every stationary vector process y admits a decomposition
y(t) = v(t) +2(t), teZ (4.5.20)

where the processes v = {v(t)} and z = {z(t)} are completely uncorrelated, i.e.
E{v(t)z(s)'} = 0, t,s € Z, v = {v(t)} is forward p.d. and z = {z(t)} is forward
p.n.d..

There is just one decomposition (4.5.20), satisfying the conditions above, such
that Hy () C Hy (y), t € Z. In this case v generates the same remote past as y,
i.e.

Hv)=H_(v) =H_(y), H_.(z)=0 (4.5.21)

The processes v and z are called the (forward) p.d. and p.n.d. components of y.
Dually, an analogous orthogonal decomposition exists

y(t) =o(t) + 2(t), teZ (4.5.22)

where the properties of v(t) of being p.d and of Z(t) of being p.n.d. hold in the
backward sense. There is just one (backward) p.n.d. process z such that Hf (2) C
H/ (y), t € Z, satisfying the conditions above. It is called the (backward) p.n.d.
component of y.

Proof. Consider the decomposition of the invariant subspace H; (y) into its doubly
invariant and (forward) p.n.d. components

H; (y)=H ®H(y) teZ

A (forward) decomposition of y(t) with all the stated properties, can be obtained
by projecting y(t) onto the above orthogonal sum of subspaces. In fact, define, for
k=1,...,m,

ve(t) == Elyr(t) [Hooc],  21(t) = Elya(t) | Hera (y)]

Since H_ ., C Hy(y) and hence H_,, N H;(y)* = 0, it follows from Lemma 2.2.11
in Chapter 2, that

H o =E"=Hi(y) ® (H-o NHy(y)") = E¥ > Hy(y) = span{uv(s) |s < t}
and similarly, since Hy(y) C Hy(y),

H,(y) = span{u(s) s <t}
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86 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

so that the processes v and z have the stated properties. Uniqueness now follows
by the same argument given in the proof of Theorem 4.5.8.

In the same way one can prove the statement relative to the backward decom-
position. 0O

Note that the multiplicity of the p.n.d. component z will in general be smaller
than that of y.

Reversibility

Now it follows from Corollary 4.5.9 that the past and future spaces of y admit the
decompositions,

H; (y) = H o (y) & H; (u) (4.5.23)
HY (y) = Ho (y) @ HY (1) (4.5.24)

and, letting t — —oo in (4.5.23) and ¢ — 400 in (4.5.24) we get

H(y) =H_. ®@H(u) (4.5.25)
H(y) = H, @ H(a). (4.5.26)

It is natural to ask when the two decompositions are the same. To this end, we
shall say that a stationary process is reversible if the remote past and the remote
future coincide; i.e.,

H_oo(y) = Hico(y). (4.5.27)

Consequently, if y is reversible, the decompositions (4.5.25) and (4.5.26) are
the same. In particular,
H(u) = H(a). (4.5.28)

Therefore, a purely nondeterministic process that is reversible is also purely nonde-
terministic in the backward direction.

To understand reversibility we introduce the “time-reversed” process g(t) :=
y(—t) whose covariance function we denote by A(7). Since

A7) = Eg(t +m)ygt) = Ey(~t)y(-t = 7)) = A()

the spectral distribution of § is the transpose of that of y. Hence, the spectral
densities of the two processes can exist only simultaneously and are necessarily the
transpose of each other, i.e. ®(e?) = ®(e?)’. Now since

H; ()

span{yk(s); k=1,...,m,s <t} =spanqyr(—s); k=1,...,m,s < t}
= span{yk(7); k=1,...,m, 7> —t} = H,(y)

we have
H_(9) = i< BT (y) = Ne>—cHY (y) = Hioo(y)

and ¢ is forward p.n.d. if and only if y is backward p.n.d. We may summarize this
in the following proposition.
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Proposition 4.5.10. A forward p.n.d. process is reversible if and only if the
transpose of its spectral density matriz also admits analytic spectral factors.

This can be seen also from the following argument. Let ®(z)’ have the factor-
ization

®(2) = G(2)G(=~")

where G(z) is an an analytic spectral factor, which, without loss of generality,
we can assume to be of full column rank. Then ® admits also the factorization
O(2) = W(2)W(1/z)", where W(z) := G(1/z2) is a coanalytic spectral factor; i.e., a
matrix function whose rows belong to the conjugate Hardy space ﬁg. By dualizing
the last statement of Theorem 4.4.1, we see that y is also p.n.d. in the backward
direction, so we can represent y by an anticausal linear time-invariant convolution
operator

+oo
y(t) = S Wt - s)a(s),

where w is a normalized white noise; also see Definition 4.1.2. From this represen-
tation we have H/ (y) € H/ (w). Therefore, since NH (@) = 0,

H_w(y) =0=Hu(y),
and consequently y is reversible.
Proposition 4.5.11. Every full rank p.n.d. process is reversible.

Proof. The proof for vector processes depends on a function-theoretic criterion for
pure nondeterminism which can be found in [109, p. 85]. The criterion states that
a full rank stationary process is p.n.d. if and only if

/ log det ®(e?) df > —oc0

—T

which, since det ®(e?) = det ®(e??)’, can only hold simultaneously both for ® and
its transpose.

A very simple “geometric” proof for scalar processes can be given as follows.
Define the reflection operator R on the set Y := {y(t) | t € Z} by setting Ry(t) :=
y(—t). Similar to what was done for extending the shift operator U in Section 2.5,
we may check that R is isometric and linear on Y and can be extended to the vector
space generated by Y so that RY azy(tr) := > agy(—tx). Since R is isometric,
it can be extended as a unitary operator to the closure H(y). On this space R
is actually a unitary involution i.e. R?> = I. By continuity we have RH_,(y) =
H, . (y) and hence one of these two spaces is zero if and only if the other is.
Unfortunately, in the vector case the operator R is not isometric (the reader is
invited to check this). O
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88 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

4.6 The outer spectral factor

We shall now return to the missing half of the proof of Theorem 4.4.2. Our first
objective will be to investigate what special properties should be enjoyed by a pair
(W, w), with W a spectral factor and w a normalized white noise process satisfying
dj = Wdw, in order to satisfy the causal equivalence condition (4.1.7). Because
of stationarity, the causal equivalence condition is equivalent to equality of the two

subspaces at time zero,
H™ (w) = H™(y),

and this, in view of the representation Theorem 3.5.1, is equivalent to asking that
the spectral factor W should be such that!®

span{etey|k=1,...,p,t <0} =span{e”Wy|k=1,...,m,t <0}
where ey is the function identically equal to the k-th unit vector
ex(e?)y=10,...,1,...,0]

(1 in the k-th place). Clearly the first member is just the Hardy space Hg, SO we
may rewrite this equality as

span{e Wy |k=1,....,m, t <0} = H} (4.6.1)

This is a function-theoretic characterization of the spectral factors W for which the
causal equivalence condition holds. The equation above states in fact that any such
spectral factor must be an outer function in Hg (also called minimum phase). The
formal definition is given below.

Definition 4.6.1. An m X p matrix-valued function F' with rows in Hg is called
outer if'S span{z'Fy |k =1,...,m,t <0} = Hg. Symmetrically, an m X p matrix-

valued function G with rows in Fi is called conjugate outer if span{z'Gy |k =
L,...,m,t>0} = H2.
A p x p matriz-valued function Q € HS,, with unitary boundary values on the
unit circle, _ _
Q(e")Q(eN) =1 (4.6.2)
is called inner. A conjugate inner function still satisfies (4.6.2) but is instead
bounded analytic in {|z| < 1}.

Note that the left-hand member in (4.6.1) is just the smallest invariant sub-
space for the backward (or right-) translation operator z~' acting on H_, containing
the rows of the matrix W. Hence a matrix function is outer if and only if the small-
est invariant subspace containing its rows is the largest possible, i.e. the whole of
H2,

151n the formulas below the notations are a little inconsistent. To get things to look right one
should introduce the (unitary) operator M., of multiplication by the function e(e??) = €*® and
instead of e*?*Wy, write MW

16Here again we should write M{F}, instead of z*Fy. Note that M!F;, € HZ for t < 0.
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Remark 4.6.2. For any function F' € H} the invariant subspace span {z'F |t < 0}
is the closure in L% of products of F' times scalar analytic trigonometric polynomials

N
p(z_l) = Zpkz_k.
k=0

Now, by the Weierstrass approximation Theorem, these polynomials are dense (in
the sup norm) in the subspace of continuous functions on the unit circle {|z| = 1}
which have vanishing negative Fourier coefficients. It follows that analytic trigono-
metric polynomials are dense in the scalar H* space. Consider a sequence of
analytic polynomials {p,} such that p, — ¢ € H* in the sup (denoted oco)-norm.
Since

[PnF — @F |12 < |pn — ¢loc||FllLz — 0

as n — oo, the linear manifold span {pF |¢ € H*} is a dense vector subspace of
the smallest invariant subspace containig F'. In other words,

span{z'F |t < 0} =span{pF | € H®}. (4.6.3)

This in particular implies that,

Proposition 4.6.3. An outer matriz function F must be almost everywhere of full
column rank.

Proof. For, by limits of linear combinations of its rows > 1" ¢rFi, or € H™, it
must be possible to generate the unit vector functions {eg, k = 1,...,p} of HPQ.
Hence there exists a sequence of matrices Hy € H,5,, such that

HyF — 1

in L? as k — oco. But then there must be a subsequence {H,, } such that H,, F’
converges to the identity matrix almost everywhere. This couldn’t possibly be true
if rank F' < p on a set of positive measure. 0

Hence an outer spectral factor of a density ® of rank p must be a full rank
spectral factor, of dimension m x p'7. The white noise process for which the causal
equivalence condition (4.1.7) holds, is thereby uniquely determined by the outer
spectral factor as div = W—Ldj).

Invariant subspaces and the factorization theorem

The subspace in the left member of formula (4.6.1) is just a particular example
of invariant subspace for the operator of right translation (i.e. multiplication by
271 = e7) on the space L2. In the 1960s there has been a great amount of work

17Soon we shall prove that this factor is essentially unique and denote it by the symbol W_.

2007/
page



90 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

on the structure of general translation-invariant subspaces and the representation
of invariant subspaces. These results, some of which will be used many times in
this book, form now a cornerstone of operator theory.

In general, an invariant subspace Y of L% can be seen as the frequency domain
representative of a space of second order random variables in the Hilbert space
H(w), generated by some normalized p-dimensional white noise process w. This is
so, since for any such white noise process the representation operator Jy; is unitary
and we have (see (A.2.5) in Appendix A.2),

Y :=74(Y) C Ju(L}) = H(w)

so that the translation invariance of Y is the same as invariance of Y with respect
to the backward (or left) shift of the process w, i.e.

U*Y CY.

It follows then that studying the structure of invariant subspaces of LZQ) is the same
as studying the shift-invariant subspaces of the Hilbert space H(w). In this way we
make contact with the problem area discussed in Section 4.5. In fact, the problem of
discovering the structure of translation-invariant subspaces is completely answered
by the two theorems of Wold which were presented in the previous section.

Following the terminology introduced in Section 4.5, an invariant subspace
Y cC LIQ) will be called doubly invariant (or purely deterministic) if z='Y =Y. In
this case Yy := 27Y is actually constant in time. The subspace Y is called purely-
non-deterministic (p.n.d. for short) if N;Y; = 0. An invariant subspace is called of
full range if

Viez 2'Y = L,

equivalently, a subspace Y is full range if its orthogonal complement is p.n.d..
The following result, called the Beurling-Lax Theorem, is a direct corollary of
Theorem 4.5.4.

Theorem 4.6.4. Fvery full-range p.n.d. invariant subspace Y C Lg has the form,
Y= {fQ|fe H2} = H2Q (4.6.4)

where Q) is a p X p matriz function with unitary values on the unit circle, i.e.
Q) = I (4.6.5)

IfY C Hg then @ is actually inner. In any case @ is uniquely determined by Y,
modulo a constant unitary factor.

Proof. By Theorem 4.5.4, every p.n.d. left-invariant subspace Y of H(w) has the
form H™ (u) where u is normalized white noise. If Y = H™ (u) is full-range then
the dimensions of w and u must be the same (equal to the multiplicity p) and, in
fact, we must have
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Since H; (u) € H(w), for all ¢, u(t) can be expressed as a linear (not necessarily
causal) functional of the white noise w. It is an immediate consequence of Theorem
3.5.1 and Lemma 4.2.4 that the Fourier transforms of v and w are related to each
other by an invertible (a.e.) p x p matrix function @ = Q(e") with rows in L2, i.e.

dis = Qdib,

and from the spectral factorization condition 4.2.1 (recall that the spectral density
matrix of w is equal to the Identity matrix), it follows immediately that @ must
be unitary on the unit circle. Therefore, by changing stochastic measure in the
integrals, it follows that H™(u) = Ja(H}) = J4(HZQ), that is Y = HZQ. This
proves the representation formula (4.6.4).

Next, we have Y C H if and only if H™ (u) € H™ (w) and, by the proven part
of Theorem 4.4.1 above, this is true only if () is an analytic spectral factor of the
identity, i.e. an inner function. The uniqueness of @) only modulo multiplication
by constant unitary (i.e. orthogonal) matrices is a natural consequence of the fact
that normalized white noise processes are only distinguishable modulo this kind
equivalence. 0O

The inner-outer factorization theorem for full-rank functions in Hg follows
easily from the invariant subspace theorem.
Theorem 4.6.5. Fvery matriz function F € anxp of full column rank a.e., has a
factorization F = F_Q where F_ is outer and Q) inner p X p. In this factorization
F_ and Q are unique up to p X p constant orthogonal factors.

Proof. Let Y be the invariant subspace in Hg generated by the rows of F. Since
F is of full rank Y has p linearly independent generators, and therefore it is full
range. Hence Yp = HgQ where @) is a uniquely determined inner function. Since
the rows of F' belong to Yr we have F' = F_( where F_ is an m X p matrix function
in H2. Since multiplication by an inner matrix function is a unitary operator, it is
easy too see, by this factorization, that the invariant subspace generated by F' has
the form

Yr=Y9r Q.
By uniqueness of the representation of the invariant subspace Yr it must be that
Yy = H2 ie. F_ must be outer. If F = GQ; is another such factorization, then

Yr = Hg@l so @ and @ are equal up to a constant unitary matrix factor. It
follows that F_ and G must also be equal up to a constant unitary right matrix
factor. a

We shall need also a generalization of Theorem 4.6.5 to non full-rank matrix
functions.

Definition 4.6.6. A function R € HSS.. where r > p, such that

pXT

R(e")R(e")* =1, (4.6.6)
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is called a unilateral inner function's.

Theorem 4.6.7. Every matriz function F € H2,.,. of rank p <r a.e., has a fac-
torization F = F_ R where F_ is outer m X p and R is a unilateral inner function of
dimension p X r. In this factorization F_ is unique up to p X p right constant unitary
factors. The factor R is unique modulo multiplication by orthogonal matrices only
if p=m (in which case F_ is square).

Proof. Pick an r-dimensional normalized white noise process w and consider the
stationary m-dimensional process y, defined in the same probability space of w, by
the relation dj = Fdw. Since F is analytic, by the Paley-Wiener Theorem (4.3.2),
y(t) is a causal functional of the process w and hence

H™ (y) CH™ (w)

i.e. the past of y is a shift-invariant subspace of H™ (w) and therefore a p.n.d.
subspace of multiplicity p. This, in view of the Theorem 4.5.4, is equivalent to the
existence of a p-dimensional normalized white noise process u such that H™ (y) =
H~(u). It follows that there is an analytic p x r spectral factor R of ®,, = I, (i.e.
a p X r unilateral inner function) such that dit = Rdw. Hence from the subspace
inclusion above we get,

H (y) = Iy (Span {ethk |[k=1,....m,t<0}) = f]u;(HzR)

and since the rows of F' are contained in the subspace H§R there must be m row-
functions {Gy |k = 1,...,m}, in H? such that F = GR. On the other hand we
must have span{e"'Gy, |k =1,...,m, t <0} = H2 and hence G is outer. The rest
is obvious. O

At this point we have available the techniques to discuss the solutions of the
analytic spectral factorization problem (4.4.3). The main result is stated in the
following theorem.

Theorem 4.6.8. Assume ®(z) is an m X m spectral density matriz of rank p
a.e. admitting analytic spectral factors. Then ®(z) admits an outer spectral factor
W_, of dimension m X p. This is the unique outer factor of ®(z), modulo right
multiplication by a constant p X p unitary matriz.

Every full-rank analytic spectral factor W can be written

W(z) = W_(2)Q(2), (4.6.7)

where Q(z) is an inner function uniquely determined by W mod O.
All other analytic spectral factors of dimension m X r, r > p are of the form

W(z) = W_(2)R(z), (4.6.8)

18 This denomination is non-standard. Such functions are called rigid in Fuhrmann’s [35].
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where R(z) is a p X r unilateral inner function.
A completely symmetric result holds for the coanalytic spectral factorization

problem ®(z) = W (2)W(1/2)" with W, € H_p2, kE=1,...,m.

Proof. We only need to prove the uniqueness of the outer factor, since the fac-
torizations (4.6.7) and (4.6.8) follow immediately from the outer-inner factorization
Theorems 4.6.5 and 4.6.7. To this purpose, let W; and W5 be both outer. Then,
by the spectral factorization equation, Wi W} = WyWJ3, and the function,

Q = Wi twy =Wy (W)~ = Wy Pwn)*,

is a p X p unitary matrix function on the unit circle, irrespective of the version chosen
for the left inverses. This follows by the second identity in Lemma 4.2.6 which
implies that QWy “W, = W, YWy = I and, likewise, Wy “W,Q = W, ‘W, = 1,
showing that Wy LW, is actually the inverse of Q.

Now, again by Lemma 4.2.6 we have W1Q := WlVVfLWg = W5 and since
both W7 and W, are outer @ must be a constant unitary matrix. This concludes
the proof. 0O

Remark 4.6.9. Theorem 4.6.8 provides the missing “if” part of the proof of
Theorem 4.4.2. For, assume there is an arbitrary analytic spectral factor; then
from (4.6.8) we see that W_ is also necessarily a spectral factor and in fact the
(unique) outer factor. Then the left-inverse of this factor provides the whitening
filter which generates the innovation process w_ causally equivalent to y.

How do we recognize outer functions? in other words what are their distinctive
analytic properties? There are very precise characterizations of outer functions in
the scalar case, see e.g. [52] but these formulas do not generalize in a simple way
to the vector case and we shall not report them here. As we shall see below some
important analytic properties of outer functions can be derived directly from the
geometric definition without dwelling too much into complex variable theory.

Inner functions

Scalar inner functions have been described and classified completely in the literature
[11, 52]. It can be shown that a real scalar function Q (Q(z) = Q(z7!)) is inner
if and only if it is of the form Q(z) = ¢B(z)S(z) where ¢ is a constant of modulus
one; i.e. ¢ = +1, B(z) is a Blaschke product, namely *°

—+o00
1— a2z
Be) =] S—a- Jasl <1, (4.6.9)
k=1

9Recall that a real analytic function has poles and zeros which come in conjugate pairs; i.e.
ay is a pole (or a zero) if and only if the conjugate &y is also a pole (or a zero). For this reason,
either at the numerator or at the denominator of the expression (4.6.9) aj may be replaced by
the conjugate @j. Also, in this case there is no need to introduce the convergence factors ay /||
which are needed in the general case [52, p. 64].
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and S(z) is a singular inner function, which has the general expression

T2+ et
S(z) = exp{— P,

— p?
- e

du(e®)} (4.6.10)

where p is a finite positive measure on the unit circle whose support has Lebesgue
measure zero, in other words, a finite positive singular measure .

In the expression (4.6.9) the zeros, {1/ay}, are all in the region of analytic-
ity {|z| > 1}, including possibly the point at infinity and are assumed to appear
repeatedly according to their multiplicity. The poles are at the reciprocal (and
reciprocal-conjugate) locations in the interior of the unit circle. The conjugate
function, B(z7!), has symmetric properties which actually correspond to the stan-
dard way Blaschke functions are introduced in the literature, where the interior of
the unit circle plays (contrary to what is done in this book) the role of region of
analyticity.

It can be shown that a necessary and sufficient condition for the convergence
of the infinite product (4.6.9) in {|z| > 1}, is that the product [[;>5 |ax| (or equiv-
alently T[>S 1/|ax|) converges. This in turn is equivalent to 370, (1 — |ax|) < oo
(or Y po (1—]1/ag|) < 00), see e.g. [51, p. 223], which prescribes the possible rate
of accumulation of the zeros (equivalently, the poles) of the function B(z). In fact,
since convergence of the first series occurs only if 1 — |ag| — 0, the accumulation
points may only be on the unit circle.

The finite Blaschke products are just the scalar rational inner functions. It
should be noted that the analytic expressions given above for Blaschke functions
make generally (i.e. except for singularities located in the unit circle) sense also in
the region {|z| < 1} of the complex plane. It can be shown (but we shall not go
into this here) that all inner functions actually have an analytic continuation across
the unit circle, except at the points of the unit circle where the singular component
S(z) is supported or at accumulation points of zeros. In particular, when there is no
singular part, one may think of a scalar inner function as an analytic function which
is defined and analytic almost everywhere on the complex plane and is determined
(modulo a constant unitary factor) by its zeros, which are all located in the region
{]#] > 1}. For it is clear from the expressions above that assigning a countable set
of points in {|z| > 1} obeying the convergence constraint for Blasckhe products, to
be the zeros of the function, specifies the inner function uniquely up to the constant
factor of modulus one.

In the matrix case there are no simple general expressions of this type. How-
ever, it is easy to see using Binet Theorem, that the determinant of a matrix inner
function must be inner and then one can introduce a classification of matrix in-
ner functions based on the structure of their determinant. For details we refer the
reader to Helson’s book [46] p. 80-89.

We now proceed to state a criterion for outer functions in terms of zeros.

Definition 4.6.10. Let the matriz function F' € anxp have full column rank a.e..
A complex number « in the region of analyticity {|z| > 1} a (right) zero of F, if
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there is a nonzero vector v € CP, called an associated zero direction to «a, such that,
F(a)v=0. (4.6.11)
Dually, in case F € anxp has full row rank a.e., we shall call a complex

number « in the region of analyticity {|z| > 1} is a (left) zero of F, if there is a
nonzero vector w € C™, called an associated zero direction to «, such that,

w'F(a) =0. (4.6.12)

We shall elaborate further on the notion of zeros in Chapter ?? where we shall
restrict to rational matrix functions. Here we shall only mention that the rational
of the definition is to consider as zeros only points of the region {|z| > 1} where
the rank of F' drops below its generic value (which is p or m in the two situations
considered). The left- or right- zeros defined above are just the invariant zeros
which will be introduced in Chapter ??. Note that the zeros of an H? function
can in general be defined only in the region of analyticity {|z| > 1}, as F' may not
have an analytic continuation to the interior of the unit circle, {|z| < 1}. However
for special subclasses (e.g. rational functions) admitting analytic continuation, the
same definition applies to arbitrary complex numbers as well.

Outer functions have full column rank. They can be characterized as analytic
functions without (right) zeros.

Theorem 4.6.11. An outer function cannot have zeros in {|z| > 1}, including the
point at infinity. In particular, a rational function in H? is outer if and only if it
has no poles in {|z| > 1}, and no zeros in {|z| > 1}, including the point at infinity.

Proof. We shall show that if F' admits a zero; i.e. there is a outside the unit
disk for which (4.6.11) holds, then the invariant subspace J := span {¢*F}, |k =
1,...,m, t <0} cannot be the whole of Hg, that is, F' cannot be outer.

Since for any nonsingular m x m and p X p constant matrices 7', S, the function
TF'S spans the same invariant subspace JF, there is no loss of generality to assume
that v is just the first vector ey :=[1,0,...,0]’, in the canonical basis of C?. Hence
we may and shall assume that the elements Fy ;,5 = 1,...p all have a zero at a;
i.e. I ;(a) = 0. Since the zeros of a function in H? must be isolated and of finite
multiplicity [52], all F} ; can be written as

Fiy(z) = Fu(2) ( S )kj :

1—az

where F j(z) € H?, k; > 1 are the multiplicities of the zero, and F} j(z)(c) # 0.
It follows that the first component f1, of any function in F must have a zero of (at
least) multiplicity k := M.C.D.{k;} at a. Letting Q(z) be the maximum common
divisor of all elementary Blaschke factors on the right, all such first components can
be written as

fi(2) =h(z)Q(z), heH?.
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96 Chapter 4. Innovations, Wold Decomposition, and Spectral Factorization

Now, for any nontrivial inner function ), there are functions g € H 2 such that
G(z) :== Q*(2)g(2) is in H?. These functions fill in fact the orthogonal complement
(H2Q)* in H?. For instance,

1
g9(z) = ZIT:T%ESE
is one such function. Consider now the subspace G of Hg made of vector functions
of the form [g 0 ... 0];9 € (H?Q)*. Since for any f = [f1 f2 ... fp] € F we have
(fi,9ugz2=(h,Q*¢)g==0,7=1,....mwehave § L F. O

Hence, a scalar rational outer function has no poles in {|z| > 1}, no zeros in
{]z] > 1} and equal degrees of the numerator and denominator polynomials. These
functions are called minimum phase in the engineering literature.

4.7 Bibliographical notes

The early references on prediction theory are [66] [124]. The idea of whitening
filter and the cascade structure of the filter appear in the paper [13]. Spectral
factorization as a tool for solving filtering and prediction problems was introduced
by Wiener [124, 122, 123].

Orthonormalizable processes are called processes of constant rank in [109].
Since every Hermitian positive semidefinite matrix H admits square roots, i.e. ma-
trices W that satisfy H = WW?*, it is sometimes stated in the literature that y
is orthonormalizable (in our terminology) if and only if its spectral distribution
function is absolutely continuous and the relative spectral density matrix ® has
constant rank a.e. on [—m,w]. This somewhat simpler statement requires how-
ever a proof that the square-root matrices of ®, (which unfortunately cannot be
defined pointwise) can be suitably chosen for each 6 and patched together so as to
form (at least) a measurable matrix function W. The seemingly more restrictive
factorizability condition in our Theorem 4.2.1 avoids these annoying technicalities.

Wold’s representation theorem in terms of wandering subspaces was of course
first introduced in the seminal work of H. Wold [126] on stationary processes and
prediction theory. Wold’s ideas have been generalized in many directions. Starting
with [44, 91], generalizations of “Wold Decomposition” theory have become part of
functional analysis and have led to a unifying view of certain fundamental problems
in operator theory and Hardy spaces [46]. The basic operator-theoretic (and Hardy
space) results which have stemmed from this idea can, as it is shown in Section
3.5, simply be seen as isomorphic function-analytic counterparts of the geometric
Hilbert space results exposed in Section 3.4. Several excellent books have been
written on Hardy spaces, some of wich are classical reference works. We shall just
mention here [52, 46, 27, 37]. The Paley-Wiener Theorem is in [102].

The Beurling-Lax Theorem on invariant subspaces first appeared in [11] (for
the scalar case) and was then generalized to vectorial functions in [70].

Much research has been devoted in the 1950s and 1960s to understand the
function-theoretic properties which characterize the spectral density matrix of vec-
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torial p.n.d. processes, and the related “causal” spectral-factorization problem.
Among the basic references we quote [69, 122, 47, 109].
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Chapter 5

Wold Decomposition, and
Spectral Factorization in
Continuous Time

In this chapter we shall describe the continuous-time analogs of the ideas and rep-
resentation results of the previous chapter. As discussed before, the interesting
generalization of the discrete-time setting is to continuous-time stationary incre-
ments processes. For this reason we shall be mostly concerned with this class.

5.1 Stationary increments processes and the
continuous-time Wold decomposition

Let {y(t); t € R} be an m—dimensional mean square continuous process with sta-
tionary increments, H(dy) the Hilbert space generated by its increments and let
{U:} be the associated strongly continuous unitary group in H(dy).

In general, given any subspace K of H(dy), we define the stationary family
of translates {K;}, of K, by setting K; := U;K, ¢t € R and introduce the past and
future (at the time zero) of the family {K;} by

K™ = vtSOKt; I(+ = \/tzoKt (511)

where the symbol V denotes closed vector sum. Clearly, K; := U;K~ and K} :=
U:K™ form an increasing, respectively, a decreasing family of subspaces of H(dy).

Subspaces K for which K; = K; or K; = K?‘ can be characterized in the
following way. Introduce the forward and backward shift semigroups {Uy; t > 0}
and {U;; t > 0} acting on H(dy), where U, is the shift induced by dy, defined in
(2.7.3). It is then easy to check that a subspace K generates an increasing stationary
family of translates {K;} if and only if it is backward-shift invariant; i.e.,

U;KCK for all t > 0. (5.1.2)
Similarly, K generates a decreasing family of translates {K;} if and only if,

UK CK for allt >0 (5.1.3)

99
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100 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

i.e. Kis a forward shift invariant subspaces. A subspace satisfying both conditions
(5.1.2), (5.1.3) is called doubly invariant.

In analogy with the discrete-time setting, we shall say that an increasing
family {K;} is purely nondeterministic (p.n.d) if the “remote past” K_o := NterKs
contains only the zero random variable. The property of being p.n.d. depends on the
structure of the backward shift invariant subspace K alone. Dually, for a decreasing
family {K;} in H(dy), define the “remote future” Ko, := NierK;. If Ko is trivial
we say that {K;} is p.n.d. or that K is a p.n.d. (forward shift) invariant subspace.
A stationary-increment process dy will be called (forward) p.n.d. whenever H™ (dy)
is p.n.d. and backward p.n.d. when HT (dy) is p.n.d..

The following representation theorem is the continuous-time version of the
Wold representation theorem (Theorem 4.5.4).

Theorem 5.1.1. A necessary and sufficient condition for a subspace S C H(dy)
to be backward shift-invariant and p.n.d. is that there is a vector Wiener process
dw such that

S =H (dw) (5.1.4)

Similarly, a necessary and sufficient condition for a subspace S C H(dy) to be
forward shift-invariant and p.n.d. is that there is a vector Wiener process dw such
that

S = H*(dw) (5.1.5)

Both dw and dw are uniquely determined by S and S modulo multiplication by a
constant orthogonal matriz. The dimension of dw s called the multiplicity of S or
H(dw) and the dimension of dw the multiplicity of S or of H(dw)

A proof can be obtained from the discrete-time result by the so-called Cayley
transform. For details see [71, 92].

Note that whenever VicgS: = H(dy), in which case S is said to be of full
range , we have a representation of the space H(dy) as

H(dy) = H(dw) (5.1.6)

An analogous representation of H(dy) is obtained in the case S is full range.

5.2 Hardy spaces of the half-plane

A similar construction to the one described in Section 4.3, but starting from the
familiar Lebesgue space L% (R) of (equivalence classes of ) square integrable functions
on the real line leads to the Hardy spaces of the half-plane.

Definition 5.2.1. The Hardy space of the half-plane, denoted H2(Cy) (or H?
for short, when there is no danger of confusion), consists of p-dimensional vector
functions analytic on the right half of the complex plane, having the property that
the family of maps {iw — f(o + iw);0 > 0} is uniformly bounded in the Lf,(]l)
norm. Dually, the conjugate Hardy space of the half-plane, denoted f[g((&r) (or
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5.2. Hardy spaces of the half-plane 101

Hg for short) consists of p-dimensional vector functions analytic on the left half of
the complex plane, having the property that {iw — f(o +iw);o < 0}, is uniformly
bounded in the L2(I) norm.

It can be shown, see e.g. [52, p.128], that the functions in HZ(C,) (H2(Cy))
have nontangential boundary values on the imaginary axis of the complex plane,
convergence taking place both in the LI%(]I) norm and almost everywhere. Moreover
they can be uniquely recovered from their boundary values (belonging to L3(I)).
By introducing a proper definition of norm, the correspondence between analytic
functions and their boundary values can actually be made unitary so one does
not need to distinguish between the two classes. This convention we shall follow
also in this book, so functions on the imaginary axis which are boundary values of
functions in the Hardy space H2(Cy) (resp. H2(C4)) will be called analytic (resp.
co-analytic).

The (continuous-time) Paley-Wiener theorem describes exactly which func-
tions on the imaginary axis are boundary values of functions in the Hardy space
H2(C4) (resp. H2(CL)). Recall that functions f € L2(R) which vanish a.c. on the
negative (positive) axis are called causal (anticausal). The causal and anticausal
functions form complemetary Hilbert subspaces of L2(RR) which are denoted L2*(R)
and ij (R) respectively. As it has been recalled in Chapter ??, the Fourier operator
$ maps L}%(R) unitarily onto Lg(ﬂ, g—‘;) (written as L}%(]I) for short).

Theorem 5.2.2 (Paley-Wiener). With the conventions established above, the
Hardy space Hp2(C+) is the image of the subspace Lg* (R) of causal p-dimensional
functions under the Fourier map,

J(L2T) = H}(Cy). (5.2.1)

Dually, the conjugate Hardy space of the half-plane, Hz((CJr), is the image of the
subspace Lg’ (R) of anticausal p-dimensional functions under the Fourier map,

J(L2) = H)(Cy). (5.2.2)

p

Hg((CJr) and I:I}f((CJr) are orthogonal complementary subspaces of Lf,(]l).

Hardy spaces of the disk and of the half-plane are commonly regarded, in
a sense, as isomorphic objects. This however is not quite correct. There is a
wider class of analytic functions on the half plane which (in a very precise sense
to be defined later) is the continuous-time analog of the Hardy class of the disk.
These functions arise in connection with the spectral representation of stationary
increments processes and for this reason we shall have to study their properties in
some detail. They are constructed in the following way.

If we map the exterior of the unit disk I onto the right half plane C; (and
hence the interior of the unit disk onto the left-half plane) by the conformal trans-

formation,
z+1
=p:= 5.2.3
s=pi= (5.2.3)
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102 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

and define the corresponding mapping 7, acting on functions, by

ﬂf@):fﬁﬂ—pWQZf(z+i), (5.2.4)

then H 3 (D) is mapped onto a space of analytic functions in right half plane C,. which
we shall name W2, Similarly, the transformation T, takes any function f € H2(D)
into a “conjugate space” of functions, \/_\7127 analytic in C_ = {Rs < 0}. The following
characterization of WZ and WZ can be obtained by an easy generalization of similar
results presented for the scalar case in [52, p.128-130].

Theorem 5.2.3. The spaces W127 and \/_\7127, are described by

Wo={f:f=Q+s)f|feH)
Wy ={f:f=0—-9f|feH

(1+s)H2(Cy) (5.2.5)
(1—s)H}(Cy) (5.2.6)

Every function in Wi A }2,) has nontangential boundary values (a.e.) on the imag-
wmary axis belonging to the space

Co)}
Co)}

dw
L2 =12\ — 2.
b P[’waw)} (5-2.7)

from which it can be uniquely recovered. The map T, defined in (5.2.4) is an isom-
etry of Lf, of the unit circle onto LZ under which HE(]D)) is mapped onto WZ and
H2(D) onto W2.

The Hardy spaces of the half plane HE (Cy) and HE (C4) are properly contained
m Wf, and Wf, (respectively) and correspond, under Tp_1 to the subspaces,

T, H(Cy) = {f: f € H}(D) | —= f(2) € H}(D)} (5.2.8)

T, HAC) = {7+ f € BAD) | — f(=) € HXD)). (5.2.9)

Let us introduce the forward and backward difference operators of width h > 0
iwh 1

in Li, as the multiplication operators by the functions x(iw) := =—— and
Xn(iw) = xn(—iw) respectively. Note that, since x5 (resp. Xn) is the Fourier

transform of the anticausal indicator function Ij_j ) (respectively, X5 of the causal
indicator function Ifg5)), it has a bounded analytic continuation to s < 0 (to
Rs > 0). In fact, yp belongs to the scalar Hardy space H*® of uniformly bounded
analytic functions in #s > 0 and yy, belongs to the conjugate Hardy space H®.

Lemma 5.2.4. The following alternative characterizations of W127 and \/_\7127 hold.

o An element f € LZ s in W% if and only if xXnf belongs to Hp2(C+) for all
h > 0.
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5.2. Hardy spaces of the half-plane 103

o Dually, f € LIQ) 18 in WIQ) if and only if xnf belongs to the conjugate Hardy
space H2(CL.) for all h > 0.

Proof.

We shall prove only the first statement as the dual follows by symmetry. Let
[ € W2 be written as f(iw) = (1 +iw)g(iw) with g € HZ(Cy) (see (5.2.5) above).
Since for all h > 0, x, € H*, and all terms in the right hand side of

Xnf=xXng—e “tg+g
are in H2(C,.), we have xp,f € H2(C4) for all h > 0.

Conversely, assume that y, f € HE (Cy4) for all h > 0. We shall show that this
implies f(s)/(1+s) € H? (equivalently f(s) = (1 + s)g(s) for some g € H?) and
this will lead to the desired conclusion by (5.2.5), Theorem 5.2.3. To this end we
shall use the Laplace transform formula:

1 et -1
= —/ eie_tdt, Rs > —1.
1+s 0 5

which, multiplying both sides by f and introducing the Borel measure dm(t) :=
e~tdt on R, yields,

1
1+ 1w

fliw) = — /OOO Xt (iw) f (iw)dm(t) .

By assumption the map +; : t — X¢f takes values in Hg. If we can make sense of
the integral in the right side as a vector-valued integral in H2 (see [130, p. 132])
it will automatically follow that the first member is also in Hﬁv and the lemma will
be proven. A sufficient condition for this to be the case is that ; be (strongly)
continuous and that

/ el2dm(t) < oo
0

the norm being that of H2. Now, let du(w) := dw/(14w?), and consider the identity

“+o00 +oo 2. 2
_ . . sin”(wt/2 .
hol? = | wtPiropas = [ BB ) i) Paue)
o o (W/2)
where | f(iw)|? is the Euclidean norm of the vector f(iw). In view of the inequality
.2 2
sin®(wt/2) o sin®(wt/2) , . 9
— (1 = —V"t"+4 t/2) <t“+4
i )T T S ST
and the fact that f € L2, we see, by dominated convergence, that ||| — 0 as

t | 0. Note however that for ¢; > to we have ||, — e, |2 = | Xts—t2 F1I? = ||7es 2o 1%
It is easy to check that the same is actually true also for 0 < ¢; < t5, so that
V¢, — Ve, strongly as t; — to. This proves continuity . To see that the integral of
the squared norm is finite, just notice that we have the bound

l7ell* < (2 + D flez
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104 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

This concludes the proof. 0O

Using this lemma it is easy to derive a generalization of the Paley-Wiener
criterion to the spaces Wf, and Wf,.

Theorem 5.2.5. The space WIQ) consists precisely of those functions in Lg for
which,
+oo eiwt _ eiws
/ ———— fliw)dw =0 forallt,s <0. (5.2.10)
o iw

Dually, Wf, consists of those functions in Lf, for which,

+oo eiwt _ eiws
/ ———— fliw)dw =0 forallt,s>0. (5.2.11)

oo w

The intersection Wi N Wf, contains only the constant vector functions and is iso-
morphic to RP.

Proof. As f € W2 if and only if x5 f belongs to H>(Cy) for all & > 0 (Lemma
5.2.4) and this in turn happens (by Paley Wiener), if and only if

—+o0
/ et (iw) f(iw)dw = 0 for allt <0,

— 00

i.e., if and only if

+o0 eiw(t—h) — piwt
/ "% fliw)dw=0 forallt<0h>0,

oo W

we see that (5.2.10) is indeed equivalent to f € W2, That W2 N'W2 = R follows
from the isomorphism with H? spaces of the unit disk stated in Theorem 5.2.3. 0O

5.3 Analytic spectral factorization in continuous time

The subspaces S and S, defined by (5.1.4) and (5.1.5), consist of random variables
with stochastic-integral representations of the type (3.5.4) in which, in the case of
S, f is a casual function in LI%(]R), ie. f(t) =0 ae. fort < 0 or, in case of S,
an anticausal function, for which f(¢) = 0 a.e. for ¢ > 0. Causal and anticausal
functions form orthogonal complementary subspaces of Li. From this it follows that
the subspaces S and S in (5.1.4), (5.1.5) naturally correspond to the Hardy spaces
H?2 and H? of the half plane, under the appropriate representation maps, namely,

S =H" (dw) =J3H, , S =H"(dw) =%, H; (5.3.1)

where p and p are the respective multiplicities.
Assume now that the stationary-increment process dy is purely non-determi-
nistic in both the forward and the backward direction; see Section 5.1. Then, by
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5.3. Analytic spectral factorization in continuous time 105

Theorem 5.1.1 applied to the subspaces S = H™ (dy) and S = H* (dy), there are two
Wiener processes, which throughout this book are denoted dw_ and dw., called the
forward and, respectively, backward innovation processes of dy, such that H™ (dy) =
H~ (dw_) and H* (dy) = H" (dw,). Note that this implies that H(dw_) = H(dy)
so that the two Wiener processes have the same dimensions p, which is called the
multiplicity, or rank, of the process dy. (A stationary increments process is full rank
if its multiplicity equals its dimensions).

Now, for any h > 0, y(—h) — y(0) € H™ (dw_), and y(h) — y(0) € H*(dw,.),
so that there are m X p analytic and coanalytic matrix functions, W}, respectively,
Wi, ( with rows in Hg and, respectively, I_{g) such that,

+oo
y(—=h) —y(0) = 3 Wi, (iw)di - (iw) (5.3.2)
and
+oo R
y(h) —y(0) = 3 Wi (iw)dw (iw) (5.3.3)

where di_, di; are the spectral measures of dw_,dw; [compare (3.6.2)]. Using
the difference operators xn, Xn we can rewrite (5.3.2), (5.3.3) in terms of the new
functions

W_ = x;,' Wy (5.3.4)
Wi = x5, ' Wh (5.3.5)

Once we rewrite the integral representations (5.3.2), (5.3.3) in terms of (5.3.4),
(5.3.4), it becomes evident, by comparison with the spectral representation (3.6.6),
that

dj = W_dir_ = W di, (5.3.6)

the relations holding by uniqueness of the spectral measure dy. From this it is easily
seen that W_ and W, do not depend on h and, by Lemma 5.2.4,

W_eW?, WyeWw (5.3.7)

We have therefore proven the following statement.
Proposition 5.3.1. The spectral distribution dF of a purely nondeterministic (both
in the forward and in the backward sense) stationary increments processes must be
absolutely continuous with a (matriz) spectral density ® := dF/d(w/27) satisfying
O (iw) = W_ (iw)W_ (iw)* = W, (iw) W, (iw)* (5.3.8)
almost everywhere on the imaginary axis. The matriz functions, W_ and W,

belong to the spaces Wf, and Wg, and are analytic and co-analytic full-rank spectral
factors of @ .
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106 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

Outer spectral factors in W2

The m x p functions W_ and W, are rather special solutions of the spectral fac-
torization equation,

D (iw) = W (iw)W (iw)™. (5.3.9)

In fact, we shall see that W_ and W, are the unique (mod O) outer and conjugate
outer spectral factors of ®. That W_ € Wg and deserves to be called outer and,
similarly, W, € V_Vg conjugate outer, follows readily from the identities H™ (dy) =
H™ (dw-) and H*(dy) = H' (dw. ), the spectral representations (5.3.2), (5.3.3) and
the definitions (5.3.4), (5.3.5), which imply that,

span{x,W_; h >0} = H}, (5.3.10a)

span{x,Wy ; h >0} = H. (5.3.10b)

We shall take (5.3.10a) and (5.3.10b) as the defining properties of outer and conju-
gate outer functions in Wg and Wg.

The following theorem generalizes the inner-outer factorization theorem ?? to
W2 spaces.

2 of full column rank a.e., has

Theorem 5.3.2. Every matriz function F' € Wy, .,
a factorization F = F_Q where F_ is an outer function in W, and Q is inner
p X p. In this factorization F_ and Q are unique up to p X p constant orthogonal

factors.

Proof. Tt is immediate to check that span{xxFr ; h > 0,k = 1,2,...,m} is
a subspace of Hg which is invariant for the operators of multiplication by iw —
e™?:t < 0. Hence there is an (essentially unique ) inner function @ such that

span{xnFi; h>0k=1,2,...,m} :HgQ.

Each function ypFj,h > 0, has therefore a representation Y, Fy = Gi ;@ with
Gin € HE. Now Xﬁle,h is in Wf, and is clearly independent of h (for it is equal
to FrQ*) so we can rename it just Gx. Now we claim that the matrix G with rows
G, constructed above, must be outer; i.e. it must be true that,

span{ysGr; h>0,k=1,2,....m} = H; .

For otherwise this would instead be a proper invariant subspace of the form HER
for some nontrivial inner function R. In this circumstance however we would get

span{ynFr; h>0,k=1,2,...,m} =span{xnGrQ; h >0,k =1,2,...,m} = H RQ,

which contradicts uniqueness of the representation of the invariant subspace span{ x» Fx ; h >

0,k=1,2,...,m}. 0O

There is a generalization to W? spaces of the factorization theorem in case of
non full rank functions. We shall report it below without proof.
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5.3. Analytic spectral factorization in continuous time 107

Theorem 5.3.3. FEvery matriz function F € W2 . of rank p < r a.e., has
a factorization F = F_R where F_ is outer m X p and R is a unilateral inner
function of dimension p X r. In this factorization F_ is unique up to p X p right
constant unitary factors. The factor R is unique modulo multiplication by orthogonal
matrices only if p = m (in which case F_ is square).
A totally analogous factorization holds for coanalytic matriz functions F €
W2
In perfect analogy to what we saw in section 4.6, these factorization theorems
lead to a complete classification of the solutions of the spectral factorization problem
for stationary increments processes.

Theorem 5.3.4. Assume ® is the m X m spectral density matriz of a stationary
increments process of rank p, admitting analytic spectral factors. Then ® admits an
outer spectral factor W_ in W,anp. This is the unique outer factor of ®, modulo
right multiplication by a constant p X p unitary matriz.

Every full-rank analytic spectral factor W can be written

W =W_qQ, (5.3.11)

where Q is an inner function uniquely determined by W mod O.
All other analytic spectral factors of dimension m X r, r > p are of the form

W =W_R, (5.3.12)

where R is a p X v unilateral inner function.
A completely symmetric result holds for the coanalytic spectral factorization

problem ®(z) = W (2)W (1/z) with W, € Wi, k=1,...,m.

The proof of this theorem is the exact analog of the proof of Theorem 4.6.8
and is therefore omitted. We are finally in the position of stating and proving the
continuous-time version of the fundamental representation theorem 4.4.1.

Theorem 5.3.5. Let dy be a mean-square continuous m-dimensional stationary in-
crements process. Then dy can be represented as a causal functional of a normalized
r-dimensional (r > p) Wiener process dw, or, equivalently, there is a normalized
r-dimensional Wiener process dw such that

H; (dy) C H; (dw), te€Z, (5.3.13)

only if the spectral distribution function of the process is absolutely continuous and
the spectral density ® has m X r analytic spectral factors; i.e. only if there are
solutions W € W2, of the spectral factorization equation,

O(z) = W()W(1/z) . (5.3.14)

Conversely, if ® admits analytic spectral factors, the process dy is p.n.d.; i.e. there
exist in particular an analytic spectral factor W_ and a normalized Wiener process
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108 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

dw_ (the forward innovation process) such that dj = W_dw_, for which the inclu-
sion (5.3.13) holds with the equality sign. The analytic spectral factor W_ is the
(unique mod Q) outer factor of .

Totally symmetric statements hold regarding anticausal representations of dy.
In particular the inclusion,

H} (dy) c H (dw), teZ, (5.3.15)

can hold only if the spectral distribution function of the process is absolutely continu-
ous and the spectral density ® has m x r coanalytic spectral factors; i.e. only if there
are solutions W € W2, of the spectral factorization equation (5.3.14). If ® admits
coanalytic spectral factors, the process dy is p.n.d. in the backward direction; i.e.
there exist in particular a coanalytic spectral factor W, and a normalized Wiener
process dwy (the backward innovation process) such that djj = Wydiv,, for which
the inclusion (5.3.15) holds with the equality sign. The coanalytic spectral factor
W, is the (unique mod O) conjugate outer factor of ®.

Proof. The “only if” part follows by a slight generalization of the argument leading
to Proposition 5.3.1. Just replace the past space H™ (dy) with any p.nd. S D
H~(dy) and H* (dy)by any S D H*(dy).

The “if” part follows directly from the spectral factorization theorem 5.3.4.
d

In case dy has a rational spectral density ®, the factorizability condition is
automatically satisfied [131].

The theorem applies in particular to mean-square differentiable processes and
hence we obtain as a corollary the classical spectral factorization theorem for sta-
tionary processes,

Corollary 5.3.6. A continuous stationary process y = {y(t); t € R} is purely
nondeterministic (in the forward direction) if and only if its spectral distribution
dF s absolutely continuous with a spectral density matrix ® which admits analytic
(in HE) spectral factors. Likewise, it is purely nondeterministic in the backward
direction if and only if its spectral distribution dF is absolutely continuous with a
spectral density matriz ® which admits coanalytic (in Hg ) spectral factors.

5.4 Wide sense semimartingales

In this section we shall study the structure of stationary increments processes.
As we have seen earlier, a particular instance of a stationary increments process
is the indefinite integral of a stationary process; on the opposite extreme there are
processes with stationary orthogonal increments which are very irregular and cannot
be the integral of anything. We shall show that under a mild regularity condition all
m.s. continuous stationary increments processes can be decomposed in the sum of an
integrated stationary process plus a process with stationary orthogonal increments.
Such decomposition is a particular instance of a semimartingale decomposition.
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5.4. Wide sense semimartingales 109

Semimartingales have been studied in depth in the probabilistic literature, see e.g.
[55], here however we shall need only simple mean-square versions of the pathwise
concepts of the general theory. As these concepts are not related to stationarity,
initially we shall not invoke stationarity and deal with general processes which will
only assumed to have finite second-order moments.

An m-dimensional continuous-time process {a(t)} will be called of finite mean
variation (or simply of finite variation) if, for all bounded intervals I and finite
subdivisions 7 := {tg < t1 < ... <ty;tr € I}, the supremum

pu(l) = Sgp{z la(terr) — alte)l|} (5.4.1)
k

is finite. Note that this condition relates to the increments a(t) — a(s) only and is
not affected by adding an arbitrary fixed random vector to {a(t)}. If {a(t)} is of
finite variation, then the supremum (5.4.1) on intervals of the form (a, b] is a finitely
additive set function which can be extended to a unique Borel measure p on the
real line. Exactly as it happens to real functions, it can be shown that the measure
1 is non atomic; i.e. has no point masses, if and only if {a(t)} is mean square
continuous. The proof is essentially the same as that of [117, Theorem 8.14(c), p.
173] and will not be reported here.

An important fact which characterizes m.s. continuous processes of finite
variation is stated in the following lemma.

Lemma 5.4.1. Let {a(t)} be m.s. continuous and of finite variation, I be any
bounded interval of the real line and {m,} any sequence of finite subdivisions of I
such that the mesh A(my,) := maxy, [t} — t};| tends to zero as n — oo. Then

Mm?OE:wqufammP:o. (5.4.2)
n)— ke

Proof. Since ||a(tg+1) — a(tr)|| < p((tg,tk+1]) we have

N

D llaltien) = alt)|® < 3 pl(tes tha])® = D (0@ @) ((Ers tresr] X (Es tresr])
% % k

=1

where 1 ® p is the product measure on I x I. As A(m,) — 0 the last sum converges
to the product measure of the diagonal D of the square I x I. But since p has no
point masses (p ® u)(D)=0. 0O

Let {S¢} be an increasing family of real zero-mean random variables with the
usual inner product. Suppose the m-dimensional process {y(¢)} can be written, for
all t, s in the form,

y(t) — y(s) = a(t) — a(s) + m(t) — m(s) (5.4.3)

where,
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110 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

1. a(t) —a(s) € S; for all t > s and {a(t)} is a process of finite mean variation,

2. m(t) —m(s) € Sy for all t > s and m(t + h) — m(t) L S; for all h > 0; i.e.
{m(t)} is an S;-martingale,

then we say that {y(¢t)} has a semimartingale representation relative to the family
of subspaces {St}.

Proposition 5.4.2. A representation of the type (5.4.3), relative to a given in-
creasing family of subspaces {S:}, is unique.

Proof. Assume that {a;(¢)} and {a2(t)} both satisfy (i) and {m1(¢)} and {ma(t)}
are S;-martingales for which

y(t) — y(s) = ai(t) — ai(s) + mi(t) —mi(s), i=1,2

then, setting a(t) := a1(t) — a2(t) and m(t) := mq(t) — m2(t), we would have
a(t)—a(s) = —[m(t)—m(s)], with a(t) S;-adapted, continuous and of finite variation
and m(t) an S;-martingale. It follows from Lemma 5.4.1that for any interval [a, b]
and for any subdivision 7 = {a =ty < t1 < ... < ty = b}, the sum

ZII altesr) —alty)|? = an trr1) — m(ty)]?

tends to zero as A(w) — 0. But, since any martingale has orthogonal increments,
the sum on the right is actually equal to ||/ (b) — m(a)||? so that m(b) = m(a) for
all a,b € R. This implies that the differences mq(t) —m1(s) and ma(t) — ma(s) are
the the same for all ¢,s. Hence ay(t) — a1(s) and az2(t) — az(s) also coincide. 0O

The mean quadratic variation of an m-dimensional process {y(t)}, on the interval
[s,t], is the m x m matrix Q(t, s) defined by

Qij(t,s) == A(EH;LO (Wi(tk+1) — yi(te), vj(ter1) — y;(tr)) (5.4.4)
" k

where {7, } is a sequence of finite subdivisions of the interval [s, t]. Every martingale
has finite quadratic variation on a bounded interval. In fact, since each component
{m;(t)} has orthogonal increments,

dorlmi(ter) — malte), mj(tesr) — my(te))
= > o{mi(ter) — malte), my(tigr) —mg(t))
= (m;(t) — mi(s), m;(t) —m;(s)).

Hence for a martingale we have

Q(t, s) = B{[m(t) — m(s)] [m(t) — m(s)]'}. (5.4.5)

Proposition 5.4.3. The mean quadratic variation of a S;-semimartingale coin-
cides with the mean quadratic variationof its martingale part.

2007/
page .



5.4. Wide sense semimartingales 111

Proof. For brevity we shall write differences such as z;(txy+1) — 2i(tx) as Az;(k).
The mean quadratic variation of the semimartingale (5.4.3) is

2 Ayi(k), Ay;(R)) =30, (Aai(k), Aaj(k)) + 52 (Aai(k), Am;(k))
+ 2k (Ami(k), Aa;(k)) + 32, (Ami(k), Am;(k)).

Note first that,

2(Bai(k), Aaj(k)) <37 [Aai(k)|| [|Aa;(F)|
< 5 2k (1Aai(B)]|? + [|Aa; (k)]1%)

and the last member tends to zero as A(m,) — 0, by Lemma 5.4.1. Further, since
all sums are finite,

Sk (Aaik), Ams(k) < T (Dask), Amy (k)
< (&(HAaz—(k)n?)l/Q (el Am; (k)2)) "
= (SplAai(k)2)"? () — my(s)]].

This term also tends to zero as A(m,) — 0 and since the same thing happen if the
indices ¢ and j are interchanged, the result follows. 0O

This proposition can be interpreted in the following way: The quadratic vari-
ation of a S;-semimartingale is independent of the increasing family of subspaces
S;. This is so since, from the way it is defined, the man quadratic variation of
a martingale does not depend on S;. In fact If {y(¢)} also admits a semmartin-
gale representation with respect to some decreasing family of subspaces S; then the
mean quadratic variation of {y(¢)} is the same as that of any (forward) martingale
component of {y(t)}.

Stationary increments semimartingales

We shall henceforth assume that y = {y(¢} is a process with continuous stationary
increments defined on the real line. In the following we shall be concerned with the
following question.

Question 1: Let {S;} be a stationary p.n.d. increasing family of subspaces with
S: D H,(dy). Under what conditions does dy admit a semimartingale representation
of the form

y(t) —y(s) = / z(o)do + m(t) — m(s), (5.4.6)

where {z(t)} is a process adapted to {S:} (i.e. z(t) € S¢,t € R) and {m(t)} is a
Si-martingale?

Dually, let {S;} be a stationary p.n.d. decreasing family of subspaces with
S; D Hjf (dy). Under what conditions does dy admit a backward semimartingale
representation of the form

y(t) — y(s) = / (o) do +m(t) — i(s), (5.4.7)
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112 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

where {Z(t)} is now a process adapted to {S;} (i.e. z(t) € Sy,t € R) and {m(t)} is a
backward S;-martingale, namely m(t) —m(s) € S; for s >t and m(t —h) —m(t) L
S, Vh>0 ?

Question 1 is answered by the following theorem.

Theorem 5.4.4. Let dy and {S:} be as stated above. Then a necessary and
sufficient condition for dy to admit a semmartingale repressentation with respect to
{S:} of the type (5.4.6) is that there exists a constant k independent of h, such that

| ES [y(h) —y(0)] || < kh Yh>0. (5.4.8)

In the representation (5.4.6), {z(t)} can be chosen stationary and mean-square con-
tinuous and {m(t)} with stationary (orthogonal) increments. The integral can be
interpreted as a mean square Riemann integral.

Dually, let {S;} be as specified in Question 1. Then a necessary and sufficient
condition for dy to admit a a representation of the form (5.4.7) is that

IES [y(—h) — y(0)] || < kh  Wh >0 (5.4.9)

where the constant k is independent of h. Here again {Z(t)} can be chosen stationary
and mean-square continuous, {m(t)} with stationary (orthogonal) increments and
the integral can be interpreted as a mean square Riemann integral.

A process satisfying condition (5.4.8) (or (5.4.9)) will be called conditionally
Lipschitz with respect to {S;} (or {S;}). Note that a m-dimensional martingale
with stationary (orthogonal) increments must be a constant (matrix) multiple of
a vector Wiener processes (see Chapter 3). It then follows that a stationary in-
crements process which satisfies the conditional Lipschitz condition with respect to
some increasing family {S;} has a unique decomposition into a m.s. differentiable
stationary component adapted to {S;}, plus a matrix multiple of a vector Wiener
process. It will be seen shortly that the Wiener process is in fact the generating
process of {S;}. The stationary process {z(t)} is called the conditional derivative
of dy with respect to the increasing family {S:}.

A completely dual picture holds for the backward setting.

5.5 Stationary increments semimartingales in the

spectral domain
In this section we shall prove Theorem 5.4.4, our main representation result, by
spectral domain techniques. We shall also establish a number of spectral domain

characterizations of stationary increments processes which are believed to be of
interest in themselves.

Lemma 5.5.1. Let f € Lg and let PH2 denote the orthogonal projection from LIQ)
onto Hp2. Then the condition

1P"oxn flles < kh, h>0, (5.5.1)
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5.5. Stationary increments semimartingales in the spectral domain 113

is necessary and sufficient for f to admit a decomposition

f=9+7, (5.5.2)

where g € Hg and g € \/_\7127. Dually
1P fllez < kh, h>0, (5.5.3)

is mecessary and sufficient for f to admit a decomposition of the form (5.5.2) but
now with g € Wi and g € Hg. The decomposition (5.5.2) is unique.

Proof. (Necessity) Let (5.5.2) hold with g € Hg and g € \/_\7127. Then g is
orthogonal to H?, so

2 2
1PHexnflles = 1P xngllez < Ixnglliez < suplxa(@)llglles
w

and since sup,, |[xn(w)| = h, we obtain (5.5.1).
(Sufficiency) Define the H}-valued map h — zj, where

o= Plixuf, h>0.

Clearly zp = 0. We shalll show that if (5.5.1) holds, then the limit

1 1 2
lim —(zp, — z9) = lim — P> =
lim 7 (2n = 20) lim xnf =9
exists weakly in Hg. To this end we shall introduce the restricted right-shift semi-
group Xy : f — PHzei“tf;t >0, in Hg, see e.g. [46]. Note that ¥; annihilates the
anticausal part (in }_13) of any f € L*(I), so that 3, f = EtPHﬁf for all t > 0. It is
then clear that

€i“}h -1 H?

Tf = X¢(Prxnf) = Zi(2n — 20)

Zeon — 2 = PHzeiwt
for all £ > 0 and h > 0 and hence, choosing an arbitrary ¢ € HE, we have from
(5.5.1),

105 ze4n = 2ze)| < IZ5ell llzn — 20l < lloll KR,

where ¥} is the operator of multiplication by e, the adjoint in H; of ¥;. By
this inequality, we see that f,(t) := (p, f) is a Lipschitzian function of ¢ in Ry and
hence admits a derivative there, except perhaps on set N, of Lebesgue measure
zero. In other words, the limit

. 1 L1
lim(ip, 5 Gen = 20) = (S, 3 (20— 20))

exists for all t € Ry —N,,. Now X is a strongly continuous semigroup and {X;¢; t €
Ry—Ng,p € HE} certainly contains a dense set in HE. On the other hand %(zh—zo)
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is bounded in norm for all & > 0 by virtue of condition (5.5.1). Hence, by a well know
characteerization of weak convergence (see e.g. [2, p. 47]), +(zn — 20) converges
weakly to an element g of Hz. But then the limit

1 . 1
lim. 7 (Zeen = 2t) = lim Ty (2n = 20)

exists also weakly for all ¢ > 0 and is eqaul to X;g. The left (weak) derivative also
exists at any ¢ > 0 since %(zt —2t_p) = Zt_h%(zh — zp) and for all h > 0 such that
t —h > 0 we have

(o, w2 = 2-n)) = (S{_p, (20 — 20))
= (i, —Z)e, %(Zh —20)) + (X, %(Zh - 20)) -
The first term in the last member tends to zero as h | 0, since X is strongly contin-
uous and (2, — z9) is bounded in norm. Hence (¢, 1/h(z; — zi—p) — (Ei¢, g) =
(¢, Big) for all p € H?, so we have shown that f,(t) = (¢, z) is differentiable with
a continuous derivative f,(t) = (¢, Ytg) at every point ¢ > 0. Thus

h
(o, zn — 20) = / (¢, Beg)dt, h>0
0

for any ¢ € H7. Now just note that the integral foh ¥;g dt exists in the strong sense
in H since t — Yg is continuous. Therefore we can write (see e.g. [129])

h h
0 0

which, by the previous equality implies that

h
zh—zoz/ Yegdt, h>0.
0

Incidentally, we have just shown that z; is strongly differentiable. Recalling the
definitions of z; and of ¥; we obtain

h
PH5th=PH§/ e“tgdt = PHryg.
0

Define now g := f — ¢g. Then g is an LIQ) function which in virtue of the above
equality, satisfies

PTrxpg=0, Vh>0
that is, xng € I_{E, Vh > 0. It follows by Lemma 5.2.4 that g € \/_\7123.

The dual statement follows by the same arguments. O

An important special case of the lemma is obtained by considering functions
f belonging to the subspaces Wf, or Wf, of L%.
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Let f € Wg. Let us agree to call such an f decomposable , if it can be written
in the form f = g+ ¢ where g € Hg and c is a constant vector. Decomposability can
be defined mutatis mutandis also for functions f € Wf,. Matrix valued functions
with rows in Wf, (or in Wi) are decomposable if they can be split as a sum of a
matrix function with rows in H2 (H?) plus a constant matrix. Note that these
decompositions are unique®’.

Corollary 5.5.2. Let S be a backward shift invariant p.n.d. subspace containig
H (dy) and W € anxp the corresponding causal full-rank spectral factor. Then
dy is conditionally Lipschitz with respect to {S:} if and only if W is decomposable;
i.e. there exists a constant m X p matriz D and a matriz function G € H?nxp such
that

W (iw) = G(iw) + D (5.5.4)
Dually, let S be a forward shift invariant p.n.d. subspace containig HY (dy) and
W e anxp the corresponding anticausal full-rank spectral factor. Then dy is con-
ditionally Lipschitz with respect to {S¢} if and only if W is decomposable; i.e. there

exists a constant m x p matriz D and a matriz function G € I_{fnxp such that

W(iw) = G(iw) + D (5.5.5)

Proof. Let dw be the generating Wiener process of S and dw its Fourier trans-
form. From the spectral representation of dy it follows that the random vari-
ables Es[yk(h) —yx(0)],k = 1,...,m correspond, under the isomorphism J;, to
PHz)(hWk, k=1,...,m, Wy being the k-th row of W. Since Jy is a unitary map,
dy is conditionally Lipschitz if and only if ||PH12’ X Wi|| = O(h) for all k. Then the
decomposition (5.5.5) follows from (5.5.2) since in this case all §’s must be constant.
O

We have now available the instruments to provide a proof of Theorem 5.4.4

Proof of Theorem 5.4.4

Sufficiency is almost immediate. For let dw be the generating Wiener process of S
and W be the corresponding causal spectral factor. Since the conditional Lipschitz
condition is equivalent to the decomposability (5.5.5), we have

y(h) —y(0) = [T xn(iw)W(iw) diw = [F2° x3,(iw) G (iw) diw + [727 xp(iw) D di
= [T 2(t)dt + D[w(h) — w(0)]
where {z(t)} is the stationary process
+oo
A1) = /_ ¢t G(iw) i (5.5.6)

20This also follows from the fact that Hg functions of the half plane tend uniformly to zero as
s — oo within the region of analiticity, see [52].
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116 Chapter 5. Wold Decomposition, and Spectral Factorization in Continuous Time

which is clearly adapted to {S;} (as G € H},,,,) and mean square continuous.

To prove necessity we shall first show that the process {z(¢)} in the represen-
tation (5.4.6) can always be chosen stationary and mean-square continuous.

For (5.4.6) to make sense we have at least to assume {z(t)} measurable and
with a locally square integrable norm. Note then that y(t+h)—y(t) = U:ly(h)—y(0)]

can be written either as

t+h
Yt +h) —y(t) = /t 2(s) ds + m(t + h) — m(t)
or as h
y(t+h) —y(t) = /o Uiz(s) ds + Ufm(h) — m(0)].

Keeping ¢t fixed and letting h vary in R, the second term in the last expression
defines a martingale with respect to the increasing family Sj, := S;45. The same is
of course true for m(t + h) — m(t). On the other hand both first terms in the two
expressions above are in S;, and of bounded mean variation, as functions of h. By
the uniqueness proposition 5.4.2, they must be equal; i.e.

/h[z(t +38) —Usz(s)]ds =0, VYh>0

almost surely, and hence {z(t + s)} and {U;z(s)} are equivalent processes for all
t. We can therefore choose {z(t)} to be generated by the shift; i.e. z(t) = U;2(0)
and thereby stationary and mean square continuous (for Uy is a strongly continuous
semigroup). The integral in (5.4.6) can therefore be understood as a mean square
Riemann integral.

We shall now show that the conditional Lipschitz condition is necessary for
dy to admit a representation of the form (5.4.6). Since z(t) = U;z(0) we have
()] = 1|z(0)]] and it follows from (5.4.6) that

IE3[y(h) —y(0)] | S/O IES 2()ll dt < [|2(0)]

and hence condition (5.4.8) is implied by (5.4.6). This concludes the proof. O
Note that the decomposition (5.5.5) implies that the semimartingale represen-
tation of dy with respect to a stationary family S; = H; (dw), can be written in

the frequency domain as
dy = Gdw + Ddw (5.5.7)

the first term on the right (namely dZ := Gdw) being the stationary component of
dy. Tt should be pointed out that the matrix DD’ is invariant over all semimartingale
representations of dy. In fact DD’ h is the quadratic variation of the process on the
interval [0, h] and, as explained before, this quantity is independent of the particular
S (or S) with respect to which the process has a semimartingale representation. As
we shall see, in the rational case we have DD’ = lim;_,o, ®(s).

We shall call a stationary increments process nondegenerate if rank DD’ =
rank ®(iw) a.e.; in other words, in case the rank of DD’ is equal to the multiplicity
p of the process, and degenerate otherwise.
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Proposition 5.5.3. Assume that dy has the semimartingale representation (5.5.7),
with respect to some increasing family S; = H; (dw), and let rank DD’ =r < p
(i.e. the process is degenerate). There is a constant orthogonal transformation
of the generating process dw which permits to decompose dy in the sum of two
uncorrelated semimartingales dy; and dys, the first nondegenerate of multiplicity r
and the second without martingale part (i.e. completely degenerate).

Proof. The matrix DD’ can be factored as DD’ with D~ of dimension m x r and of
full column rank (r). Hence D has a left-inverse, e.g. D=L = (D'D)~1D’. Define
the r-dimensional Wiener process du by setting

du = DY Ddw := Ndw .

Note that N is an orthogonal r x p matrix; i.e. NN’ = I, so that E dudu’ = I.dkt.
Also, because of orthogonality, both NN’ and I, — NN’ are projection matrices,
in fact, complementary projections in RP. Since rank (I, — NN’) = p —r, we can
find a factorization: I, — NN’ = MM’ with M a full rank matrix of dimension
(p — r) X p, which is necessarily orthogonal; i.e. MM’ = I,_,. Define now the
normalized Wiener process dv := Mdw. It is easy to check that the increments of
du and dv are orthogonal, since

Edudy’ = NM' = NN'NM'MM' = N[N'N(I — N'N)]M' =0.

Hence it follows from the orthogonal decomposition

dw = N'Ndw + (I, — N'N)dw = [N M| [jﬂ (5.5.8)

that S; = H; (dw) splits in the orthogonal direct sum S; = H; (du) & H; (dv).
In fact, by setting G [N’ M'] := [G1 G2, substituting (the Fourier transform of)
(5.5.8) into (5.5.7) and recalling that DN’ = D and DM’ = DNM’ = 0, we obtain

dj = (Gudi+ Ddit) + Gadi == dij + i

Here dij; and dij, are clearly uncorrelated and D has rank 7 so dy; is nondegenerate.
d

5.6 Bibliographical notes

The extension of the spectral factorization theory to stationary increments process
described in this chapter is due to the authors, [86]. Semimartingales (called quasi-
martingales in the early literature) were introduced by Fisk, [30] and have since then
played a prominent role in the theory of continuous time stochastic processes. The
wide-sense version discussed in this chapter requires only a minimum of measure-
theoretic technicalities. It does not seem to have been treated before [86] in the
literature. Conditions of the type (5.4.8) have to do with the characterization of
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the domain of the conditional shift semigroup ES Uy ;t > 0 and appear in a very
general context in the work of Rishel [108], see also [118] and others. Our condition
is of course quite weaker than what is needed in the strict-sense theory.



Chapter 6
Linear Stochastic Systems

This chapter is an introduction to linear state-space modeling of second-order, sta-
tionary, purely nondeterministic, stochastic vector processes with a rational spectral
density. Such processes can be modeled as the output {y(¢)} of a finite-dimensional
linear system

{z(t +1) = Ax(t) + Buw(t) (6.0.1)

y(t) = Cz(t) + Dw(t)

driven by white noise input {w(t)}, where A, B,C and D are matrices of appropri-
ate dimensions, and where A has all its eigenvalues in the open unit disc. Stochastic
realization theory consists in characterizing and determining any such representa-
tion. This leads to spectral factorization. The geometric structure of stochastic
models is described in terms of coordinate-free representations based on elementary
Hilbert space concepts.

6.1 Basic principles of deterministic realization theory

Before introducing stochastic realization theory, we briefly review the basic prin-
ciples of state space construction in deterministic realization theory. To this end,
consider the constant, linear system 3 described by

=) {x(t +1) = Ax(t) + Bu(t) 61.1)
y(t) = Cx(t) + Du(t)

where = takes values in the state space X, u in the input space U and y in the

output space Y. The spaces X, U and Y will be identified with R", R¢ and R™,

respectively, and A € R™*" B € R"*/, C € R™*™ and D € R™*¢ are matrices.

The dimension is defined to be the dimension the state space X, i.e., dim ¥ := n.
Assuming that the system ¥ is at rest at time ¢t = 0, i.e., 2(0) = 0, an input

signal u(t) = u(0)d;o , i.e., an impulse?! at time t = 0, yields an output signal

215, is the Kronecker symbol that is one when s =t and zero otherwise.

119
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y(t) = Ryu(0) for t > 0. The sequence
Ro, R1,R2, Rs, . .. (6.1.2)
of m x ¢ matricies is called the impulse response of 3. Clearly,
Ro=D, R,=CA*'B, k=1,23,..., (6.1.3)

so the the transfer function of 3,
R(z) =Y Rpz", (6.1.4)
k=0

converges in the neighborhood of infinity (outside a disc of radius equal to the
maximum eigenvalue of A) to the rational m x £ matrix function

R(2)=C(zI — A 'B+D. (6.1.5)

The realization problem is the inverse problem of determining a system 3 with
a given transfer function R. Such a ¥ is called a realization of R. A realization X
is minimal if there is no other realization of R of smaller dimension. The McMillan
degree §(R) of R is the dimension of a minimal realization of R.

In other words, given a linear time-invariant input/output system

1 R(z) |4

with an impulse response (6.1.2), the realization problem amounts to determin-

ing matrices (A, B,C, D) such that the corresponding system ¥ has this impulse
response. The matrix D can immediately be identified as Ry, so it really remains
to determine (A, B,C). By time-invariance, the input u(t) = u(s)d:s will yield the
output y(t) = R;—su(s), so, by superposition, one obtains the output

y(t) = i Ri_su(s), t>0 (6.1.6)
s=—N

from an input string {u(—N),u(—=N +1),...,u(-1)}.

An important tool in realization theory is the Hankel map obtained by passing
such a finite string {u(—N),u(—=N+1),...,u(—1)} of inputs through the system ¥
that is originally at rest (x(/N) = 0) and then observing the output sequence {y(0),
y(1), y(2), ...}. This yields precisely (6.1.6), or, equivalently, the block Hankel
system

[u(—1)7
y(0) Ry Ry, Ry ---]|uw-=2)
y(1) Ry R3 Ry f
y(2) =|Rs Ry R; --- U(—N)
. . . o 0
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6.1. Basic principles of deterministic realization theory 121
The Hankel factorization
The basic idea in realization theory is that, if R has a finite-dimensional realization
(A, B,C, D), the Hankel matrix
R1 Re Rs
Ry Ry Ry ---
H=1R; R, Ry --- (6.1.7)
has finite rank and admits the factorization
H = OR (6.1.8)
where R is the reachability matrix
R = [B AB A’B . ] (6.1.9)
and O is the observability matrix
C
CA
0= |ca2l. (6.1.10)
In fact, it follows from (6.1.3) that
CB CAB CA?B --. C
CAB CA’B CA3B --. CA )
H:=|CA2B CA®B CA'B ...|=|caz|[B AB A’B ...
Abstractly this factorization may be illustrated by the commutative diagram
u 5oy
RN\, /0
X
where Y is the class of output sequences such that y(t) = 0 for t < 0 and U is the
class of finite input sequences such that u(t) = 0 for ¢ > 0 and t < —N for some
finite N. In fact,
u(=1)
u(=2)
R |u(=3)| = Bu(=1) + ABu(=2) + A*Bu(=3) + - -- = z(0)
—a
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and
o 18
1 C
Z(Q) = |cA?| 2(0) = 0z(0).

The system ¥ is said to be completely reachable if

Im®R = X, (6.1.11)
i.e., R is surjective (onto) and completely observable if

ker O =0, (6.1.12)

i.e., O is injective (one-to-one). For simplicity, we shall say that the pair (A, B) is
reachable if and only if (6.1.11) holds and that (C, A) is observable if and only if
(6.1.12) holds.

Solving the realization problem

To determine (A, B,C) from such a factorization it is better to deal with finite
matrices. The assumption that R is rational and proper lets us do precisely this.
In fact, let

p(2)=2"+ a1 2" '+ +a, (6.1.13)

be the least common denominator of the elements of R(z). Then p(z)R(z) is a
polynomial; so identifying coefficients of negative powers in

p(2)R(2) = (2" +a12" '+ +a,)(Ro+ Riz7 ' + Roz 2+ Ryz 2 +--+),
we see that the impulse response (6.1.2) must satisfy the finiteness condition
Rr+k = *aerJrkfl - (IQRTJrk,Q — = aTRk, k= 1, 2, 3, (6114)

Consequently, for v > r, successively adding block rows and block columns in

R, Ry, --- R,
Ry Rz -+ Ryp

T ST =012, (6.1.15)
R, Ruii -~ Rou

does not increase the rank. Hence we have the following lemma.

Lemma 6.1.1. Let p(z) the least common denominator (6.1.13) of the elements of
R(z). Then
rank H, = rank H for all v > r,

where r := deg p.
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Therefore, instead of (6.1.8), we can consider the finite-dimensional factoriza-
tion problem

H, = O.R, (6.1.16)
where
C
CA
0, = .|, R=[B AB --- A"7'B]. (6.1.17)
CAufl

By (6.1.14), O, and R, have the same ranks as O and R, respectively, and hence
the following holds.

Lemma 6.1.2. Let X be a system (6.1.1) of dimension n, and let v > r :=

deg p. Then the system X is completely observable if and only if rank O, = n and
completely reachable if and only if rank R, = n.
From the factorization (6.1.16) it follows that
rank H < n:=dimX, (6.1.18)

and therefore rank H is a lower bound for the McMillan degree 6(R). We shall
demonstrate that in fact 6(R) = rank H by constructing a realization of dimension
precisely rank H. To this end, we perform a minimal factorization of H, for some
v > r := deg p. More precisely, given p := rank H, , we determine two matrices €2,
and I', of dimensions mv x p and p x kv, respectively, such that

H, = QT (6.1.19)

This factorization can be illustrated by the commutative diagram

u 2oy

rn\
X

where dimX = p := rank H,. The idea is to determine a minimal realization
(A, B,C, D) from these factors. For this, we need some notation. Given an mv X p
matrix 2, with v > r, let 0(Q2,.) be the shifted mr x p matrix obtained by removing
the first m x p block row and the last v + 1 — r block rows. Moreover, let o(T';.) be
the p x kr matrix obtained by an analogous operation on the block columns of T',,.
Finally, let QT denote the Moore-Penrose pseudo-inverse of the matrix @, and let

Ey=[ 0 - 0]

be the rk x k matrix consisting of r blocks of dimensions k x k, the first being the
identity and all others zero.

Theorem 6.1.3. Given a proper rational m x { matriz function R(z), let p(z)
the least common denominator (6.1.13) of the elements of R. Moreover, for some
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v >r:=degp, let (6.1.19) be a minimal factorization of the Hankel matriz (6.1.15).
Then
A=(Q)0(Q,), B=T,E, C=E Q. D=R (6.1.20)

is a minimal realization of R, and its dimension is rank H. Symmetrically, A is
also given by

A=o,) (T (6.1.21)

Moreover, the corresponding observability and reachability matrices (6.1.17) are
given by
0, =Q,, R, =T,. (6.1.22)

Proof. First note that factorizations (6.1.19) can be performed consistently for
different choices of v so that {2, and I', are submatrices of 2, and I';,, respectively,
whenever v < u. Now, choosing v sufficiently large, we can form the multiple shifts
o¥(Q,) and o*(T,) by deleting k blocks at the beginning and v — k — r blocks at
the end of €, and I, respectively. Then, by inspection, we see that

ol ()" (T,) = o7 TF(3,) (6.1.23)
where
Ri+1 Rik+2 -+ Riyr
. Ryi2  Rrys -+ Rpyrpn
g (j_cr) = . . .
RkJrT Rk+r+1 tee Rk+27"71

Therefore, taking A := (2,)fo(Q,),
Adt (D) = (Q) o(2)o"(Tr) = ()1 Qa™ (D) = *FH(T),
since , has full column rank and thus (Q,)'Q, = I. This immediately yields
AT, =o"(T,), k=0,1,2,.... (6.1.24)

In particular, choosing k = 1, we obtain AT', = o(T';), from which (6.1.21) follows.
In the same way, we also have

QA" =o%(Q,), k=0,1,2,... (6.1.25)
Given (6.1.20), we obtain
CA*'B = E/ Q. A" 'T,.E,
which, in view of (6.1.24) and (6.1.23), yields
CA*'B =FE! Q.0 Y (T,)E; = E, 0" Y (H,)E; = Ry,

for k =1,2,.... Since trivially D = Ry, this establishes (6.1.3). From (6.1.24) we
have A¥B = ¢*(I',.) E,, which yields

(B AB ... A™'B]=T,,
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ie, R, =T, as claimed. In same way, O, = , is derived from (6.1.25). O

In view of (6.1.18) and Lemma 6.1.1, we immediately have the following corol-
lary.

Corollary 6.1.4. The McMillan degree 5(R) of R equals the rank of the Hankel
matriz H.

As another corollary we have the following fundamental fact in deterministic
realization theory.

Theorem 6.1.5. A realization 3 of R is minimal if and only if it is both completely
reachable and completely observable.

Proof. Let n := dim X. Then, by Corrollary 6.1.4 and Lemma 6.1.1, ¥ is a minimal
realization of R if and only if
rank H, = n. (6.1.26)

In this holds, by (6.1.16),
n = rank H, < min (rank O,., rank fRT) <n,

and hence
rank O, = rank R, = n, (6.1.27)

which, by Lemma 6.1.2, is equivalent to ¥ being completely observable and com-
pletely reachable. Conversely, if (6.1.27) holds, the n x n matrices 0.0, and R, R/,
both have rank n, and hence so does

0.0,R,R. = O/, R..
But then H, too must have rank n. O

An n x n matrix A is said to be a stability matriz if all it eigenvalues are less
than one in modulus.

Corollary 6.1.6. Let 3 be a minimal realization of R. Then A is a stability matrix
if and only if Ry — 0 as k — oo.

Proof. In view of (6.1.3), trivially R — 0 if A is a stability matrix. Conversely,
if R, — 0 as k — o0, 9, AFR,. — 0. But then 07.0,AFR,R! — 0, and consequently
Ak — 0, establishing stability. 0

Corollary 6.1.7. Let (/1, B,C, D) be any minimal realization of R. Then there is
a nonsingular matrix T such that

(A,B,C,D) = (TAT~',TB,CT~', D), (6.1.28)
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where (A, B,C, D) is as defined in Theorem 6.1.3. Conversely, for any nonsingular
T, (6.1.28) is a minimal realization of R.

Proof. If (A,B,C,D) and (A,B,C',D) are minimal realizations of R, then the
corresponding observability an reachability matrices O,., R, and O,., R,., respectively,
have full rank. Moreover,

0, R, = H, = O, R, (6.1.29)
0, AR, = o(H,) = 0, AR, (6.1.30)

From (6.1.29) it follows that

where R R
T=(0,)0, =%.(®,)".

In particular, this implies that B =TB and C =CT~'. Then A = TAT! follows
from (6.1.30). Trivially, we have D = Ry =D. O

Balancing

Given the matrices (A, B, C) of a minimal system (6.1.1), let H be the corresponding
infinte-dimensional (block) Hankel matrix defined by (6.1.7). Since rank H = n <
00, H is compact, and as established in Section 2.3, the self-adjoint nonnegative
definite matrix H*H has real, nonnegative eigenvalues o7,03,03, ..., numbered in
nonincreasing order, and a sequence of orthonormal eigenvectors (vi,va,vs,...);
ie.,

H Hog = opve, k=1,2,3,.... (6.1.31)

Then, 01,09,03,... are the singular values of H, and, since rank H = n < oo,
or =0 for k > n. Now, in view of (6.1.8),

H*H = R*O*OR,

and therefore
RH*H = RR*O*OR = PQR,

where, as is straight-forward to demonstrate, the reachability Gramian P := RR*

and observability Gramian @ := O0*O are the unique solutions of the Lyapunov
equations
P =APA' + BB, (6.1.32a)
Q=AQA+C'C. (6.1.32b)
Therefore,

PQiy, = o, k=1,2,...,n,
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where ¥y, := Ruy; i.e., 07,03,...,02 are the eigenvalues of the n x n matrix PQ.
Since (6.1.1) is completely reachable and completely observable, P and ) are non-
sigular, and so is PQ. Hence all eigenvalues of PQ are positive.

Let P = RR' be a Cholesky factorization of P. Then R'QR is symmetric and
has the same eigenvalues as PQ). Hence

R'QRuy = oiug, k=1,2,...,n,

where the eigenvalues uq, ug, ..., u, are taken to be orthonormal; i.e.,
U'R'QRU = ¥?, (6.1.33)
where ¥ := diag (01,09,...,0,) and U := (u1,us, ..., u,) is an orthogonal matrix;

ie, U'U =UU" = I.
The system (6.1.1) is said to be balanced if

P=x=Q. (6.1.34)

Such systems have desirable numerical and approximation properties, especially
when it comes to model reduction; see Chapter 11. To balance an arbitrary system
(6.1.1), we need to find a transformation (6.1.28) so that the system corresponding
to (/i, B,C, D) is balanced. Then T is called a balancing transformation.

Proposition 6.1.8. Let P = RR' be a Cholesky factorization of the reachability
Gramian, and let

R'QR =UX*U’ (6.1.35)

be a singular value decomposition of R'QR, where Q is the observability Gramian.
Then

T :=xY2U'R™! (6.1.36)
is a balancing transformation, and

TPT' =% = (T")"'QT ", TPQT ' =x2 (6.1.37)

Proof. First note that (6.1.36) and (6.1.33) are equivalent. A straight-forward
calculation yields (6.1.37). Then applying the transformation T' to (6.1.32), we
obtain

Y = Ax A’ + BB, (6.1.38a)
YL =A%A+CC, (6.1.38b)

and hence the system (/i, B,C, ﬁ) is balanced, since both the reachability and the
observability Gramians equal ¥. 0O
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6.2 Stochastic state-space models

Wide-sense stationary processes with a rational spectral density matrix provide a
natural and useful class of finitely-parametrized stochastic models leading to sim-
ple recursive estimation algorithms. It turns out that these processes are precisely
those admitting finite-dimensional state-space descriptions (or stochastic realiza-
tions) with constant parameters. The essential structural property that leads to
finite-dimensional recursive filtering (and identification) is in fact the representabil-
ity of the process as a linear function of a finite-dimensional Markov process. This
Markov process, called the state of the process represented, has a “sufficient statis-
tic” property, which generalizes the “dynamic memory” property of the state vari-
ables in deterministic system theory. Much of modern statistical signal processing
is based on this property.
More precisely, such a linear state-space model takes the form

z(t+1) = Az(t) + Bw(t)
> {y(t) — Cu(t) + Du(t) (621)

where A is a stability matrix (i.e., all the eigenvalues of A lie in the open unit disc),
and where {w(t)} is a p-dimensional normalized white noise; i.e.,

E{wt)w(s)'} = I6;s E{w(t)} =0,

{z(t)}tez is the n-dimensional state process, and {y(t)}+cz is the m-dimensional
(wide sense) stationary process to be represented. In this model both x and w are
part of the representation and can be chosen in different ways. The situation is
thus drastically different than in the deterministic setting described in the previous
section. This point will be clarified as we proceed.

We begin by analyzing the structure of causal linear state-space models, i.e.,
models (6.2.1) evolving forward in time, and describe them in a coordinate-free way.
This description is symmetric with respect to the past and the future, and therefore
we can derive symmetric state-space models, evolving backward in time. This leads
to forward and backward Kalman filtering, the steady-state versions of which are
state space models of particular importance.

Given a causal model (6.2.1), the process y can be thought as the output
obtained by passing a white noise signal w through a linear time-invariant filter

white noise ——| W(z) |-

with a stable transfer function

W(z)=C(zI —A)™'B+D (6.2.2)
for an infinitely long time so that the system is in statistical steady state. Then,
since A is a stability matrix,

t—1

z(t) = Y AT Bu(j)

j=—o0
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6.2. Stochastic state-space models 129
and
t—1 _
y(t) = > CA"™'7IBu(j) + Du(t).
j=—o00

In particular, x and y are jointly stationary.

The system (6.2.1) can be regarded as a linear map defining  and y as linear
functionals of the input noise w. In fact, since the matrix A is stable, this map is
a causal map. In order to describe this property in a precise way it is convenient
to think of the (components of) z(t) and y(t), for all ¢, as elements of the infinite
dimensional Hilbert space of second order random variables

H(w) =span{w;(t) |t €Z; i=1,2,...,p} (6.2.3)
with inner product (§,7) = E{&n}. In order to avoid too large a Hilbert space H(w)
we assume that the matrix
B
i
is full column rank.
By causality, the past subspaces of x and y
H; (x) =span{x;(s) | s <t;i=1,2,...,n} (6.2.4)
H; (y) =span{yi(s) [ s <t;i=1,2,...,m} (6.2.5)
are both contained in H; (w) and hence the future space of w
H/ (w) = spanf{wi(s) | s > ;i =1,2,...,p} (6.2.6)

will be orthogonal to both H; (x) and H; (y).
Causality can thus be characterized by the orthogonality relation

H/ (w) L (H,(z) VH (y)) forallteZ. (6.2.7)

This is equivalent to saying that X is a forward representation or that it evolves
forward in time. In particular, E{z(t)w(t)’'} = 0 for all t € Z.
The family {X,} of finite-dimensional subspaces, defined by

X; = span{z1(t), z2(t),...,zx(t)} CH(w) t€7Z, (6.2.8)

will play a fundamental role in this book. The subspace X is called the state space
of the system (6.2.1) at the instant ¢. Clearly dim X, is constant by stationarity,
and dim X; < n with equality if and only if {z1(t),z2(¢),...,2,(¢t)} is a basis in
X;. This can be characterized in terms of the state covariance

P =E{z(0)x(0)'}. (6.2.9)

It follows from stationarity that P = E{z(t)x(t)’} for all ¢, and hence the first
equation in (6.2.1) yields
P=APA"+ BB, (6.2.10)
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which is a Lyapunov equation. (See Appendix A.3.) Since the matrix A has all its
eigenvalues in the open unit disc, by Proposition A.3.2, we can form

P=>Y" AT'BB(A) ! =R,
J=0

where R is defined by (6.1.9); i.e., P is the reachability grammian of ¥, and hence
positive definite if and only if (A, B) is reachable.

Proposition 6.2.1. The n stochastic variables {x1(t),z2(t),...,x,(t)} form a
basis in Xy if and only if P > 0; i.e., if and only if (A, B) is reachable.

Proof. Since
lla'z(t)||* = o’ Pa,

for all a € R™, there fails to be a nonzero a such that a’x(t) = 0 precisely when
P>0. 0O

In this chapter, we shall assume that (A, B) is reachable unless otherwise
stated.

Assumption 6.2.2. The pair (A, B) in (X) is reachable.

The subspace characterizations given above suggest that the linear state-space
description can be done entirely in terms of Hilbert space geometry. In fact, the
property that the state-space representation (6.2.1) evolves forward in time is char-
acterized by (6.2.7), i.e., by

S¢ L Hf (w) where S; :=H,; () VH] (y). (6.2.11)
Therefore, since
s—1
2(s) = A 'a(t) + 3 A Bu(j)
j=t
s—1
y(s) = CA*'a(t) + Y  CA*"' Bu(j) + Duw(s)
j=t
for all s > ¢,
s [2(s)] _ [ AT _ Xy | %(s)
Etb [y(s)] =b [C’ASt z(t) =E™b y(s)

for all b € R"™™ from which we can deduce that
ESA=EX*\ foralltc€Zand X €S, :=H; (z) vH/ (y), (6.2.12)

where X is the state space (6.2.8).
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Next, comparing conditions (i) and (iv) of Proposition 2.4.2 in Chapter 2 and
noting that X; C H, | (z), we see that (6.2.12) is equivalent to

St 1 St | Xt for all t € Z, (6213)

i.e., we have the following important observation.

Proposition 6.2.3. The spaces Sy := H,,(z) VH; (y) and S; := H/ (z) VH{ (y)
are conditionally orthogonal given X; for each t € Z.

6.3 Anticausal state-space models

It is important to note that the conditional orthogonality condition (6.2.13) is com-
pletely symmetric with respect to reversal of time. Therefore, as can be seen from
Proposition 2.4.2 in Chapter 2, (6.2.13) is equivalent not only to (6.2.12) but also
to ~

ES‘A=EX\ forall\eS,andt e Z. (6.3.1)

From this observation we shall now derive a linear stochastic system which,
unlike (6.2.1), evolves backwards in time. To this end, first note that

S: =H; (z), where z(t) := {x(;(j;)l)], (6.3.2)

and that (6.2.1) is the same as
2(t) = 2(¢) + v(t), (6.3.3)
where Z(t) is the one-step predictor with components
) =ER G @), i=1,2,... . n+m,

and v(t) := z(t) — 2(t) is the corresponding innovation process.
Next we shall use a symmetric argument to derive a backward system with

state process
Z(t) .= Pzt + 1). (6.3.4)

In fact, it is immediately seen that

S, = H(2), where 2(t) i= [x(;(;)l)} (6.3.5)

Moreover, analogously to (6.3.3), we have the orthogonal decomposition
Z(t) = z(t) + (1), (6.3.6)

where z(t) is the backward one-step predictor with components

5(t) =ERaGz0), i=1,2,....n+m,
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and ¥(t) := 2(t) — 2(t) is the backward innovation process, which clearly must be a
white noise, i.e.,

E{o(t)o(s)'} = Vdrs,

where the (n 4+ m) x (n +m) matrix weight V remains to be determined.
We begin by determining z. To this end, observe that v'z(t) € S;41 for all
b€ R™™ and consequently (6.3.1) yields

VE(t) = ES 0 E(t) = BXe b5 (t)
=VE{z(t)x(t + 1) }E{2(t + Dzt + 1)} te(t + 1)

A ,
=V [OPA’ + DB’} Pha(t +1),

where we have used the projection formula of Proposition 2.2.3 and the fact that
E{z(t)z(t+1)'} = PA" and E{y(t)x(t + 1)’} = CPA’ + DB’. Consequently,

N>

(t) = [g} z(t), (6.3.7)

where

C:=CPA + DB (6.3.8)

Theorem 6.3.1. Consider the forward state-space model (6.2.1) with state covari-
ance matriv

P :=E{z(t)z(t)'}, (6.3.9)
and set Ao := E{y(t)y(t)’'}. Then (6.3.4) is the state process of the backward system

- T(t —1) = A'Z(t) + Bw(t)
) {y@) = CZ(t) + Dw(t), (6.3.10)
with state covariance
P:=P ' = E{z(t)z(t)}. (6.3.11)

Here C is given by (6.3.8), B and D are matrices, defined, uniquely modulo an
orthogonal transformation, via a minimum-rank factorization

{B]Py[P—A@A C'— A'PC

bl bl =lc—cpa A, —cpor| (6.3.12)

and @ is a centered, normalized white noise. The linear stochastic system (6.3.10)
s a backward state-space model in the sense that

H; (w) L (Hf (z) VH{ (y)) for allt € Z, (6.3.13)

which should be compared with the corresponding forward property (6.2.7).
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Proof. In view of (6.3.7), the orthogonal decomposition (6.3.6) can be written

{x(;(;)l)} = [g z(t) + (1), (6.3.14)

so to obtain (6.3.10) it remains to show that there are matrices B and D satisfying
(6.3.12) such that

o(t) = [l? w(t) (6.3.15)

for some normalized white noise w. This will be done next. In fact, from the
orthogonal decomposition (6.3.14) we have

Tt —-1)| - , A 5 = NNy
E{{ y(®) ][:c(tl) y(t)]'} = [C}P[A C'] + E{u(t)o(t)'},
and consequently, in view of (6.3.12),
Bo)os)} = || [p] e (6.3.16)

Since, by assumption, the matrix factor has full rank, we can solve (6.3.15) uniquely

for w. In fact,
S Bl [B
! / _ ~ —
wso0-[8] [

w(t) = (B'B+ D'D)~" F]/w), (6.3.17)

which clearly satisfies E{w(t)w(s)'} = I0;s. Also H; (w) = H; (v), which in turn
is orthogonal to S; = H; (). This establishes the backward property of (6.3.10).
a

Theorem 6.3.1 shows that the process y can be regarded as the output obtained
by passing a white noise signal u backwards in time through a linear time-invariant

filter?2 _ B
i < white noise

with antistable transfer function
W(z)=C(z'1-A)'B+D (6.3.18)

since t = +oo. To say that W is antistable is to say that all poles of W lie strictly
outside the unit circle.

We shall call the white noises w and w the forward and backward generating
processes corresponding to the state spaces {X }iez.

22The direction of the arrows reflects anticausality; i.e., the fact that the future of @ is mapped
into the past of y.
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6.4 The forward and backward generating processes
and the structural function

We have seen that to each forward model X, defined by (6.2.1), with a generating
process w, there corresponds a backward model ¥, defined by (6.3.10), with gener-
ating process w, via the state transformation (6.3.4). Conversely, by a symmetric
argument, we can see that to each backward model ¥ there is a forward model ¥
connected via the state transformation

z(t) = P71a(t — 1), (6.4.1)

where P = P~!. We shall now investigate the relation between the generating
processes w and w.

Theorem 6.4.1. Let (w,w) be the pair of generating processes of ¥ and %, respec-
tively. Then, the correlation matrix

V = E{w(t)w(t)'}. (6.4.2)
satisfies the relations o
VV'=1- B'PB, (6.4.3a)
V'V=1- B'PB (6.4.3b)
Moreover, ~
w(t) = B'z(t) + Vw(t), (6.4.4a)
w(t) = B'z(t) + V'w(t). (6.4.4b)
Finally,
H(w) = H(w). (6.4.5)

In view of the last statement, we may define ambient space H of the pair of
models (X, X), via
H(w) =H = H(w). (6.4.6)

Proof. In view of (6.3.4) and (6.2.1), (6.3.14) can be written
]33[:(15) = 4I P(Ax w v
P = [ 2] plaste) + Buw) + o0,

from which we have

This in turn equals

o C_‘_PB} w(t) (6.4.7)
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6.4. The forward and backward generating processes and the structural function 135

by (6.3.12). Therefore, inserting (6.4.7) into (6.3.17) yields (6.4.4a) for some matrix

V. Forming E{w(t)w(t)'} from (6.4.4a) and noting that E{z(t)w(t)’} = 0, we obtain

precisely (6.4.2). In the same way, forming E{w(¢)w(t)’}, we have
I=BPB+VV',

which is the same as (6.4.3a). By symmetry between the systems 3 and ¥, (6.4.3b)
and (6.4.4b) follow from (6.4.2). Therefore, H(w) = H(w), in view of (6.3.4), (6.2.1)
and (6.3.10). [

Corollary 6.4.2. The system matrices of ¥ are related to those of ¥ via
APB+ BV’ =0, (6.4.8a)

CPB+DV' =D. (6.4.8b)

Proof. Inserting (6.4.4b) into (6.2.1) we obtain
0=AP[z(t —1) — A'Z(t)] + BV'w(t),

y(t) = CP[z(t — 1) — A'z(t)] + [CPA" + DB']z(t) + DV'wo(t),
where we have used (6.2.10) and (6.3.4) to make the substitutions BB’ = P—APA’,
z(t +1) = Pz(t), and x(t) = Pz(t — 1). In view of (6.3.10) and (6.3.8), we may
exchange Z(t — 1) — A’Z(t) for Bw(t) and CPA’ + DB for C' to obtain
0= [APB + BV'w(t),

y(t) = Cz(t) + [CPB + DV']w(t).

Postmultiplying the first equation by w(t)” and taking expectation, we obtain (6.4.8a).

Comparing the second equation to (6.3.10) yields (6.4.8b). 0O

From (6.4.4a) and (6.2.1), we see that @ is the output of a stable linear system

. . w w . .
white noise — — white noise

driven by w and with transfer function
K(z)=DB'(2I - A)™'B+V, (6.4.11)

which will be referred to as the structural function of (3,%). Such a system, trans-
forming white noise to white noise, is called an all pass filter. In particular, K is an
inner function. In fact, from (6.4.4b) we also have the transfer function

K()*=B'(:"'U-A)'B+V, (6.4.12)

transforming @ to w, and hence K1 = K*.
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Theorem 6.4.3. Let K be the structural function of (X,%), and let W and W
be the corresponding transfer functions, given by (6.2.2) and (6.3.18), respectively.
Then

W =WK. (6.4.13)

Proof. In view of (6.2.2) and (6.4.12),
(21 — A 'BK(2)* = (21 — A)'BB' (271 - A)"'B+ (21 — A)~' BV’
=PB+PA(z"' 1 - A) "B+ (21 — A)"Y(APB + BV'),

where we have made the substitutions BB’ = P — APA’, in harmony with (6.2.10),
and used the identity

P—APA = (21 — A)P(z7'1 — A') + (21 — A)PA' + AP(z7'1 — A"), (6.4.14)
valid for all symmetric P. Consequently, in view of (6.4.8a),

(21 — A)"'BK(2)* = PB+PA'(:7'1 - A)"'B (6.4.15)

=27 'P(z"' - A B, (6.4.16)

where the second equation will be used later in Chapter 9. Therefore, in view of
(6.4.12),

W(2)K(2)* = CPB+ CPA (: ' I - A)"'B+DB'(:"'1 - A)™'B + DV’
= (CPA +DB)(z'I - A)"'B+CPB+ DV,

which by (6.3.8) and (6.4.8b), is the same as C(z7'1 — A’)"'B + D. Then, in view
of (6.3.18) and K* = K~1, W = WK, as claimed. 0O

Since the structural function K is rational and inner (all-pass), it has a matrix
fraction description -
K(z) = M(2)M(2)™, (6.4.17)

where M and M are p x p matrix polynomials with det M having all its roots in
the open unit disc and det M having all its roots in the complement of the closed
unit disc. Since K* = K1,

M(zfl)’M(z) = M(zfl)’M(z). (6.4.18)

Corollary 6.4.4. Let K, W and W be as defined in Theorem 6.4.3, and let K have
the matriz fraction description (6.4.17). Then there is an m X p matriz polynomial
N such that

W(z) = N(2)M(2)™, (6.4.19a)

W(z) = N(z)M(z)"". (6.4.19b)

2

Proof. From (6.4.13) and (6.4.17) we obtain
WM =WM,
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6.5. The idea of state space and coordinate-free representation 137

which is a rational m x p matrix function that we call N. However, WM is analytic
in the closed unit disc and WM is analytic in the complement of the open unit disc.
Hence N must be a matrix polynomial, and (6.4.19) holds. O

6.5 The idea of state space and coordinate-free
representation

In view of (6.4.6) both the forward system (6.2.1) and the corresponding backward
system (6.3.10) can be represented in the same basic Hilbert space H, called the
ambient space. Moreover,

{d'z(t)|a e R"} =X; = {d'Z(t — 1) | a € R"}, (6.5.1)

so the two systems have the same families of state spaces.

Since all random processes involved are jointly stationary, we only need to
consider one instance of time, say ¢t = 0. In fact, as explained in Chapter 2, the
Hilbert space H := H(w) is endowed with a shift U such that

which is inherited by the other processes. Obviously, since H(z) = H(Z) C H and
H(y) C H, the processes z, Z and y are shifted by U in the same manner. Thus,
for example,

X, =U'X where X = X,. (6.5.3)

What is given in stochastic realization theory is the output process y. There-
fore we shall introduce a particularly simple notation for H(y) and its past and
future spaces, namely

H:=H(y), H :=H;(y), H":=H{(y), (6.5.4)

in terms of which

H, (y)=U'H™ and H(y)=U'H". (6.5.5)
Clearly,
H=H VH" CH, (6.5.6)
and
UM cH™ and UHT CcHT. (6.5.7)
Likewise, given the state space X = X at ¢t = 0, we may form
0 0
X =\ Xe=\/ UX=UH;(2), (6.5.8a)
t=—00 t=—00
Xt:=\/X,=\/U'X =H{ (). (6.5.8b)
t=0 t=0
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Therefore, the conditional orthogonality condition (6.2.13) can be written in
the following equivalent form:

(H-vX")L(H"VX")|X. (6.5.9)

From Lemma 2.4.1 we see that this implies that the past and the future spaces of
the process y are conditionally orthogonal to the state space X at t =0, i.e.,

H- LH"|X. (6.5.10)

Any subspace X satisfying (6.5.10) is called a splitting subspace for y, and one
satisfying (6.5.9) is called a Markovian splitting subspace. Hence, the state space X
of any linear stochastic system with output y is a Markovian splitting subspace for
1y, a concept which will be studied in depth in the next chapter, where we will prove
that determining all models (6.2.1) with output y is equivalent to determining all
Markovian splitting subspaces X of y.

In view of Proposition 2.4.2 in Chapter 2, a state space X of a stochastic
model is a subspace of H with the property that

EH VXN =EX)\ forall \e HT;

i.e., X serves as a “memory” or “sufficient statistics” which contains everything
from the past which is needed in predicting the future. Therefore, to obtain real
data reduction, we shall be interested in models whose state spaces X are minimal
in the sense that they have minimal dimension.

We have thus shown that many important properties of a linear stochastic
system (6.2.1) are captured in a coordinate-free manner by the family of state
spaces

U'X = {d'z(t) | a € R"}. (6.5.11)

The state space X is said to be internal if H = H, i.e., if X C H, the Hilbert space
generated by the output process.

6.6 Observability, constructibility and minimality

Kalman introduced four basic systems-theoretic concepts in deterministic realiza-
tion theory related to minimality: reachability, observability, controllability and
(re)constructiblity. Reachability and observability have been defined in Section 6.1.
Controllability and constructiblity are the corresponding concepts under time rever-
sal, and here they refer to the backward dynamics (6.3.10).

The linear systems ¥ and %, given by (6.2.1) and (6.3.10), can be regarded as
representations of the process y having the same state space X, one evolving forward
and the other backward in time. As pointed out in Section 6.2, 3 is reachable if
and only if P > 0; i.e., if and only if 2(0) is a basis in X (Proposition 6.2.1).
Under our present assumptions, 2(0) will always be a basis, and hence reachability
will always be satisfied. For the same reasons, ¥ will always be controllable, i.e.,
reachable in the backward sense. In Chapter 8 these assumptions will be relaxed to
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6.6. Observability, constructibility and minimality 139

allow for a purely deterministic state component. For now, only observability and
constructibility will be needed.

We begin with a geometric characterization. Let X be the state space of a
linear stochastic system. An element £ € X is said to be unobservable if it cannot be
distinguished from zero by observing the future of ¥, or more precisely, if £ L H™T.
Analogously, ¢ € X is unconstructible if £ 1 H™, i.e., it cannot be distinguished
from zero by observing the past of y. Hence X N (H*)* is the unobservable and
X N (H™)* the unconstructible subspace of X.

Definition 6.6.1. The state space X of a linear stochastic system is observable if
X N (HT)* =0 and constructible if X N (H™)*+ = 0.

Theorem 6.6.2. Let (6.2.1) and (6.3.10) be a pair of state-space models, one
evolving forward and the other backward in time, and let X be the corresponding
state space. Then X is observable if and only if

[ ker CA" =0, (6.6.1)
t=0
and constructible if and only if
[ ker C(A")" = 0. (6.6.2)
t=0

Proof. First observe that to each ¢ € X there corresponds an a € R™ such that
¢ = a’z(0). Under this correspondence, ¢ € X N (H*)+ if and only if

a'z(0) Lb'y(t) forallbe R™ and t=0,1,2,...,
ie.
E{y(t)x(0)'}a=0 fort=0,1,2,....

But, since E{y(¢)z(0)'}a = C A' Pa, this is equivalent to

Pa € ﬂ ker CA',
t=0

and consequently, since P is nonsingular,

XNHH)T =0 « (kerCA'=0.
t=0

The proof that X is contructible if and only if (6.6.2) holds is completely analogous.
d

Corollary 6.6.3. Let (6.2.1) and (6.3.10) be a pair of state-space models with
state space X, and let W and W be the corresponding transfer functions with matrix
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fraction representations as in Corollary 6.4.4. Then X is observable if and only if
the representation

W(z) = N(z)M(2)~*
is coprime and constructible if and only if the representation
W(z) = N(2)M ()"

1S coprime.

The first statement in Corollary 6.6.3 is an immediate consequence of Theo-
rem 6.6.2 and [35, p. 41] or [56, p. 439]. The second statement follows by symmetry.

The linear stochastic system (6.2.1) is called a (forward) stochastic realization
of y. A stochastic realization is not an input-output map like a deterministic re-
alization (see Section 6.1), but a representation of a stochastic process. Similarly,
the backward linear stochastic system (6.3.10) is a backward stochastic realization.
This pair of stochastic realizations of y, corresponding to the state space X, is
unique modulo the choice of basis in X and tied together via (6.3.11),

We say that a stochastic realization is minimal if it has the smallest dimension
among all realizations of y. The forward stochastic realization (6.2.1) is minimal if
and only if the backward stochastic realization (6.3.10) is minimal.

To see how minimality relates to observability and constructibility, we form
the (block) Hankel matrix corresponding to the covariance sequence

A= E{y(t + k)y(k)'} = E{y(t)y(0)'}.

In fact, given (6.2.1) and/or (6.3.10), it is a straight-forward calculation to show
that the covariance sequence of y is given by

CA*—1C! for t > 0;
Ay ={ CPC'+ DD’ fort =0; (6.6.3)
c(ANt=1c"  fort <0.
Consequently, the infinite block Hankel matrix

(A1 Ay As
Ay As Ay
L= |A; Ay As

admits the factorization

[ C C
CA cA
= |42 cAan?| - (6.6.4)

Clearly, the dimension n of the system ¥, and of ¥, satisfies

n >rank T (6.6.5)
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6.7. The forward and the backward predictor space 141

with equality if and only if both (6.6.1) and (6.6.2) hold, i.e., if and only if X is

both observable and constructible. Since both (A, B) and (A’, B) are reachable,
this happens if and only if (6.2.2) is a minimal realization of W and (6.3.18) is a
minimal realization of W, both in the deterministic sense. Note that we need both
these conditions. Consequently, we have proved the following theorem.

Theorem 6.6.4. A stochastic realization (6.2.1) is minimal if and only if its state
space X is both observable and constructible.

In view of Theorem 6.6.2 and (6.3.8), we have the following useful corollary,
which shows that observability and reachability is not enough for a stochastic real-
ization to be minimal.

Corollary 6.6.5. A stochastic realization (6.2.1) is minimal if and only if
(i) (C, A) is observable,
(i) (A, B) is reachable,

(iii) (CPA’+DB’, A) is observable, where P is the solution of the Lyapunov equa-
tion P = APA’ + BB'.

Obviously a stochastic realization is minimal if and only if its state space
has minimal dimension. In Chapter 7 we show that this concept of minimality is
equivalent to that of subspace inclusion. We say that the stochastic realization is
internal if its state space X C H is internal.

6.7 The forward and the backward predictor space

Next we provide two important examples of minimal stochastic realizations that
also happen to be internal. Let y be a purely nondeterministic stationary vector
process with second-order statisics (6.6.3), where (C, A) and (C, A’) are observable
and A is a stability matrix.

Theorem 6.7.1. Lety and (A,C,C) be given as above. The predictor space
X_=E" H* (6.7.1)
and the backward predictor space
X, =E"'H" (6.7.2)

are both state spaces of minimal stochastic realizations of y. In fact, y has a stochas-
tic realization

) {x_(t +1) = Az_(t) + B_w-(1) (6.7.3)

y(t) =Cz_(t) + D_w_(t)
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with state space X _, where the normalized white noise w_ is the forward innovation
process of y; i.e.,

H (w_)=H". (6.7.4)

Likewise, y has a backward stochastic realization

_ {mgt—1)=14x+@y+é+w+@)

= y(t) = COZ4(t) + Dywy(t) (6.7.5)

with state space X, where the normalized white noise wy is the backward innova-
tion process of y; i.e.,
H"(w,)=HT. (6.7.6)

If p is the rank of the process y, D_ and D are m x p matriz of full column rank.
In particular, if y is a full-rank process, they are square and nonsingular.

A proof could be constructed by choosing a basis z(t) in U'X_ and showing
that this process is Markov. This will be done in Chapter 8. Here we shall provide
a different proof.

Proof. Let
Or(t) = EHe g (t), k=1,2,...,m, (6.7.7)

and let w_ be the normalized forward innovation process defined by (4.1.7), i.e., by
(6.7.4). Then, by (4.5.16),

D_w_(t) = y(t) — (1), (6.7.8)

where D_ is a full-rank matrix factor of the innovation variance

D_D. =E{[y(0) - 9(0)][y(0) — §(0)]'}.

By Proposition 4.5.7, the number of columns, p of D_ equals the rank of the process
y, and the components of w_(t) span H; ; © H; .

Now, suppose that A, given by (6.6.3), is n x n. We begin by proving that
there is a stochastic vector £ := (£1,&2,...,&,)  such that

E{gy(it)/} :Atilé/’ t: 172’37"'7
or, equivalently, that, for k =1,2,...,n

(&kym) = ci(n), forallpe H™,

where ¢, (n) is a real number formed from the k:th rows of A*"1C’, t =1,2,3,...,
in the manner that 7 is formed from y(—t), t = 1,2,3,.... Now, consider the
bounded linear functional Ly : H~ — R that sends n to ¢x(n). Then, by Riesz’
representation theorem, there is a § € H™ such that Li(n) = (&, n), and hence
there is a £ with prescribed property. Defining x_(t) to be the vector process with
components U, k= 1,2,...,n, we then have

E{z_(0)y(—t)} = A"1C', t=1,2,3,.... (6.7.9)
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In view of (6.6.3), (6.7.9) yields
E{[y(0) — Cz_(0)]y(—t)'} =0, t=1,2,3,...,

i.e.

9x(0) = Cz_(0), (6.7.10)
and consequently it follows from (6.7.8) that
y(t) = Cx_(t) + D_w_(t).
Analogously,
E{lz—(1) — Az_(0)]y(-t)'} =0, t=1,2,3,...,
and hence the components of _(1) — Az_(0) belong to UH~ & H~. Therefore,
x_(1) — Az_(0) = B_w_(0)

for some n x m matrix B_, which yield the first equation in (6.7.3) after applying
the shift U* componentwise. More generally, it follows from (6.6.3) and (6.7.9) that

E{[y(T) —CA™z_ (0)]y(7t)/} = 07 t= 17 25 37 )
for 7=0,1,2,..., and consequently
[CATz_(0)]y = E® yp(r) e EF HY =X_. (6.7.11)

Since (C, A) is observable, this implies that the components of z_ (0) belong to X_.
Consequently,
Xy :={d'z_(0)|a e R} C X_.

However, since X; is the state space of the stochastic realization (6.7.3), it follows
from Section 6.5 and (6.5.10) that X _ is a splitting subspace; i.e., H~ L HT | Xj.
But X; € H™, and therefore, by Theorem 2.4.3, X; D X_. Hence, X; = X_, as
claimed.

In view of Theorem 6.6.2, X_ is observable. Hence, by Theorem 6.6.4, it just
remains to show that X_ is constructible, to establish that (6.7.3) is a minimal
realization of y. To this end, just note that

X_NHAN=X_nH nHH' =0,

since X_ and H™ N (H*)1 are orthogonal by Lemma 2.2.6.
The second part of the theorem follows by symmetry. 0O

To avoid (uninteresting) technical complications, from now on we shall make
the following blanket assumption.

Assumption 6.7.2. The output process y has full rank.
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Corollary 6.7.3. The transfer function of ¥ _,
W_(2)=C(zI - A)™'B_+D_, (6.7.12)

is minimum-phase; i.e., W_(2) has all its poles in the open unit disc and all its
zeros in the closed unit disc. Symmetrically, the transfer function of ¥,

Wi(2)=C(z'T - A)"'By + Dy, (6.7.13)

is conjugate minimum-phase; i.e., W, (z) has all its poles in the complement of the
closed unit disc and all its zeros in the complement of the open unit disc.

Proof. The stochastic system X _ is merely a state-space realization of the (normal-
ized) innovation representation (4.1.11). Hence W_(z) is the outer spectral factor
that has no zeros outside of the closed unit disc. The statement about W (z) follows
by a completely symmetric argument. 0O

The stochastic realization > _ can also be written
z_(t+1) = Az_(t) + B_DZ'[y(t) — Cx_(1)]. (6.7.14)

As we shall see in Section 6.9, ¥_ can be interpreted as a steady-state Kalman
filter. We remark that this is a recursive form of Wiener filtering; see Section 4.1.
From (6.7.14) and the second of equations (6.7.3) we readily obtain the inverse of
Y., namely

z_(t+1)=T_z_(t)+ B_D~'y(t)
{w () = —D7'Cz_(t)+ D 'y(t), (6.7.15)
where
I_=A-B_D-'C. (6.7.16)

By Corollary 6.7.3, I'_ has all its eigenvalues in the closed unit disc.
Likewise, ¥ can be written as a backward steady-state Kalman filter:

T4(t—1)= Az (t) + BLD ' y(t) — Oz (1)), (6.7.17)
and we obtain the inverse of ¥ as
w4 (t) = —Dy'Ca_(t) + D'y(t),
where - S
I, =A-B.D'C (6.7.19)

has all its eigenvalues in the complement of the open unit disc.

The forward stochastic realization ¥_ and the backward stochastic realization
Y., are both minimal stochastic realizations, but they have different state spaces.
The predictor space X _ also has a backward realization

{m_(t —1)= Az_(t) + B__(t)

(2-) y(t) = Cz_(t) + D_w_(t),

(6.7.20)
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whose transfer function
W_(2)=C(z'T-A)'B_+D_ (6.7.21)

has all its poles outside the closed unit disc but still its zeros inside. In fact, in view
of Corollary 6.4.4, W_ has the same zeros as W_. In the same way, the backward
predictor space X has a forward realization

H=A B
(34) 4 (t+1) = Az (t) + Brw4(t) (6.7.22)
y(t) = Cai(t)+ Dows(t),
with a transfer function
Wi(z) =C(zI — A)™'By + Dy, (6.7.23)

Corollary 6.7.4. The transfer function (6.7.23) of Xy is mazimum-phase; i.e.,
Wi (z) has all its poles in the open unit disc and all its zeros in the complement
of the open unit disc. Symmetrically, the transfer function of Y_, is conjugate
mazimum-phase; i.e., W_(2) has all its poles in the complement of the closed unit
disc and all its zeros in the closed unit disc.

Proof. The statements concerning the poles are trivial, since the location of the
poles is determined by the eigenvalues of A. By Corollary 6.4.4, W, (z) has the
same zeros as W, (z), and W_(z) has the same zeros W_(z). Hence the statements
about the zeros follow from Corollary 6.7.3. 0O

We have thus constructed the stochastic realizations corresponding to the for-

ward and backward predictor spaces. In Chapter 8 we shall construct the stochastic
realizations of arbitrary Markovian splitting subspaces in a more systematic fashion.

6.8 Rational spectral factorization
Obviously, (6.6.5) is fulfilled with equality if and only if

B, (2) = Clad — A + %Ao (6.8.1)

is a minimal (deterministic) realization of the rational function ®; defined by the
Laurent expansion

1
D, (2) = Ao+ Azt Mg+ (6.8.2)

in an open region containing the complement of the closed unit disc. This function
is the “negative tail” of the spectral density

B(2) =Dy (2) + D, (27Y, (6.8.3)

2007/
page .



146 Chapter 6. Linear Stochastic Systems

defined by the Laurent series

P(z) = i Azt (6.8.4)

t=—o00

in an open annulus containing the unit circle. Since the spectral density must be
nonnegative definite on the unit circle, ® must satisfy the positivity condition

D )+ D (e >0 O¢€[-m, 7], (6.8.5)

and, since A is stability matrix, ®; has all its poles in the open unit disc. A
function with these properties is called positive real. Therefore we shall call & the
positive-real part of .

Proposition 6.8.1. The transfer functions (6.2.2) and (6.3.18) of ¥ and 3, re-
spectively, are spectral factors of ®, i.e.

W)W (2™ = &(z) (6.8.6)

and

W)Wz = d(2). (6.8.7)

Since W has all its poles in the open unit disc and is finite at infinity, we
say that it is a stable or analytic spectral factor, while T, which has its poles
strictly outside the unit circle, is said to be coanalytic. There is complete symmetry
between the forward and the backward settings, and therefore we only consider
W. We provide a purely algebraic derivation that does not require stability of A
and stationarity of the processes involved. (Of course, in this case the “spectrum”
®(z) does not need to have a probabilistic meaning). It only requires existence
of a solution to the Lyapunov equation P = APA’ + BB’, which in our case is
guaranteed, since A is stable.

To this end, we shall use an algebraic decomposition based on the useful
identity (6.4.14), i.e.,

P—APA = (21 — A)P(z7'T1 — A') + (21 — A)PA' + AP(z7'1 — A"),

to the product W (z)W (271)’, a well-known trick from Kalman-Yakubovich theory.
In fact, a straightforward calculation shows that

W)W (™Y =[C(zI — A 'B+ D|[B' (7' — A)~'C’" + D]
=C(zI - A)™'BB'(z7'1 - A"’
+C(2I — A)"'BD'+ DB (271 — A)~'C' + DD’
so, in view of (6.2.10) and (6.4.14),
W)W (z™Y = CPC'+ DD’ +
+ C(2I — A)THAPC' + BD') + (CPA' + DB') (27T — A")~'C’
=@ () + 0y (271, (6.8.8)
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6.8. Rational spectral factorization 147

where the last equality follows from (6.3.8) and the expression for Ag in (6.6.3),
thus establishing (6.8.6).

Proposition 6.8.2. Let W be an arbitrary rational analytic spectral factor of ®.
Then
degW > deg @, (6.8.9)

where deg denotes McMillan degree.
Proof. Suppose (4, B,C, D) is a minimal realization (6.2.2) of W. Then, if A is

n x n, deg W = n. Moreover, as shown in (6.8.8), the positive real part of ® takes
the form

~ 1
Dy (2)=C(z — A)'C" + §A0,
which clearly has degree less or equal ton. 0O

Since, in this proof, (C, A) is supposed to be observable, there can be strict
inequality in (6.8.9) only if the pair (A4, C’) is not reachable.

Definition 6.8.3. The spectral factor W of ® is minimal if

degW = deg ®,..

As we have seen, minimal spectral factors always do exist. Well-known ex-
amples of minimal spectral factor are the minimum phase and the maximum phase
spectral factors, denoted W_ and W, respectively. Both W_ and W, are analytic,
but, as we have already seen, the former has no zeros outside of the closed unit disk
while the second has instead no zeros inside the open unit disk. It follows from The-
orem 4.6.8 that all analytic (stable) rational spectral factors can be constructed by
postmultiplying the minimum phase factor W_ by an inner rational matrix function
Q(z); i.e., an analytic rational matrix function such that

Q(z)Q(z"") =1.

More generally, if W(z) is a spectral factor and Q(z) is inner, then

is also a spectral factor. If there are no cancellation of poles and zeros, deg W; >
deg W i.e., W7 is nonminimal.
The converse problem

Let us now consider the converse problem. Given a rational spectral density @, i.e.
an m x m rational matrix function that is parahermitian; i.e., satisfies

o) = 2(:),
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that is positive semidefinite on the unit circle, consider the problem of finding all
minimal analytic spectral factors W and the corresponding (minimal) realizations

W(z)=H(zI — F)"'B+ D. (6.8.10)
To solve this problem, first make the decomposition
B(z) =Dy (2) + D (271, (6.8.11)

where @ has all its poles in the open unit disk (so that it is the positive-real part
of ®), and then compute a minimal realization

B, (2) = Clad — A + %Ao. (6.8.12)

Then A is a stability matrix, and, if A is n x n, deg®; = n. We shall solve
the spectral factorization equation (6.8.6), providing a procedure for determining
(F,H, B, D) from the given matrices (A4, C,C, Ay).

To this end first note that, in view of (6.8.11) and (6.8.12), the spectral density
® may be written

B(z) = [C(eT — A" 1] [0 0/} {(Z”A')IC'].

A 7 (6.8.13)
However, in view of the identity (6.4.14), which holds for all symmetric P and all
z € C,

P—APA" —APC'] [(z~1 — A")~iC"
[C(z1 — A)~' 1] [ opar _OPO,] [(z ; ) }o, (6.8.14)

which added to (6.8.13) yields

®(z) = [C(] — A)~? qmﬂrqumlay (6.8.15)
where L )
Aiunzzﬁiéﬁﬁ, g}éﬁgi. (6.8.16)
Therefore, if there is a P satisfying the linear matriz inequality
M(P) =0, (6.8.17)
M (P) can be factored as
M(P) = {g] IB'D, (6.8.18)
which, inserted into (6.8.15), implies that the rational function
W(z):=C(zI —A)™'*B+D (6.8.19)
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satisfies the spectral factorization equation
W)W (™ = o(2). (6.8.20)

Hence, in particular, we can choose F' = A and H = C in (6.8.10). Since degW < n,
being equal to n if and only if (A, B) is reachable, deg W < deg ®. But, in view of
(6.8.9), this implies that deg W = deg ®;. Consequently, W is a minimal spectral
factor.

Let P be the set of all symmetric matrices P such that (6.8.17) holds. The
existence of minimal spectral factors is connected to the question of whether P is
nonempty. The following fundamental result, which is a corollary of the important
Kalman-Yakubovich-Popov Lemma, clarifies this point.

Theorem 6.1 (The Positive Real Lemma). Let . be a stable m x m transfer
function with a minimal realization

QA@::C@I—AYJCV+%A@ (6.8.21)

More precisely, let A be a stable n x n matriz, and suppose that (C, A) and (C,A")
are both observable. Moreover, let M : R™*" — RO+m)x(ntm) pe the linear map
defined by (6.8.16). Then, the set P of all symmetric matrices P such that the
linear matriz inequality

M(P) >0 (6.8.22)

holds is nonempty if and only if ® is positive real. Finally, any P € P is positive
definite.

Therefore (6.8.18), i.e.,

P = APA' + BB’ (6.8.23a)
C=CPA +DB (6.8.23b)
Ao = CPC'+ DD’ (6.8.23¢)

are often called the positive-real-lemma equations. Note that (6.87.23a) is the Lya-
punov equation (6.2.10) and (6.8.23b) is the definition (6.3.8) of C.

Proof. If P is nonempty, there is a P such that M(P) > 0, and then it follows
from (6.8.11) and (6.8.15) that

D () + Dy (e7) >0, forall,
and consequently that @ is positive real. Conversely, suppose ®, is positive real.

Then, there is a stochastic realization (6.7.3) having the covariance structure (6.6.3).
The corresponding covariance matrix

P = E{x_ (0)$— (O)I}
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clearly satisfies (6.8.17), and therefore P is nonempty.

As we have established above, any P € P must satisfy the Lyapunov equation
(6.8.23a) for some B such that (A, B) is reachable, and therefore, since A is a
stability matrix, any P € P must be positive definite. 0O

Since the state-space basis can be chosen so that H = C and F' = A, the
problem of determining the minimal spectral factors can thus be reduced to finding
P € P and then factoring M(P) as in (6.8.18) to obtain B and D. To avoid
g is full column rank. Then, for each P € P,
the factorization problem (6.8.18) yields a pair (B, D), which is unique modulo an
orthogonal transformation.

redundancy we shall require that

Theorem 6.8.4. Let ® be a full-rank spectral density, and let A,C,C, Ay be ma-
trices such that (6.8.12) is a minimal realization of ®, the positive real part of ®.
Then there is a one-to-one correspondence between minimal analytic spectral factors
of ® and symmetric n X n matrices P solving the Linear Matrix Inequality (6.8.17)
in the following sense: Corresponding to each solution P = P’ of (6.8.17), neces-
sarily positive definite, there corresponds a minimal analytic spectral factor (6.8.19)

where A and C are as defined above and is the unique (modulo orthogonal

B
D
transformations) full-rank factor (6.8.18) of M(P). Conversely, to each analytic
manimal spectral factor (6.8.10) of ®(z) there is a P € P so that (B, D) is obtained

from (6.8.18) and F = A, H=C.

Proof. It remains to prove the converse statement that to each minimal analytic
spectral factor W there corresponds a P € P with the stated properties. Let W
have a minimal realization (6.8.10), and let P be the unique symmetric solution to
the Lyapunov equation

P=FPF + BB'.

Since W is minimal, A and F' have the same dimensions. A calculation such as in
(6.8.8) then shows that

1
¢4@:H@Isﬂ”G+§M,

where G = FPH'+ BD' and Ag = HPH' + DD’. Hence, in view of (6.8.12), there
is a nonsingular n x n matrix 7" such that

(H,F,G) = (CT Y, TAT™*,TC").

Here we may clearly choose basis in state space so that T' = I, thereby obtaining
the required result. 0O
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Example 6.8.5. Consider a spectral density ®(z) with the positive real part

Then A = %, C = %, C=1,and Ag = %, and therefore the linear matrix inequality
(6.8.17) becomes

3p S5_1p
M(P)=5* % 2,120,

33 35— P

which holds if and only if P > 0, % — P >0and
41 25 4 25
det M(P)=-P>’+—=P-Z=_(P-)(P-2)>
et M(P) tRl -y = PP ) 20
These inequalities hold precisely for P € [%, %], and hence P is the interval [P_, Py ],
where P_ = % and Py = %
Since

1 =
M}_(Z): +1:Z+—2,
1 1

which clearly is minimum phase. On the other hand,

25/16 5/8
M(P:) { 5;8 1?4]

yielding B = % and D = % and the maximum phase spectral factor

Finally, let us take a P in the interior of P. With P =2 € [, 23] we obtain

wie = s 1A

Without restriction we may take
Bl  [b1 b
D| |d 0

0 - -1

and then
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which may be solved to yield d = %, by = \/lg and, choosing one root, by = %,

thus defining a rectangular spectral factor

2 1

5,1 %
W(z) = 25+ —=, L= .
=) <z—% \/§z—§>

In this example all minimal spectral factors, except W_ and W, which are scalar,
are 1 x 2 matrix valued.

Obviously there is a completely symmetric factorization theory for coanalytic

spectral factors W, corresponding to backward stochastic realizations. This sym-
metry can be highlighted by writing the linear matrix inequality (6.8.17) as

[g /C\ﬂ - [é} PlA C'] 20, (6.8.24)

which, since P is positive definite, is equivalent to

P O A
C A C|>o0. (6.8.25)
A/ C/ P—l

In fact, (6.8.24) is the Schur complement (Appendix A.3) of (6.8.25). Taking the
lower Schur complement instead and observing that P := P~!, we see that (6.8.25)
is also equivalent to

— = P—A'PA C'— APC’
. el - >

M(P): C_CPA A,—CPC'| = 0. (6.8.26)

From this linear matrix inequality, B and D are determined via factorization as in

(6.3.12), yielding the coanalytic spectral factor

W(z)=C(z"'1-A)'B+D. (6.8.27)

6.9 The Riccati inequality and Kalman filtering

We have shown that the family of minimal spectral factors can be parameterized
by the solutions of the linear matrix inequality (6.8.17). Next, we want to show
that there is a more compact characterization of the set P, namely by means of
the Riccati inequality, which is of dimension n instead of n 4+ m as with the linear
matrix inequality.

Recall that in characterizing the analytic spectral factors, we keep the poles
fixed. Roughly speaking, therefore, the spectral factors will differ by the zeros, which
may be flipped to the reciprocal locations in the complex plane to create new spectral
factors. While zeros located either at zero or at z = co can be handled by the linear
matrix inequality, this will not be possible if we want to do parametrization by the
Riccati inequality. As we will see in Chapter 77, the Riccati inequality is a device
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capable of flipping only finite zeros to their finite reciprocals. Hence to proceed
in this direction we need to exclude the presence of zeros either at z = 0 or at
z = oo in the spectral factors. The condition that precludes this is a condition on
the spectral density matrix of the process, called regularity, (Corollary 9.3.11) and
is studied in detail in Sections 8.8 and 9.3. A process y having a spectral density ®
with this property is called a regular process and is described by the condition

A(P):=Ag—CPC’" >0 foral PeP. (6.9.1)

Clearly, a regular process must be full rank.

Example 6.8.5 illustrates the fact that the number of columns of the spectral
factor W (z) varies with P € P. In fact, if we agree to keep the rank of [B’ D’|
full, W(z) is m x p, where p := rank M (P). Then, if T := —(C" — APC")A(P)~},
a straight-forward calculation yields

IR T RS

R(P) = APA' — P+ (C' — APC")A(P)~*(C" — APC"Y'. (6.9.2)

where

Hence, P € P if and only if it satisfies the Riccati inequality
R(P) <0. (6.9.3)

Moreover,
p =rank M(P) = m + rank R(P) > m.

If P satisfies the algebraic Riccati equation R(P) =0, i.e.,
P =APA + (C' — APC")A(P)"Y(C" — APC'"Y, (6.9.4)

rank M(P) = m. Then the spectral factor W is m x m. The family of P corre-
sponding to square spectral factors form a subfamily Py of P. If P ¢ Py, W is
rectangular. In Chapter 8 we show that Py corresponds to internal state spaces. It
is obvious that P is closed and convex. Next we shall demonstrate that it is also
bounded with a minimum and maximum element.

We shall now demonstrate that the steady-state Kalman filter for an arbitrary
minimal (forward) stochastic realization (6.2.1) is in fact itself a minimal realization,
namely the forward system corresponding to the predictor space X_. To this end,
given a minimal stochastic realization ¥ defined by (6.2.1), let us consider a Kalman
filter initiated at time 7 (rather than time 0) and define

H, (y) = span{a'y(k) |a e R™  k =7,7+1,...,1}
and the state estimate

ip(t) = ERme-tg (1), k=1,2,...,n.
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Then, by Lemma 2.2.4, we obtain the orthogonal decomposition
Bt +1) = Az(t) + E{z(t + 1)7() Y (E{()g()}) " 9 (),

where 3 is the innovation process

Consequently, recalling that the filter is initiated at ¢t = 7, we have the Kalman
filter
2t +1)=Az(t) + Kt —1)[yt) —Cz(t)); (1) =0, (6.9.5)

where
K(t—7) =B{z(t+ 1)) HE{G@OF(1)'H (6.9.6)

Proposition 6.9.1. The gain function K in the Kalman filter (6.9.5) is given by
K(t) = (C' — ATII(t)C")A(II(t)) !, (6.9.7)

where P +— A(P) is the matriz function (6.9.1), and I1(t) is the solution of the
matriz Riccati equation

II(t + 1) = II(¢) + R(II(¢)) 1II(0) =0, (6.9.8)
where the matriz function P — R(P) is given by (6.9.2).

Proof. The usual orthogonality arguments yield
E{z®)7(t)'} = E{y()[y(t) — 5"} = Ao — CTI(t — 7)C",

where
() = E{z(t+ 1)zt + 1)} (6.9.9)

In the same way,
E{z(t + 1D)g(t)'} = AE{z(t)[z(t) — 2(t)]'}C" + BD = C' — All(t — 1)C’,

where we have also used (6.3.8). Therefore (6.9.7) is a direct consequence of (6.9.6).
Moreover, from (6.9.5), we have

I(t 4 1) = AIL(t) A" + K (t) A(TI(t)) K (t)',
which, in view of (6.9.7), yields (6.9.8). O

It is interesting and important to observe that the filter equations depend only
on quantities which pertain to the positive real part (6.8.2) of the spectral density
of y and not in any way to the particular choice of system (6.2.1). In fact, all TI(¢)
are lower bounds of any P € P.
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Lemma 6.9.2. Let {Il(t)}icz, be the solution of the matriz Riccati equation
(6.9.8). Then

P>TI(t+1) >1I(t) >0 forall PeP andt=0,1,2,....

Proof. A straightforward calculation shows that
P—1I(t) = E{[z(t + 1) — 2(t + 7)][z(t + 7) — &t + 7)]'} > 0,

which proves that P > II(¢) for all ¢ > 0. To see that II(¢ + 1) > II(¢), first observe
that, by joint stationarity, the stochastic vector z(t) with components

2e(t) = EHr-nenWa 4 7)) k=1,2,....n

has the same covariance matrix as Z(t+7+1), i.e., E{z(¢)z(t)’'} = II(¢t+1). However,
since Hi ;1) C Hjz_y 413,

ipt+7)=Edr-ne-nWa 1), k=1,2,...,n
and consequently, II(¢) <II(¢ +1). O

This lemma shows that {II(t)}/cz, is monotonely nondecreasing and bounded
from above, and consequently II(¢) tends to a limit P_ ast — oo. In view of (6.9.8),
P_ is a solution of the algebraic Riccati equation (6.9.4), i.e., R(P_) = 0. Hence
P_ € Py, and therefore it must correspond to a realization (6.2.1) of y.

Theorem 6.9.3. The solution T1(t) of the matriz Riccati equation (6.9.8) tends
monotonely to a limit P_ € Py as t — oo, which is the state covariance

P_:= F{z_(0)z_(0)"} (6.9.10)

of the stochastic realization (6.7.3) whose state space is the predictor space X_,
defined by (6.7.1). The matices B_ and D_ in (6.7.3) are given by

B_=(C'— AP_C")A(P_)"% and D_=A(P_)2. (6.9.11)

Moreover,
dz_(t)=EH d'z(t) for all a € R, (6.9.12)

and P_ is the minimum element of the family P in the sense that

P>P_ foralPe?P. (6.9.13)

Proof. Let t be fixed and let 7 tend to —oco in the Kalman filter

F(t+1) =A%)+ Kt —1)[y(t) — C2(t)]



156 Chapter 6. Linear Stochastic Systems

We have already shown above that II(t —7) — P_ € Py as 7 — —o0o, and hence, in

_1
view of (6.9.7), K(t —7) — B_D_? with B_, D_ given by (6.9.11). Therefore, if
we can show that, for all a € R™,

EHre-uWa/z(t) — a'z_(t) = EHr o/x(t) (6.9.14)
as T — 00, then we obtain in the limit the steady state Kalman filter
z_(t+1) = Az_(t) + B_D-'[y(t) — Cx_(t)).
To prove (6.9.14), we shall need the following lemma.

Lemma 6.9.4. Let A; C Ay C A3 C -+ be an infinite sequence of subspaces in a
Hilbert space H, and let § € H. Then, setting Ao 1= V]_A;, the sequence

&= EBYE — B¢
strongly as j — o0.

Proof. Since

1]l < [1€all < [1€sll < --- < [I€]|

I€;]] tends to a limit as j — co. Now, for i < j, & = EA"'EJ-, and hence

& = &l* = 1§11 = 1&l1* — 0 asi,j — oo

Consequently, £; is a Cauchy sequence and hence tends strongly to a limit in H,
which then must be EA=¢. O

Now, (6.9.14) follows immediately by taking A := H[_;;_1j(y) in this lemma,
in which case Ao = H; . Moreover, §(t) — Voo (), where vo := y — Cz_ is a white
noise such that

E{voo (t)Voo(8)'} = A(P-)0s = D_D" 4y,
so defining w_(t) := Dp®
X_ by Theorem 6.7.1.
Finally, by Lemma 6.9.2, P > P_, which establishes (6.9.13). 0O

Voo (t), we obtain precisely (6.7.3), whose state space is

We can also show that P has a maximum element P, € Py connected to the
backward predictor space X . To this end, construct a backward Kalman filter
based on the backward model (6.3.10). An analysis that is completely symmetric to
the one presented above, projecting over the future, yields a backward steady state
Kalman filter (6.7.17), which can be written as a backward stochastic realization
(6.7.5) with Markovian splitting subspace X, and with state covariance P, such
that

P> P,.
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In terms of the corresponding forward systems (6.2.1) and (6.7.22), this may be
written
P—l Z P;l

(see Theorem 6.3.1). In other words, there is a P, € Py such that
P<P; foral Pe?. (6.9.15)

In fact,
Py :=E{z+(0)z+(0)'}, (6.9.16)

where xy is the state process of (6.7.22), the forward stochastic relization of X..
Consequently we have established the existence of two elements in Py, namely
P_ and P., such that
P_<P<P, forall Pe?. (6.9.17)

This also establishes the boundedness of the set P.
By Lemma 6.9.2, TI(¢) approaches P_ from outside P starting at II(0) = 0. It
can be shown that all the elements in Py are extreme points of P. The converse is

often, but not always, true. In Example 6.8.5, we now have P_ = %, P, = % and
':PO = {%7 % .

6.10 Bibliographic notes

The material in Section 6.1 is standard. The books [62, 14] are excellent early
references. The concept of balancing of linear systems was introduced by Moore
[97].

Constructing (strong sense) anticausal models in the manner of Section 6.3
was first done in [80] in continuous time and subsequently in [103] in discrete time.

The notion of minimal splitting subspace, a generalization of a concept intro-
duced in [93], was first applied to the stochastic realization problem in [105], where
the predictor space X_ was considered, and then in general in [77, 79, 78]. Indepen-
dently, G. Ruckebusch developed a geometric theory of Markovian [112, 110, 111].
This research led to the joint paper [89].

The definitions of observability and constructibility in Section 6.6 were intro-
duced in the context of Markovian representations by Ruckebusch [111].

The forward and backward predictor spaces were introduced by Akaike [1] in
the context of canonical correlation analysis. The idea of using Riesz’ representation
theorem in the proof of Theorem 6.7.1 was suggested by Gy. Michaletzky. This
establishes the existence of a minimal spectral factor. The existence of a unique
minimum phase spectral factor of a rational spectral density was one of the main
results in Youla’s classical 1961 paper [131].

There is a extensive literature on rational spectral factorization; In the present
context of stochastic processes, see, in particular, the excellent book [29]. The
Positive Real Lemma is a version of the Kalman-Yakubovich-Popov Lemma [57,
128, 107]. Theorem 10.4.4 is due to B.D.O.Anderson [4].

The set P is studied extensively in [29], where the solvability of M(P) > 0
is characterized using algebraic methods (Theorem 3.1), and where an algorithm
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for determining P, is provided. Establishing the partial ordering of P via Kalman
filtering was done in [80] in continuous time and subsequently in [103] in discrete

time.



Chapter 7

The Geometry of
Splitting Subspaces

The purpose of this chapter is to introduce coordinate-free representations of a
stationary process y by constructing state spaces from basic principles. This will in
particular accommodate both finite- and infinite-dimensional stochastic systems.

More precisely, we introduce the geometry underlying linear stochastic models
in a more abstract Hilbert space setting which can also be applied to a wider class of
problems. The basic setting in this chapter is a fixed real Hilbert space H with inner
product (., .), a unitary shift U : H — H acting on it and two subspaces H™ and
HT, representing the past and the future respectively, which enjoy the invariance
properties

U'H  CH™ and UH'CHT"

and the property that the subspace
H.=H VH"

is doubly invariant, i.e., invariant under both U and the adjoint shift U*. The
orthogonal projection of n € H onto the subspace X will be denoted EX 7, and
EXY will denote the closure of {EX7n|n e Y}.

7.1 Deterministic realization theory revisited: The
abstract idea of state space construction

This deterministic state space construction of Section 6.1 follows an abstract pat-
tern, which, to a certain extent to be explained below, also applies to the stochastic
setting. Given the Hankel map H : U — Y, defined in Section 6.1, one constructs a

factorization
e

u — Y
onto \ /1-1
X
159

2007/
page .



160 Chapter 7. The Geometry of Splitting Subspaces

which is canonical in the sense that the map U — X is onto, the map X — Y is
one-to-one, and the dimension of X is equal to rank J. This amounts to factoring
out the kernel of H.

In fact, two inputs uy, us € U are said to be (Nerode) equivalent if Huy = Hua,
i.e., u; —ug € ker H. Next, define the canonical projection

mgu={vel|v~u}
which assigns to each u € U the equivalence class to which it belongs, and let
U/ ker H := {mgu|uelU}

be the quotient space of all equivalence classes. Setting X = U/ker H yields the

factorization

u 25 oy

g\ S
X

where ¢ assigns the common H-value to the equivalence class, i.e., o(mrgu) = Hu.
Clearly 7y is onto and ¢ is one-to-one so that the factorization is canonical.

Next, we observe that the space Y, defined on page 121, is invariant under the
shift oyy(7) = y(r + 1), t > 0;

oYcyY, t=0,1,2,....

We seek a restricted shift on X; i.e., an operator 04(X) : X — X that makes the

following diagram commute:

X —2 .y

wx|  |n

X —Y

Here O is the observability operator, defined in Section 6.1. Comparing with The-
orem 6.1.3 and its proof, we see that A is a matrix representation of the one-step
restricted shift o(X) := 01(X) and that the semigroup property

Os (X)Ut (X) = Os+t (X)

holds. In fact, 0¢(X) := o(X)* for t = 0,1,2,....

When modeling a stochastic process y there are no external inputs, and the
construction of the state space will have to be based on somewhat different prin-
ciples. The main ideas here are the concepts of Markovian splitting subspace and
scattering pair representation, which will bring into play certain (white noise) gen-
erating processes that serve as inputs for a pair of causal and anticausal represen-
tations of y, as described in Chapter 6. In analyzing these input/output maps, the
abstract deterministic realization theory will be used.
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7.2 Perpendicular intersection

Let A, B and X be subspaces of the real Hilbert space H. We recall from Chapter 2
that A and B are conditionally orthogonal given X if

(0 —E*a,p—EXpB)=0 for acA, fcB (7.2.1)

and that this is denoted A L B | X. When X = 0, this reduces to the usual or-
thogonality A L B. (See Section 2.4 for alternative characterizations of conditional
orthogonality.)

It is trivial that the conditional orthogonality condition A L B | X remains
true if A and B are replaced by arbitrary subspaces of A and B respectively.
The converse question of how much A and B can be enlarged is less trivial and
fundamental for what follows.

Lemma 7.2.1. Suppose A L B |X. Then
(i) AnBcCcX
i) (AvX)L(BVX)|X

(iii) X=(AvX)Nn(BVIX)

Proof. To prove (i), let A € AN B. Then, since A L B|X,

A=EXXAA-EX)) =0,
ie., [[A—EX )| =0, and hence EX X\ = X, i.e. A € X. Statement (ii) follows from
Proposition 2.4.2 (i)—(iii) in Chapter 2. Finally, to prove (iii), note that property

(i) applied to (ii) yields (AVX)N(BVvX)CX. Bt X C (AvX)N(BVX)is
trivial. O

Setting S := AV X and S := BV X, Lemma 7.2.1 implies that A 1 B | X is
equivalent to
SLS|sSnS.

We shall provide some alternative characterizations of this property.

Proposition 7.2.2. The following conditions are equivalent
(i) SLS|SNS
(i) ESS=8SnS

(i) ESS =8NS

(iv) ESS =ESS§
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Proof. By Proposition 2.4.3,
S 1LS|E®SS, (7.2.2)

and therefore Lemma 7.2.1 (i) implies that
SNScE’SS. (7.2.3)

Also, by Proposition 2.4.3, ESS ¢ X for any X C S such that S 1. S | X. Hence (i)
implies (ii). A symmetric argument shows that (i) implies (iii) as well, and therefore
(i) also implies (iv). Consequently, if (iv) holds, then ES S ¢ S NS, which together
with (7.2.3) and (7.2.2) yields (i). O

Definition 7.2.3. A pair (S,S) of subspaces satisfying the conditions of Proposi-
tion 7.2.2 are called perpendicularly intersecting.

The property of perpendicular intersection is depicted in Figure 5.1.

Theorem 7.2.4. Let S and S be subspaces such that SVS = H. Then the following
conditions are equivalent.

(i) S and S intersect perpendicularly
(ii) S+ C S or, equivalently, St C S
(iii) H=S*® (SNS) & S+

(iv) ES and ES commute

Proof. Set X = SNS. If (i) holds, X = ESS, and hence S©X L S (Lemma 2.2.6).
But, since X C S and SVS = H], we have (S©X)®S = H, and therefore SO X = S+;
ie., 8 =X &S+, Hence both (ii) and (iii) follow. Each of conditions (i) and (iii)
implies the existence of a subspace X with the property H = S+ & X ¢ S+ so that,
if A e H,
ESES A= EXES A+ ES ESA=EX)
and B .
ESESA=EX =E*ES A+ E% ES )\ =EX)
and therefore (iv) follows. It just remains to prove that (iv) implies (i). But,

ESESH = ESESH yields ESS = ESS, ie., S and S intersect perpendicularly
(Proposition 7.2.2). 0O

Corollary 7.2.5. Let S and S be any subspaces of H. If S* C S or, equivalently,
St C S, then S and S intersect perpendicularly, and conditions (iii) and (iv) in
Theorem 7.2.4 hold.
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Figure 5.1: The splitting geometry.

Proof. By Lemma 2.2.6 and S+ C S, we have
S=ESoSst

which implies that ESS c S. Hence
SNS=ESS,

and therefore S and S intersect perpendicularly (Proposition 7.2.2) and (iii) holds.
Consequently, (iv) also holds. O

We are now in a position to answer the question of how much the subspaces
A and B may be enlarged while retaining the conditional orthogonality A 1 B | X
in the special, but important, special case that AV B = H.

Theorem 7.2.6. Let A and B be subspaces such that AV B = H, and suppose
that A L B|X. Let SD A and SDB. Then S L S| X if and only if

SCAVX and SCBVX. (7.2.4)

If the upper bounds in (7.2.4) are attained, i.e., S = AV X and S c BV X, then
X =8NS and S and S intersect perpendicularly.

Proof. 1t is clear from Lemmas 7.2.1 and 2.4.1 that S L S if (7.2.4) holds.
Conversely, suppose that S | S. Then, by Proposition 2.4.2 (iii) in Chapter 2,
(SVvX) LS|X, which, in view of Lemma 2.4.1, implies that

Z 1B|X, (7.2.5)
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where Z := (SV X) © (A V X). But (7.2.5) is equivalent to
Z1l BvX)eX (7.2.6)

by Proposition 2.4.2 (v) in Chapter 2. Since, by definition, Z L (A V X), we
have Z 1 AV B = H, and hence Z = 0, proving the first of inclusions (7.2.4).
A symmetric argument shows that the second inclusion must also hold. The last
statement follows from Lemma 7.2.1 (iii) and Proposition 7.2.2. 0O

7.3 Splitting subspaces

A splitting subspace is a subspace X C H with the property
H™ 1LH"|X, (7.3.1)

i.e., the past and the future spaces are conditionally orthogonal given X. From
Proposition 2.4.2 in Chapter 2 it follows that X is a splitting subspace if and only
if

EH VXX=EX\ forall \c H" (7.3.2)

or, equivalently,
EEVXN=EX)\ forall \c H". (7.3.3)

Consequently, X serves as a “memory” or “sufficient statistics” which contains
everything from the past which is needed in predicting the future and everything
from the future which is needed in predicting the past. Clearly H, H, H™ and
H™ are splitting subspaces. Therefore, to obtain real data reduction, we shall be
interested in splitting subspaces X which are minimal in the sense that if X; is also
a splitting subspace and X; C X, then X; = X.

The following result, which is a corollary of Theorem 2.4.3, provides us with
two examples of minimal splitting subspaces.

Proposition 7.3.1. The predictor spaces
X_:=E" HY and X, :=E¥ H-

are minimal splitting subspaces. In fact, X_ is the only minimal splitting subspace
contained in H™ and X is the only minimal splitting subspace contained in HY.

To shed some light on the splitting property, observe that, in view of Propo-
sition 2.4.2 (vi) in Chapter 2,

EF A=E" EX\ for\e H™ (7.3.4)

is an equivalent characterization of a splitting subspace X. To understand better
this characterization, we introduce the observability operator

0:=E"" |x (7.3.5)
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and the constructiblity operator
¢:=E" |x. (7.3.6)

Then, since
0" :=EX|g+ and € :=EX |4 (7.3.7)

are the adjoints of O and € respectively (Lemma 2.2.7 in Chapter 2), (7.3.4) may
be written

H=0cer, (7.3.8)
where H is the Hankel operator
H=E"" | (7.3.9)
Equivalently, we have
H* = CO~, (7.3.10)
where -
H* =E" |y (7.3.11)

Consequently, the splitting property can be characterized as a factorization
of a Hankel operator over the splitting subspace X so that the following diagram
commutes:

H — HT
CN 0 H=o0c"
X

Such a factorization is said to be canonical if C* maps onto a dense subset of X
and O is injective, i.e., ker O = 0. Equivalently, the same splitting property can be
illustrated by factoring the adjoint Hankel operator (7.3.11) over X so that the dual
diagram

Ht 2% H-
o\, @ H* = €O,
X

corresponding to the factorization (7.3.10), commutes. Again the factorization is
canonical if the range Im O* is dense in X and C is injective, i.e., ker C = 0.

The equivalence between these formulations of canonicity is a simple conse-
quence of the fact that Im O* = X if and only if ker O = 0 and Im C* = X if and
only if ker € = 0. This property, which holds for all bounded linear operators (The-
orem A.1.3 in the appendix), can in the present setting be illustrated by applying
Lemma 2.2.6 to obtain the orthogonal decompositions

X=E*H'oXnH""* (7.3.12a)
X=E*H ¢oXnH" ) (7.3.12b)

Noting that
kerO=XN(H"N)Y and ker€=Xn(H) (7.3.13)
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and

Im O* =E*H* and Im G =EX*H", (7.3.14)
it is seen that (7.3.12) is the well-known decomposition of Theorem A.1.3 in the
appendix.

We shall call EX H* the observable and X N (HT)L the unobservable subspace
of X. This is in harmony with Kalman’s nomenclature since any ¢ € X N (H*)*+
is unobservable in the sense that it cannot be distinguished from zero by observ-
ing elements in the space HT of future outputs. Similarly EX* H™ is called the
constructible and X N (H™)L the unconstructible subspace of X.

We restate Definition 6.6.1 in terms of splitting subspaces.

Definition 7.3.2. The splitting subspace is said to be observable if X N (HT)+ =0
and constructible if X N (H™)+ = 0.

Consequently, the factorizations (7.3.8) and (7.3.10) are canonical if and only
if X is both observable and constructible. Next we show that this canonicity is
equivalent to minimality of X. To this end, we need the following lemma.

Lemma 7.3.3. Let X be a splitting subspace and suppose it has the orthogonal
decomposition

X = X; & Xo, (7.3.15)

where X1 and Xo are subspaces of X. Then Xy is a splitting subspace if and only

if
EX*H- L EX2H'. (7.3.16)

Proof. Using the alternative definition (2.4.2) of conditional orthogonality, the
splitting property H= | H* | X may be written

(EXNEXp) = (\p) forall\e H and p e HT
Therefore, since
(EXNEX ) = (X N EX p) 4 (EX2 N EX2 ),

the proof of the lemma is immediate. O

Lemma 7.3.4. If X is a splitting subspace, then so are EXH* and EXH-.

Proof. This follows readily from Lemma 7.3.3 and the orthogonal decompositions
(7.3.12). With Xy := X N (HT)*, we have EX2 H* = 0, and consequently X; :=
EX H' is a splitting subspace. Similarly, setting Xy := X N (H™)", it is seen that
X, :=E*H isa splitting subspace. 0O

Theorem 7.3.5. A splitting subspace is minimal if and only if it is both observable
and constructible.
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Proof. Suppose that X is a minimal splitting subspace. Then, since EXH* and
EXH* are also splitting subspaces (Lemma 7.3.4), it follows from decompositions
(7.3.12) that X N (HT)* = 0 and X N (H™)* = 0, i.e., = is both observable and
constructible.

Conversely, suppose that XN(H~)+ = 0 and XN(H~)* = 0 and that X; C X
is a splitting subspace. We want to show that X, := X © X is the zero space so
that X; = X. It follows from (7.3.12a) that X = EX Ht . Applying E*? to this
and observing that EX2 EX = EX2 we obtain that

EX2 H' = X,. (7.3.17)
A symmetric argument using (7.3.12b) yields
EX*H™ = X,. (7.3.18)

Since X is a splitting subspace, Lemma 7.3.3 implies that (7.3.17) and (7.3.18) are
orthogonal, which can only happen if Xs =0 as claimed. O

The splitting property can also be characterized in terms of perpendicularly
intersecting subspaces.

Theorem 7.3.6. A subspace X C H is a splitting subspace if and only if
X=8nS (7.3.19)

for some pair (S,S) of perpendicularly intersecting subspaces such that S > H™ and
SO HT. Then

X =ESS=ESS. (7.3.20)
In particular,
ESA=E*)\ forallAeS (7.3.21)
and )
ESA=EX), forall XeS. (7.3.22)

Proof. (if): Suppose S and S intersect perpendicularly. Then, by Proposition 7.2.2,
S L S|X with X =SnNS. But, since S D H™ and S D HT, this implies that
H- | H* | X, i.e. X is a splitting subspace. Then (7.3.20) follows directly from
Proposition 7.2.2, and, by Proposition 2.4.2, (7.3.21) and (7.3.22) are equivalent to
S1S|X.

(only if): Suppose that H~ 1L H* | X and set S := H~ VX and S := HT v X.
Then, by Theorem 7.2.6, S 1 S | X where X = SN'S. Hence S and S intersect
perpendicularly (Proposition 7.2.2) and S D H™ and SO HT. O

We shall call a pair (S,S) satisfying the conditions of Theorem 7.3.6 a scat-
tering pair of X, due to certain similarities to incoming and outgoing subspaces in
Lax-Philips scattering theory [71]. The correspondence to the scattering framework
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of Lax and Philips will become complete once we introduce invariance with respect
to the unitary operator U, as we shall do in the next section.

In general, an X may have more than one scattering pair. In the next section
further conditions will be imposed which will allow us to assign a unique scattering
pair to each X. However, if we take Hl = H := H~ VH™, each splitting subspace has
a unique scattering pair (S,S). This choice of space H amounts to only considering
internal splitting subspaces, i.e., splitting subspaces such that X C H.

Proposition 7.3.7. Suppose that H = H. Then each splitting subspace X has a
unique scattering pair (S, S), namely

S=H VX, S=H"VvX. (7.3.23)

Proof. 1t follows from Theorem 7.3.6 that S > H~ VX and S D H v X. But,
since H~ vV HT = H, Theorem 7.2.6 implies that S ¢ H~ v X and S ¢ Ht v X,
and consequently (7.3.23) holds. O

Proposition 7.3.7 makes the study of internal splitting subspaces much simpler
than in the general case. The corresponding pair (S, S) will be called an internal
scattering pair.

7.4 Markovian splitting subspaces

The splitting property insures that X contains the information needed to act as a
state space but says nothing about how this dynamical memory evolves in time.
Therefore, we shall need to assume that X has the additional property that it splits
the combined past and the combined future of {y(¢)} and X, i.e. that

(H-vX) L (H"VXN)|X, (7.4.1)

where X~ := span{U'X | t < 0} and XT := span{U*'X | ¢t > 0}. Clearly the
splitting property H- | H™|X is also implied by (7.4.1) as is the Markov property

X~ LXT|X. (7.4.2)

Moreover, define the ambient space Hx of X as the smallest subspace of H
which contains both H and X and which is invariant under both forward shift U
and backward shift U*. More precisely,

Hx = HVspan{U'X |t € Z} (7.4.3)

We say that X is a Markovian splitting subspace if it satisfies (7.4.1), and the triplet
(Hx,U, X) is called a Markovian representation. If Hx = H, i.e. X C H, we say
that the Markovian representation is internal.

The subspaces S and S of Theorem 7.3.6 may be regarded as extension of the
past space H™ and the future space H. Since H™ and H™ satisfy the invariance
properties

U*'H- - cH~ and UHT CHT,
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the following theorem shows that S and S indeed play the roles of extended past
and future spaces.

Theorem 7.4.1. A splitting subspace X is a Markovian splitting subspace if and
only if it has a scattering pair (S,S) such that

U*SCcS and USCS (7.4.4)

For each X there is a unique such scattering pair contained in the ambient space
Hx, and it is given by

S=H VvX~ and S=H"vX". (7.4.5)
Moreover, SV S = Hx.

Proof. To prove the (only if) part, suppose that (7.4.1) holds, i.e. that S 1. S| X
where 8 := H- VX~ and S := HT VX™*. Then, by Lemma 7.2.1, X = SNS so that
S 1 S|SNS, and hence S and S intersect perpendicularly. Hence, since S > H~
and S D HT, (S,S) is a scattering pair of X.

To prove the (if) part, suppose X is a splitting subspace with a scattering pair
(S, S) satisfying the invariance property (7.4.4). Since X C S, (7.4.4) implies that
U~'X C S, and hence

U'XcS fort<o.

Therefore X~ C S. But H™ C S, and consequently

H vX™ CS. (7.4.6)
A symmetric argument yields

HTvX*cS. (7.4.7)

Hence (7.4.1) follows from S L S | X. B

Finally, we prove uniqueness. If (S,S) is a scattering pair for X, we have
S 1 S| X where X = SN S. Therefore, it follows from (7.4.1) and Theorem 7.2.6
that

SCH vX™ and ScHtvXT. (7.4.8)

In fact, set A := H~ VX~ and B := H" vV X" and observe that A V B = Hx and
that AV X = H- VX~ and BV X = H* v X*. Then (7.4.6) (7.4.7) and (7.4.8)
yield the required uniqueness, and (S, S) is given by (7.4.5). 0O

For any Markovian splitting subspace we write X ~ (S,S) to refer to the
one-one correspondence between X = S NS and the unique scattering pair (S,S)
contained in Hx. In view of Proposition 7.3.7, we have H~ V X~ = H™ vV X and
H™vX*T =HT" VX for internal splitting subspaces, but in general these equations
do not hold.
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 In view of Theorem 7.2.4, we may characterize the splitting property of X ~
(S,S) by means of the orthogonal decomposition

Hx =St X @S, (7.4.9)

where St and S+ are the orthogonal components of S and S in Hx. (This will be
the notational convention for the rest of this section.) The decomposition (7.4.9) is
illustrated in Figure 5.1, which also illustrates that S and S intersect perpendicularly
if and only if S* C S or, equivalently, S* C S (Theorem 7.2.4). Since, in addition,
S D H™ and S D H* (Theorem 7.3.6), the splitting geometry requires that

SOH"vSt and SOH VSL (7.4.10)

A Markovian splitting subspace is said to be minimal if it contains no proper
subspace which is also a Markovian splitting subspace. We turn now to the question
of how minimality can be characterized in terms of the scattering pair (S, S). Since
X = SNS, minimality of X should be expected to be connected to some minimality
conditions on S and S.

Lemma 7.4.2. Let X; ~ (S;,S1) and Xg ~ (SQ,_SQ) be Markovian splitting
subspaces. Then X1 C Xs if and only if S1 C Sy and S1 C Ss.

Proof. The (if) part follows from the fact that X = SN S for all X ~ (S,S). The
(only if) part follows from (7.4.5) 0O

Given an arbitrary Markovian splitting subspace X ~ (S, S), how do we find
a minimal one contained in it? If this is at all possible, Lemma 7.4.2 suggests
that we would need to reduce S and S as far as possible while preserving the split-
ting geometry; i.e., satisfying the constraints (7.4.10) and the invariance conditions
(7.4.4).

Theorem 7.4.3. Let X ~ (S,S) be a Markovian _splitting subspace with ambient
space Hx, and set S; := Ht VvV S+ and S; = H™ V Si-, where * denotes orthogonal

complement in Hx. Then X1 ~ (S1,S1) is a minimal Markovian splitting subspace

such that X1 C X.

Proof. The subspaces S; and S; intersect perpendicularly by virtue of the fact that
Si C Sy (Corollary 7.2.5). Therefore, since S; D H™ and S; D H*, X; = S1NS; is
a splitting subspace (Theorem 7.3.6). We need to show that it is Markovian. Since
U*S C S, we have US* C S* (Lemma A.1.6), which together with the invariance
property UHT C HT yields
US1 C Sl.

Consequently, X; ~ (Sq, S1) is a Markovian splitting subspace (Theorem 7.4.1).

Next we show that X; C X. To this end, first note that S* c S, or,
equivalently, S; C S, which together with H™ C S yields

S; CS.
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Also, since S; = HT v S+, the first of equations (7.4.10) yields
Sl C Sl.

Consequently, by Lemma 7.4.2, X; C X.

Finally, to prove that X; is minimal, we assume that there is a Markovian
splitting subspace X5 ~ (Sg,S5) such that Xy C X;. Then, by Lemma 7.4.2 and
the fact that S; C S, we have S, C S and Sy C S so that St C S3 and St c g%.
Therefore, in view of the splitting conditions (7.4.10) for X,

S; DH"VSy DHT VST =§;
and - -
S; DH VS DH VS{ =8,

and consequently, by Lemma 7.4.2, Xy D X;. Therefore, we must have Xy = X,

proving minimality of Xy ~ (S1,S;). O

Later we shall need the following corollary, the proof of which follows along
similar lines as for Theorem 7.4.3.

Corollary 7.4.4. Let X ~ (S,S) be a Markovian splitting subspace, and let Sy
and Sy be defined as in Theorem 7.4.3. Then X| ~ (S,S1) and XY ~ (S1,S) are
Markovian splitting subspace contained in X.

Let us illustrate Theorem 7.4.3 by giving some examples. It is immediately
seen from Theorems 7.3.6 and 7.4.1 that H™ ~ (H™,H) is a Markovian splitting
subspace with ambient space H. Applying Theorem 7.4.3 we obtain S; = HT v
(H™)* and consequently Si = N, where

N-=H n(H", (7.4.11)

so that S; = H™. Therefore, in view of (7.3.20), the minimal Markovian splitting

subspace X1 ~ (S1,S1) contained in H™is given by
X, =E" HTV(H )] =E" H'.
Proposition 7.4.5. The predictor space

X_ =" HF (7.4.12)

is a minimal Markovian splitting subspace and X_ ~ (H™,(N7)*), where N~ s
given by (7.4.11).

Likewise, applying Theorem 7.4.3 to HT ~ (H,H™) we obtain S; = HT and
S; =H- v H*")L = (N*)L, where

Nt =H"nH")", (7.4.13)
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and consequently, in view of (7.3.20), the minimal Markovian splitting subspace

X; ~ (S1,S1) now is given by
X, =E¥' [H v #HN=E" H".
Proposition 7.4.6. The backward predictor space
X, =E" H- (7.4.14)

is a minimal Markovian splitting subspace and X, ~ ((N1)L HT), where Nt is
given by (7.4.13).

The subspace N~ contains everything in the past which is orthogonal to the
future, and NT contains everything in the future that is orthogonal to the past.
Loosely speaking, N~ gives no information about the future and N no information
about the past, and therefore we shall call them the junk spaces. Nevertheless, they
will play an important role in what follows.

Theorem 7.4.3 has some important corollaries. The first, which is nontriv-
ial only if X is infinite-dimensional, concerns the existence of minimal Markovian
splitting subspaces.

Corollary 7.4.7. FEvery Markovian splitting subspace contains a minimal Marko-
vian splitting subspace.

Corollary 7.4.8. A Markovian splitting subspace X ~ (S, 8) is a minimal Marko-
vian splitting subspace if and only if

S=H"vSt and S=H vS (7.4.15)

This corollary shows that X ~ (S, S) is minimal if and only if there is equality
in both the inclusions (7.4.8). Next, we show that these minimality conditions on
S and S correspond to observability and constructibility respectively.

Theorem 7.4.9. A Markovian splitting subspace X ~ (S,S) is observable if and
only if
S=H"vSt (7.4.16)

and constructible if and only if

S=H vS*. (7.4.17)
Proof. First note that if A and B are any subspaces, then (A v B)+ = At NB*.
Now, condition (7.4.16) is equivalent to

[H' VSt oSt =Hx, (7.4.18)
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which can also be written
H'tvS*tvSt=Hx (7.4.19)

Clearly (7.4.18) implies (7.4.19). To see that the converse is also true, note that the
first of equations (7.4.15) implies (H* v S*) L S*. But (7.4.19) is equivalent to

HY)TNSNS=0

which in view of the fact that X = S NS is precisely the observability condition
X N (HY)L = 0. The statement about constructibility follows by a symmetric
argument. 0O

From Corollary 7.4.8 and Theorem 7.4.9 we have the following two corollaries,
the second of which shows that the minimality property and the Markov property
can be studied separately.

Corollary 7.4.10. The Markovian splitting subspace X ~ (S, S) is minimal if and
only if it is both observable and constructible.

Corollary 7.4.11. A minimal Markovian splitting subspace is a minimal splitting
subspace.

Corollary 7.4.12. A subspace X is an observable Markovian splitting subspace if
and only if there is a subspace S D H™, satisfying U*S C S, such that

X =ESH'. (7.4.20)

It s a constructible Markovian splitting subspace if and only if there is a subspace
S > H', satisfying US C S, such that

X=ESH". (7.4.21)
The subspaces S and S are those of Theorem 7.4.9; i.e., X ~ (S, 8S).

Proof. Suppose that X ~ (S,S) is an observable Markovian splitting subspace.
Then X = E®S (Theorem 7.3.6), which together with the observability condition
(7.4.16) yields (7.4.20). Conversely, suppose that there is an invariant S D H™ such
that (7.4.20) holds. Define S := HT v S+, which is clearly invariant under U. Then
X =ESS, and S and S intersect perpendicularly (Theorem 7.2.4), hence satisfying
the equivalent conditions of Proposition 7.2.2. Therefore, X is a splitting subspace
(Theorem 7.3.6), which satisfies (7.4.4) and therefore is Markovian. Consequently,
X ~ (S,S). By construction, X satisfies (7.4.16) and is thus observable. The rest
follows by a symmetric argument. O

It follows from either Lemma 2.2.6 or from Propositions 7.4.5 and 7.4.6 that

H =X_oN~ and H' =X, @N* (7.4.22)
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and, therefore, since H = H~ V H" and since X_ ¢ H- L N* and X, ¢ HT L
N, we have the orthogonal decomposition

H=N ¢H" @ NT, (7.4.23)
where H is the frame space
H” =X_VvX,. (7.4.24)

The following result, which holds for splitting subspaces in general and not
only for Markovian splitting subspaces, describes the role played by the predictor
spaces X_ and X in Kalman filtering (see Section 6.9).

Proposition 7.4.13. Let X be a splitting subspace, and let N~ and N1 be defined
by (7.4.11) and (7.4.13) respectively. Then

EF X=X_ (7.4.25)

if and only if X L N—, and
EF X =X (7.4.26)

if and only if X L N,

Proof. Applying the projection E® to X = E®S (Theorem 7.3.6) and noting
that H- C S, we obtain Ef° X = EH S, But S > H*, and hence E¥ X > X_.

Conversely, suppose that £ € X. Then, since H- = X_ ® N, EH &= EX- &+

EN ¢, showing that E® X ¢ X_ if and only if X 1 N~. This establishes the
first part. The second follows by symmetry. 0O

In particular, the conditions X L N~ and X L N7t can be replaced by the
stronger conditions that X be observable and constructible respectively.

Corollary 7.4.14. Let X be a splitting subspace. Then X 1 N~ if X is observable
and X L N7T if X is constructible. If X is minimal, it is orthogonal to both N~
and NT.

Proof. If X is observable, then, by (7.3.12a), X = EX H*. But X is a splitting
subspace satisfying (7.3.2) so that X = E® VX HT, and hence
E¥ X =" gH VXt =" gf

which yields (7.4.25). Therefore it follows from Proposition 7.4.13 that X 1 N~.
In the same way we show that X 1 N7 is a consequence of X being constructible.
Then, the last statement follows from Theorem 7.3.5. 0O

We are now in a position to show that the frame space H is actually the
closed linear hull of the interior parts X N H of all minimal splitting subspaces.
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Proposition 7.4.15. The frame space HP is a Markovian splitting subspace, and
H ~ ((NJF)J', (Nf)l‘). Moreover,

XNHcH" (7.4.27)

for all minimal splitting subspaces X.

Proof. Since S := (NT)- =H V(HT): DH andS:= (N")t =H*V(H")* D
H, the first statement follows by comparing the decomposition (7.4.23) to (7.4.9)
and noting that the invariance conditions (7.4.4) hold. The inclusion (7.4.27) follows
from (7.4.23) and Corollary 7.4.14. 0O

Decomposition (7.4.23) partitions the output space H into three parts. The
subspace N~ is the part of the past H™ which is orthogonal to the future HT,
and N7T is the part of the future which is orthogonal to the past. Consequently,
the inclusion (7.4.27) reflects the fact that the spaces N~ and NT play no role
in the interaction between past and future and hence in minimal state space con-
struction. As we shall see in Chapter 16, decomposition (7.4.23) also provides an
important conceptual paradigm for smoothing. In fact, it follows immediately from
Corollary 7.4.14 that

E® X c H" (7.4.28)

for any minimal X, relating the smoothing estimate to the forward and backward
predictor estimates.

7.5 The Markov semigroup

Defining a semigroup on a splitting subspace X in the style of Section 7.1 requires
that X has a scattering pair (S, S) satisfying the invariance properties U*S C S and
US C S; ie, X ~ (S,S) must be a Markovian splitting subspace. Then, defining
the restricted shift on X,

UX)=E*Ulx, (7.5.1)
or more generally

U(X)=EX*U'|x, t=0,1,2,..., (7.5.2)

we have the following theorem.

Theorem 7.5.1. Let X ~ (S,S) be a Markovian splitting subspace. Then, for
t=0,1,2,..., the diagrams

HT O—*> X H- G_*) X
Utl lUt(X) (U*)fl lUt(X)*
Ht -2 . X H —

commute, where O is the observability operator EH' |x and € is the constructibility
operator EH |x. Moreover, the restricted shift satisfies the semigroup property

Us(X)U(X) = Us44(X); (7.5.3)
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i.e., in particular,

Uy (X) = U(X)*. (7.5.4)

For each é € X andt=0,1,2,...,
ES U'¢ = U, (X)¢ (7.5.5a)
ES U = Uy(X)*¢. (7.5.5b)

Proof. Let A € Sand taket = 0,1,2,.... Then, since S = X®S* (Theorem 7.2.4),
EXUt)\:EXUtEX)\JrEXUtESL A
However, the last term is zero, since U*S+ ¢ S+ 1 X. Therefore,
EXU'A=EXU'EX \ (7.5.6)
Consequently, for any A € Ht C S,
Uy (X)9*A = EXU'EX A\ = EX U\ = 0* U,

and thus the first diagram commutes. A completely symmetric argument show
that also the second diagram commutes. From (7.5.6) we also immediately see that
(7.5.3) holds. Moreover, since S 1. S | X and U\ € S, the left member of (7.5.6) can
be exchanged for E® U*)\. Therefore, since X C S, (7.5.5a) follows. Then (7.5.5b)
follows by symmetry. O

7.6 Minimality and dimension

In the geometric theory of splitting subspaces minimality is defined in terms of
subspace inclusion. This is natural since this concept of minimality is meaningful
also for infinite-dimensional splitting subspaces. The question of whether mini-
mal splitting subspaces all have the same (finite or infinite) dimension is therefore
natural.

Theorem 7.6.1. All minimal (Markovian or non-Markovian) splitting subspaces
have the same dimension.

As a preliminary for proving this theorem let us again consider the splitting

factorization

H- % Hf

e* N\, S0 H=00C"
X

described in Section 7.3. Recall that X is observable if and only if Im O* is dense in
X and constructible if and only if Im C* is dense in X. We shall say that X is ezactly
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observable if O* is surjective, Im O* = X and ezxactly constructible if C* is surjective,
ie, Im C* = X. If X is both exactly observable and exactly constructible, we say
that the factorization, and hence also X, is exactly canonical.

Lemma 7.6.2. If the Hankel operator H = EH' |z- has a closed range, then all
minimal splitting subspaces are exactly canonical. If one splitting subspace is exactly
canonical, then H has a closed range.

Proof. Recall that if a map has a closed range, then so does its adjoint [130, p.205];
this will be used several times in the proof. Let X be a minimal splitting subspace.
Then H = OC* and C*H™ is dense in X. Clearly HH™ = OC*H~ C OX. We want
to show that, if H{H™ is closed, then HH~™ = OX so that O, and hence O, has a
closed range, i.e., X is exactly observable. To this end, let £ € X be arbitrary. Then
there is a sequence {{;} in €*H~ such that & — £ as k — oo. But 0§, € HH™,
and, since O is continuous, O&; — 0O¢ € HH™, and consequently OX C HH™.
Hence, since OX D HH™ trivially, OX = HH™ as required. In the same way,
we use the adjoint factorization H* = CO*, which is also canonical, to prove that
X is exactly constructible. Conversely, assume that X is exactly canonical. Then
C*H~ = X, and therefore, since OX is closed, HH™ = OC*H™ is closed. 0O

Certain results in the geometric theory of splitting subspaces are much easier
to prove in the finite-dimensional case. The reason for this is that the ranges of
the operators O* and C* are always closed in this case. Hence it is the fact that
observability and constructibility is always exact in the finite-dimensional case which
implies that certain technical difficulties do not occur.

Proof of Theorem 7.6.1. Let us first assume that the Hankel operator H has
closed range. Then, for any minimal X, C* is surjective and O injective. Now,
suppose X; and Xs are two minimal splitting subspaces. Then, if, for i=1,2, O, is
the observability operator and €; the constructibility operator of X;, the diagram

X4
et/ NO
|
H- T H'
|
G\ 1 0
X

commutes. We we want to show that there is a bijective linear operator 7' : X; —
Xy so that the diagram amended with the dashed arrow still commutes.

Since €7 is surjective, for each & € X; there is a A € H™ such that CiA = &;.
For any such A € H™ commutativity yields

O1CIA = p1 = 0,3

Moreover, since O3 is injective, there is a unique & € X such that u = O2&;. Define
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T : X; — X3 to be the linear map sending &; to &. Then,
OQTGI)\ = OQT§1 = 0262 = u= (‘)2(23)\

Since Og is injective, this implies that T'CT = €5, so the left triangle in the diagram
commutes. To see that the right triangle in the diagram also commutes, note that
n = 0151 and Hn = 0252 = OQT&l, which 1rnphes that Ol = OQT

Next, since C3 is surjective and O; is injective, a completely symmetric argu-
ment shows that there is a map T: Xy — X such that that the diagram amended
with this map also commutes. But, then 77 must be identity in X; and TT the
identity in Xs, and hence T = T~!. Consequently, X; and X, are isomorphic
as vector spaces and hence they have the same dimension. It remains to consider
the case in which H does not have a closed range. But then, by Lemma 7.6.2, no
minimal splitting subspace is exactly canonical, and consequently all are infinite-
dimensional. Therefore, since H is a separable Hilbert space, all X have dimension
Ny. O

Corollary 7.6.3. A finite-dimensional splitting subspace is minimal if and only if
its dimension is minimal.

Proof. Let X be a finite-dimensional splitting subspace. First assume that there
is a splitting subspace X; of smaller dimension than X. By Corollary 7.4.7, X,
contains a minimal splitting subspace Xs. Since dim Xy < dim X; < dim X, The-
orem 7.6.1 implies that X is nonminimal. Conversely, suppose X is not minimal.
Then it contains a minimal splitting subspace as a proper subspace (Corollary 7.4.7),
and thus X cannot have minimal dimension. [

Recall that the conditions X L. N~ and X L NT are weaker than observabil-
ity and constructibility respectively (Corollary 7.4.14). Nevertheless, we have the
following alternative characterization of minimality in the case that H has a closed
range, and, in particular, when X is finite dimensional.

Theorem 7.6.4. Suppose that the Hankel operator H := EH' |- has a closed
range. Then, for any splitting subspace X, the following conditions are equivalent.

(i) X is minimal
(i1) X is observable and X L NT

(iii) X is constructible and X L N~

Proof. 1t follows from Corollaries 7.4.10 and 7.4.14 that (i) implies (ii) and (iii). To
prove the converse, first assume that (ii) holds. Then, in view of Proposition 7.4.13,

we have EH' X = X4, and therefore Im O = X ;. Hence we can restrict the range
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of O to X to obtain

N, 0
X

where O := EX+ |x and G := EX+ . The restricted observability operator O is
both injective (observability) and surjective, i.e. O is bijective so that the inverse
01 X+ — X is well-defined and onto. Consequently, C* = 071G is onto, i.e., X
is constructible. Hence X is minimal (Corollary 7.4.10), as claimed. A symmetric
argument shows that (iii) implies (i). 0O

Another version of Theorem 7.6.4 for Markovian splitting subspaces, which
does not require the condition that H has closed range, will be given in Chapter 8
(Theorem 9.2.19).

In the next section, we shall need the following corollary. Since any minimal
splitting subspace is orthogonal to both N~ and to Nt (Corollary 7.4.14), the
splitting condition H™ | HT | X is equivalent to

X_ 1X,|X, (7.6.1)

where N~ and NT have been removed from the past and the future. We shall
restrict the observability and constructibility operators accordingly.

Corollary 7.6.5. Let X be a minimal splitting subspace. Then, the restricted
observability and constructibility operators, O : X — X_ and C: X — X respec-
tively, of X, defined by

O = EX+ |x and ¢.:=EX- |x,
as well as their adjoints

O* .= EX |x, and e* .= EX |x_,

are quasi-invertible; i.e., one-one and densely onto. Moreover,

0C* =0_, (7.6.2)

where O_ is the restricted observability operator of X_.

Proof. Tt follows from Proposition 2.4.2(vi) that (7.6.2) is equivalent to the re-
stricted splitting condition (7.6.1). This establishes the last statement.
In view of Corollary 7.4.14 and Proposition 7.4.13, (7.4.25) holds, and hence,
since X, C HT,
EX+ X =FEX+EH' X =X,
from which it follows that Im O is dense in X4. Moreover, in view of Proposi-
tion 7.4.6,

kerO =XN (X))t =Xn(Nte @YY =XnHY) =0,
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by the observability of X. This establishes that O is one-one and densely onto. A
symmetric argument shows that € has the same property. The statements about
O* and C* then follow by Theorem A.1.3. 0O

As readily seen from the proof, this corollary can be strengthened in a form
that will be useful in Chapter 8.

Corollary 7.6.6. The operator O ((5*), defined in Corollary 7.6.5, is quasi-
invertible if and only if X is observable and X L. NT. Moreover, for all t > 0,

U (X)0* = 0" U (X4). (7.6.3)

Likewise, ¢ (é*) is quasi-invertible if and only if X is constructible and X L NT.
Moreover,

Up(X)C* = C*U(X_) (7.6.4)
for allt > 0.
Proof. The statements concerning the quasi-invertibility of @, @*, ¢ and €* follow
from the proof of Corollary 7.6.5. To prove (7.6.3), consider the commutative di-
agrams of Theorem 7.5.1. First take ¢ € Xy C H'. Then, the first commutative
diagram yields
Ut(X)(D*é- — EX Uté- — EX E(H+)J‘ Uté- + EX EX+ Uté- + EX EN+ Uté-,

since X, ~ ((NT)+,HT) and therefore H = (H")- @ X, @ N*. However, since
Ut¢é € HT, the first term in zero. Moreover, since X L N7, the last term is also
zero. This proves (7.6.3). The equation (7.6.4) follows by a symmetric argument.
d

7.7 Partial ordering of minimal splitting subspaces

To investigate the structure of the family of minimal splitting subspaces, we intro-
duce a partial ordering on this set.

Definition 7.7.1. Given two minimal splitting subspaces, X1 and Xo, let X1 < X5
denote the ordering

[EX* A < ||EX®2A|| forall A e HT, (7.7.1)

where || «|| is the norm in the Hilbert space H.

This partial ordering has the following interpretation. If X; < Xs, then X is
closer to the future H* than X; (or, loosely speaking, contains more information
about the future than X;) in the sense that for every subspace A of H™ we have

a(Xl,A) Z O((XQ,A) (772)
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where (X, A) is the angle between the subspaces X and A, defined in Chapter 2,
Section 2.3.

The partial ordering (7.7.1) has actually a symmetric interpretation with re-
spect to the past.

Lemma 7.7.2. The relation Xy < Xg holds if and only if

|EX2 A < |EX )| forall \e H™. (7.7.3)

Proof. Since X; and X5 are minimal, they are orthogonal to N~ and to N+ (Corol-
lary 7.4.14), and therefore, in view of (7.4.22), the condition (7.7.1) is equivalent
to

[EXt A < ||[EX®2 Al forall A e X, (7.7.4)

and the condition (7.7.3) to

[EX2 A < ||EX* Al forall e X_. (7.7.5)

Now, fori = 1,2, let O; and €; be the restricted observability and constructibil-
ity operator respectively of X, as defined in Corollary 7.6.5, and let @f and éj be
their adjoints. By Corollary 7.6.5, these operators are injective with dense range.
In this notation, it thus remains to prove that

[OXN] < |O3A] for all A e X, (7.7.6)

implies . .
CiA| < ||CTA|| forall A e X_. 7.7
2 1

Then, the converse will follow by symmetry.
From (7.7.6) it follows that

107(03) "¢l < il

for all £ in a dense subset of X3. The operator T := @*{(@3)_1 can be continuously
extended to the rest of Xy as a bounded operator with norm ||T'|| < 1. In fact, for
any & € Xy, there is a Cauchy sequence {£;} such that

T8k = TE N < [1€k = &l

implying that {T°¢;} converges. Then define T¢ := limg_,oo T'¢x. Since
(n,01(05)71) = ((02) "' 01n, )

for all € in the range of @3 and all n, the operator T := (@2)_1@1 is the adjoint
of T. Now, in view of (7.6.2), we have 02C5 = 0;:C%, and consequently, since
[T =17l <1,

1SN = IT*CTAll < [IE3Al
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for all A € X, which yields (7.7.7), as required. 0O

Theorem 7.7.3. The family of minimal splitting subspaces has a unique minimal
element X_ and a unique mazimal element X4, i.e.

X_o <X <X (7.7.8)

for all minimal X, and these are precisely the predictor spaces

X_ =EH H* (7.7.9a)
X, =FE" H" (7.7.9b)
defined in Proposition 7.3.1.
Proof. Since EX is a projector,
[EX X < ||\ for all X € X (7.7.10)
However, || EX+ \|| = ||A|| for all A € X, and consequently, in view of (7.7.4), X <

X . Moreover, for each X # X, there is a A in X for which strict inequality holds
in (7.7.10), which proves uniqueness. A symmetric argument using Lemma 7.7.2
gives the rest. 0

Whenever both X; < X5 and Xs < X; hold, we say that X; and X, are
equivalent, writing X; ~ Xo. We shall see below (Corollary 7.7.10) that, if at least
one of X; and X is internal, X; ~ X5 implies X; = X5. Let us define X to be
the family of all equivalence classes of minimal splitting subspaces, and let Xy be
the subset of those X which are internal (X C H). Then the order relation (7.7.1)
makes X into a partially ordered set with a maximal and minimal element, namely
X and X_, respectively. Note that each equivalence class in X is a singleton, and
consequently X is just a family of minimal X.

Uniform choices of bases

Next, for the finite-dimensional case, we shall illustrate the meaning of the partial
ordering defined above in terms of covariance matrices. More precisely, we shall
parametrize X by a certain family of positive definite matrices. To this end, we
introduce a uniform choice of bases on X. By Theorem 7.6.1, all X € X have the
same dimension, which we denote by n. Let (§+1,&+.2, -+ ,&+ ) be an arbitrary
basis in X1 and define

G =FE%¢p, k=1,2---,n (7.7.11)
for every minimal splitting subspace X.

Lemma 7.7.4. The random variables (&1,&2,- - ,&,) form a basis in X.
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Proof. Since 0* := EX |x_ is a bijection (Corollary 7.6.5), it sends a basis into a
basis. 0O

For simplicity of notation, we introduce the vector notation

&

&2
r=|.1, (7.7.12)

&n

and define x4 accordingly in terms of ({41,842, ,&+.n)-
Now, to each basis (£1,&2,- -+ ,&,) we associate the covariance matrix

P =E{zz'}, (7.7.13)
which is symmetric and positive definite. For a fixed choice of (€1 1,&4 .2, , &),

let P be the family of all covariance matrices (7.7.13) obtained as X varies over all
minimal splitting subspaces, and let Py be the subfamily generated by the internal
X. Note that P is equipped with the natural ordering: P; < P, if and only if
P, — P, is nonnegative definite.

Proposition 7.7.5. There is a one-one correspondence between X and P which is
order-preserving in the sense that Py < Py if and only if X1 < Xs.

Proof. To each A € X, there corresponds a unique a € R™ such that A = a’x, .
By (7.7.11), E¥ X\ = ¢z, and hence

|EX*\|? = d'Pa (7.7.14)

Therefore, in view of the ordering condition (7.7.4), X; < X3 if and only if P, < Ps.
Moreover, from (7.7.14) we see that two X have the same P if and only if they are
equivalent, establishing the one-one correspondence between X and P. O

Remark 7.7.6. All the results on splitting subspaces in this section may be formu-
lated instead for Markovian splitting subspaces, as we shall do in detail Section 8.6
for the discrete-time setting and in Section 10.4 for the continuous-time setting. If
we take X to be the family of minimal Markovian splitting subspaces, then P will
be precisely the set of covariance matrices introduced in Chapter 6; i.e., the set of
all symmetric matrices P such that (6.8.17) holds. Here P_ corresponds to X_ and
P+ to X+.

The uniform choice of bases allows us to state some useful alternative charac-
terizations of ordering in terms of splitting.

Proposition 7.7.7. Let X; and Xo be finite-dimensional minimal splitting sub-
spaces, at least one of which is internal. Then, X1 < Xs if and only if

dxy = EXdzs, forallaeR", (7.7.15)

2007/
page .



184 Chapter 7. The Geometry of Splitting Subspaces

for any uniform choice of basis x1 and xo in Xy and X, respectively.

Proof. From (7.7.11) we see that (7.7.19) is equivalent to
EX*A=EX*EX2 )\ forall A e X, (7.7.16)

which, due to the fact that X; and Xy are orthogonal to N, := HT © X, (Corol-
lary 7.4.14), can be extended to all A € HT. This in turn is equivalent to

EX*\=EX'ES2\ forall A\ € HY, (7.7.17)

because of the splitting property of X, i.e., to X; L HT | Sa, or equivalently, to
S; L Sy | Sy, which holds if and only if

Si LH,6 S, (7718)

(Proposition 2.4.2), where Hj is the ambient space of X5. Now, first assume that X3
is internal. Then, (7.7.18) is equivalent to S; C Sa, i.e., X < Xg (Theorem 7.7.11).
Next, assume that X, is internal. The (7.7.18) is equivalent to S; C S, @ H*, or,
equivalently, E® S; C Sy, i.e. X; < Xy (Theorem 7.7.11). 0O

Proposition 7.7.8. Let X, X1 and Xs be finite-dimensional minimal Markovian
splitting subspaces with X1 and X internal. Then, if X; < X < X,

X, 1 X, | X.

Proof. Let x,x1 and x5 be a uniform choice of bases in X, X; and Xs, respectively.
Then, applying Proposition 7.7.7 first to X; < X3 and then to X; < X and X < X»
we obtain two representations for x; yielding the equation

EX1a/zy = EX* EX 425, for all a € R”,

which is equivalent to X; L X5 | X. O

Ordering and scattering pairs
It is useful to express the ordering between minimal X € X in terms of geometric

conditions of subspace inclusions. To this end, we need the following lemma.

Lemma 7.7.9. Let X1 and X3 be two minimal splitting subspaces, and suppose
(S1,S1) is a scattering pair of X1 and (Sa,S2) a scattering pairs of Xa. Then
X1 < X5 if and only if

|ESt )| < ||ES2A||, for all X € H, (7.7.19)

or, equivalently, ) )
[ES2 A < [|ES* \||, for all X € H. (7.7.20)
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Proof. In view of the splitting property (7.3.21) and the fact that HY C S;,
1=1,2,(7.7.1) is equivalent to

[ESt A < [|ES2A||, forall \e HT. (7.7.21)

Therefore, to show that condition (7.7.19) is equivalent to X; < Xa, by Defini-
tion 7.7.1 we need to prove that (7.7.21) implies (7.7.19); the converse is obvi-
ous. Now, for i = 1,2, let Z; be the orthogonal complement of H™ in S;, i.e.
S;=H  ®&Z,;. Then

IES A = [1E® A2 + || EZ A2
so it only remains to prove that, if
| E% Al < [[E% )| (7.7.22)

holds for all A € HT, then it also holds for all A € H := H~ v H'. To this end,
suppose (7.7.22) holds for all A\ € H*. Since Z; ¢ (H™)* for i = 1,2, it follows
that

|EZ E®ED A < [[EZ2E® D"\, for all A € HY. (7.7.23)

But, by Lemma 2.2.6, we have
EE ) HY = (H )L eHL

and consequently (7.7.22) holds for all A € Y := (H™)* © H*. The extension from
Y to all of H is then trivial. In fact, H = H~ @Y, so for any A € H,there is a unique
representation A = p + 7, where u € Y and n € H~. Moreover, E% \ = EZi ;; for
1 =1,2,s0if (7.7.22) holds for all 4 € Y, it also holds for all A € H. This concludes
the proof that (7.7.19) is equivalent to (7.7.1). A symmetric argument shows that
(7.7.20) is equivalent to (7.7.3). Then the rest follows from Lemma 7.7.2. O

Corollary 7.7.10. Let X1 and X3 be equivalent minimal splitting subspaces. Then,
if one is internal, X1 = Xs.

Proof. If both X; < X5 and X5 < X7 hold, then

[ES* A = ES\||, forallA\eH (7.7.24)
|ES2 M| = |[ES A, forall \e H (7.7.25)

by Lemma 7.7.9. Now, suppose for example, that X; is internal, i.e., X; C H.
Then, for any A € Sy, (7.7.24) yields ||A|| = || ES2 A||, which implies that A € S,.
Hence S; C S,. In the same way, we show that S; C Sa, using (7.7.25). Then, by
Theorem 7.3.6,

X1 :Slﬂsl CSQQSQZXQ.

But, X5 is minimal, and hence X; = X5, as claimed. |

2007/
page .



186 Chapter 7. The Geometry of Splitting Subspaces

So far all results in this section have been formulated for general splitting sub-
spaces, since ordering does not require the Markovian property. In fact, Lemma 7.7.9
does not require that each splitting subspace has a unique scattering pair. To avoid
this ambiguity, the next theorem will be stated for Markovian splitting subspaces,
although, strictly speaking the results would hold in general.

Theorem 7.7.11. Let X; ~ (S1,S1) and Xy ~ (S2,S2) be minimal Markovian
splitting subspaces. Then:

(1) Ile,XQG:X:O, th@TLX1<X2<:>81CSQ<:>SQCS1.
(11) Ile GC)CO, then X1 < X9 & S; CSQ@EHSQCSL
(111) IfXQ GC)CO, then X1 <X2<:>EH81 CSQ@SQ CSl.

Proof. First, prove that
if X7 € Xp, then X; <X & S C Sy (7726)

using (7.7.19). Tt is trivial that S; C Ss implies X; < X5, and to prove the converse,
we take A € S; C H in (7.7.19), thereby obtaining || A|| < || ES2 A|| which implies
that A € Sy, and therefore S; C Sy. Obviously, by symmetry and (7.7.20), (7.7.26)
has a backward version, namely

if X5 € DCO, then X; < Xy & SQ - Sl- (7727)
Next, we prove that
if X5 € Xo, then X; < X, < EH S, ¢ S, (7.7.28)

To see this, use (7.7.27), noting that Sy C S; if and only if S{ C Sy @ (H; © H),
where H; is the ambient space of X;. By the constructibility condition (7.4.17),
this is equivalent to

S1CSy P (H1 S H) (7729)

from which follows that
E®S, c S,. (7.7.30)

Conversely, if (7.7.30) holds,

S, cE"S, ¢ E™CHS, ¢S, ¢ (H, 6 H)
which is (7.7.29). The backward version of (7.7.28) reads

if X; € Xo, then X; < X, < EHS, ¢ S;.

Now, the last statement together with (7.7.26),(7.7.27) and (7.7.28) cover all the
cases of the theorem. 0O
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7.8 Bibliographic notes

The concept of perpendicular intersection was introduced in [82]. The treatment in
Section 7.2 follows that in [82] and [87]. Theorems 7.2.4 and 7.2.6 are Theorems 2.2
and 2.1, respectively, in [87].

Geometric construction of the forward and backward predictor spaces was in-
troduced simultaneously by Akaike [1] and Picci [105]. The early results toward
a more complete geometric theory of stochastic realization were obtained indepen-
dently by Ruckebusch [112, 110, 111] and Lindquist and Picci [77, 79, 78] and led
to a joint paper [89].

Section 7.3 is essentially based on the matrial in [81, 82, 87]. Observability and
contructiblity was introduced in the context of Markovian representations in [111],
where also Theorem 7.3.5 was proved. Lemma 7.3.3 appears in [89] as Lemma 1.
Theorem 7.3.6 and Proposition 7.3.7 can be found in [77, 79]. Theorem 7.4.1 is
Theorem 4.1 in [88]. Theorem 7.4.3 is a generalization [88, Theorem 4.2] of a
result in [82], there formulated for internal splitting subspaces. Corollary 7.4.8 and
Theorem 7.4.9 can be found in [81]. Together, these results imply Corollary 7.4.10,
which is due to Ruckebusch [111].

The concept of frame space was introduced in [77], and the decomposition
(7.4.23) appeared in [82]. Theorem 7.6.1 appeared in [87]; the present proof is
based on a techique used in [62]. Lemma 7.6.2 can be found in [114]. Theorem 7.6.1
appeared in [87]. Lemma 7.6.2 can be found in [114] and Theorem 7.6.4 in [81].

Section 7.6 essentially follows [87]. The proof of Theorem 7.6.1 is based on
the ideas of [62, Section 10.6].

The material in Section 7.7 appeared in [88]. This partial ordering, which
turns out to be the natural one, is much ”finer” than that proposed in [114]. The
idea of uniform choice of bases was first proposed in [17].
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Chapter 8

Markovian
Representations

As we have seen, any m-dimensional stationary vector process {y(t)}+cz generates
a Hilbert space H := H(y) with subspaces H™ := H™(y) and HT := H*(y), the
past space and future space of y respectively, such that

H VH" =H.

A Markovian representation of y is a triplet (H, U, X) consisting of a Markovian
splitting subspace X in a Hilbert space H of random variables with a unitary shift
U : H — H and having the properties:

(i) H C H is a doubly invariant subspace, and the restricted shift Ulg is the
natural shift on H, i.e.,

Uyp(t) =yp(t+1) fork=1,2,...,mandte€Z (8.0.1)

(ii) H is the ambient space of X in the sense that
H=HVspan{U'X | t € Z}
and has finite multiplicity under the shift U.

A Markovian representation is said to be internal if H = H and observable, con-
structible or minimal if the splitting subspace X is.

As explained in Chapter 6, this concept of Markovian representation is moti-
vated by the study of linear stochastic systems

(8.0.2)

z(t+1) = Az(t) + Bw(t)
y(t) = Cx(t) + Dw(t)

driven by white noise {w(t)}+cz and having the process {y(t)}:cz as its output. In
this context, H is the Hilbert space spanned by the white noise and possible purely
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deterministic components in the state process {z(t)}tez, U is the natural shift on
the processes in the model, and X is the subspace

X ={d'z(0) | a € R"}

in H generated by the the components x1(0), 22(0),...,2,(0)} of the state 2(0) at
time ¢t = 0.

In most applications we want to study finite-dimensional Markovian represen-
tations, i.e., Markovian representations (H,U,X) for which dimX < oco. Never-
theless, the geometric theory accommodates infinite-dimensional Markovian repre-
sentations as well, but in this case models such as (8.0.2) must be interpreted in
some weak sense. Therefore, we shall allow for infinite-dimensional X only as long
as no further technical difficulties are introduced, as the study of finite-dimensional
systems is the main topic of this book.

8.1 The fundamental representation theorems

We collect the main results of Chapter 7 concerning Markovian splitting subspaces
in a theorem formulated in the context of Markovian representations.

Theorem 8.1.1. Given an m-dimensional stationary vector process {y(t)}iez, let
H D> H := H(y) be a Hilbert space of random variables with a shift U satisfying
(8.0.1), and let X be a subspace of H such that

H=H Vv span {U'X |t € Z} (8.1.1)
Then (H,U,X) is a Markovian representation of y if and only if
X=SnS (8.1.2)
for some pair (S,S) of subspaces of H such that
(i) H- cS and Ht CS,
(ii) U*S C S and US C S, and
(i) H=S*® (SNS) & S,

where L denotes the orthogonal complement in H. Moreover, the correspondence
X < (8S,8S) is one-one. In fact,

S=H vX~ and S=H'"vX"t. (8.1.3)
Finally, (H, U, X) is observable if and only if
S=H vSt (8.1.4)
and constructible if and only if

S=HtVvSt, (8.1.5)
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and minimal if and only if both (8.1.4) and (8.1.5) hold.

Proof. The theorem follows immediately from Theorems 7.3.6 and 7.4.1, recall-
ing that perpendicular intersection can be characterized by property (iii) (Theo-
rem 7.2.4), and from Corollary 7.4.8 and Theorem 7.4.9. 0O

To each Markovian representation (H, U, X) we want to associate two dynam-
ical representations, one evolving forward in time and one backwards. The abstract
idea behind this construction can be illustrated by two commutative diagrams. Re-
call that, since S 1 S | X for any Markovian splitting subspace X ~ (S,S), by
Lemma 2.4.1, we also have

SIH"|X and SLH |X (8.1.6)

As can be seen from Proposition 2.4.2 (vi), the first of these is equivalent to

the factorization )

H
S E_)\S HY
X
where O := EH' |X is the observability operator of X and E*|[S is an insertion

operator which is always surjective since X C S. Note that

U*Scs (8.1.8)

so that S can act as a past space in our construction and so that EH' |S is a Hankel
operator. The invariance property (8.1.8) allows us also to form the space

W =USOS, (8.1.9)

representing the new information carried by the “next input”. In that context, a
model of type (8.0.2) would entail representations of UX and

Y = {b'y(0) | be R™} (8.1.10)

in terms of X and W.
Before tending to this matter, let us also consider the backward setting. The
second of statements (8.1.6) is equivalent to the factorization

IS
where C := E® |X is the constructibility operator of X, and EX |S is an insertion

map. Since, by Theorem 7.4.1, o
US C S, (8.1.12)
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S can serve as a future space, and we can form the space
W:=SoUS. (8.1.13)

Moreover, EFf IS is a Hankel operator which maps the future space S backwards
into the past H™. The construction of a backward model would therefore involve a
representation of U*X and U*Y in terms of X and U*W.

Theorem 8.1.2. Let X ~ (S,S) be a Markovian splitting subspace, and let W, W
and Y be defined by (8.1.9), (8.1.13) and (8.1.10) respectively. Then

UXCXadW
cAe (8.1.14)
YCXeW
and ~
U'XCcXa(U*'W
& (U"W) (8.1.15)
UY CcX @ (U*W)
Proof. To prove (8.1.14) first note that, since X = SN S and US C S,
UX c (US)NS. (8.1.16)
Moreover, ~
Y C(UH )NnH" C (US)NS. (8.1.17)
Therefore, (8.1.14) would follow if we could show that
(US)NS=XaW. (8.1.18)

To this end, note that, since US = S® W, we have S® W & (US)* = H, and hence
St =(US)TaW, (8.1.19)

which inserted into H = S+ @ X @ S+ yields

XoW =[US)* @S+ =(US)NS

as claimed.
To prove (8.1.15), we note that, since U*S C S,

U*X c SN (U*S). (8.1.20)

Moreover, ~
UY CH N (U*H') Cc SN (U*S). (8.1.21)

Hence it only remains to prove that

SN(U*S) =X @ U*W. (8.1.22)
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However, this follows in the same way as above by first showing that
St =(U*S)taU'W, (8.1.23)
and then inserting this into H =S+ & X & S+t. 0O

The subspaces W and W, defined by (8.1.9) and (8.1.13), satisfy the orthog-
onality relations

U'W L U*W and U'W L U*W for j # k. (8.1.24)
Such subspaces are called wandering subspaces. In fact, the obvious decompositions
S=U""WaoU *WaeUWae.---aU "WaU s (8.1.25)

and
S=WaoUWaUWa---aU" '"WaU"S (8.1.26)

are the Wold decompositions described in Chapter 2, applied successively to shifted
subspaces, and U~NS and UMS tend to doubly invariant subspaces S_.. and S
respectively as N — oo (Theorem 4.5.8).

From Theorem 4.5.4 we know that W and W are finite-dimensional with di-
mensions which are bounded by the multiplicity of (H, U, X). Therefore, by choos-
ing orthonormal bases {n1, 72, ..., 7y} and {71, 72, . .., 75} respectively, we see from
(8.1.24) that

Ut Ui
Uty Ut

w(t) = and w(t) = | | (8.1.27)
Utnp Utﬁﬁ

are normalized white noise processes, one corresponding to S and one corresponding
to S.

Theorem 8.1.3. Let (H,U,X) be a Markovian representation of multiplicity pu.
Then the wandering subspaces W and W have finite dimensions such that p :=
dimW < p and p := dim W < u. Moreover, if X ~ (S, S),

S=H (w) ®S_, (8.1.28)
where {w(t) }tez is a p-dimensional normalized white noise process, i.e.,
E{w(t)} =0, E{w(s)w(t)'} = I,0, (8.1.29)

such that
W := {d'w(0) | a € R}, (8.1.30)

and S_ s a doubly invariant subspace, i.e., invariant under both U and U*.
Similarly,

S=H"(0) ® See, (8.1.31)

2007,
page



194 Chapter 8. Markovian Representations

where {w(t) }1ez s a p-dimensional normalized white noise process such that

W = {d'w(0) | a € RP}, (8.1.32)
and So is a doubly invariant.
Finally, -
H=H(w)®S_s = Hw) ® S, (8.1.33)
i.e., in particular, -
St =H"(w) and S*=H (0). (8.1.34)

Proof. In view of Theorem 4.5.8 and Theorem 4.5.4, it only remains to prove
(8.1.34). However, this follows from (8.1.33) and the fact that H™ (w) L Ht(w),
the latter of which is a consequence of w being a white noise. O

The processes w and w are called the forward respectively the backward gen-
erating processes of (H, U, X), and clearly they are unique modulo linear coordinate

transformations in W and W respectively. The subspaces S_. and S are called
the remote past and the remote future spaces, respectively.

Definition 8.1.4. The Markovian representation (H,U,X) is normal if S_o =

Soo and proper if S_o = S = 0.

In view of (8.1.33), p = p if (H, U, X) is normal. As we shall see in the next
section, all finite-dimensional Markovian representations are normal. However, in
the infinite-dimensional case one may even have minimal Markovian representations
that are not normal, as the following example shows.

Example 8.1.5. Let {y(t)}tez be a p.n.d. process with spectral density

®(e") = v/1+ cosé. (8.1.35)

Then X_ = H™ ~ (H~,H), and consequently S_., = 0 and S, = H. Therefore
the minimal Markovian representation (H, U, X _) is not normal. (This is a discrete-
time version of an example given in [28, p.99]; also see [25, p.43].)

From this example we see that we may indeed have p # p.

Proposition 8.1.6. The Markovian representation (H,U,X) with X ~ (S,S) is
proper if and only if S+ and ST are full range.

Proof. Since S_,, = N?

9 U'S and So, = NFU'S, X ~ (8,8) is proper if and
only if

0 fe’e)
\/ vU'st=H=\/U'S",
t=—o00 0

as claimed. a
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8.2 Normality, properness and the Markov semigroup

Given a Markovian representation (H,U,X), as in Section 7.5 we define the re-
stricted shift
U(X)=E*U|x (8.2.1)

on the Markovian splitting subspace X ~ (S, S) and the Markov semigroup
U(X) :=E*Ulx =UX)!, t=0,1,2,...; (8.2.2)
see Theorem 7.5.1.
Theorem 8.2.1. The semigroup Uy(X) tends strongly to zero as t — oo if and
only if
0
Swei= [ U'S=0, (8.2.3)

t=—o0

and Uy (X)* tend strongly to zero as t — oo if and only if

Se = [|U'S=0. (8.2.4)
t=0

Proof. Let £ € X. By Lemma 2.2.8, we have ES Ut = U EV 'S, Therefore, setting

& =U(X)E, t=0,1,2,..., (8.2.5)
(7.5.4) and (7.5.5a) imply that
U, =U'ESUl¢ =EV 'S¢ =EV X¢ (8.2.6)
Then, if S_, =0,
lécll = IEY S €l =0 as ¢ — oo,

In fact, since U™'S C U™*S for t > s, the sequence (||&]|) is monotonely nonin-
creasing and bounded from below by zero, and therefore (||£]|) tends to a limit.
Consequently,
160 = &Il < l€ell = ll€sll — 0 as s, — oo,

so & tend to a limit £4,. Clearly, £oo € U!Sfort =0,1,2,... and hence {5 € S_o.
Therefore, £ — 0 ast — oo if S_ = 0.

Conversely, suppose that £ — 0 as ¢ — oco. We want to show that S_,, = 0.
In view of (7.5.4),

E-U' =¢-UTUX)E
t—1
_ Z {Uka(X)k - Uf(k+1)U(X)(k+1):| ¢
k=0

t—1

=> U"U - UX)] &
k=0
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However, & € X C S, and therefore in view of (8.2.6)
[U—-UX)|& =UE—ESUE cUSSS =W, (8.2.7)

where we have also used (8.1.9). Consequently, E—U "%, € H™ (w) fort =0,1,2,...
and all £ € X; i.e., X C H™ (w). Therefore,

S=XoSt=XoH"(v) Cc H(w).
Hence,
H =V, U 'S Cc H(w),

and consequently, by (8.1.33), S_o, = 0, as claimed.
A symmetric argument yields the other half of the theorem. O

Consequently, Uy(X) and U¢(X)* both tend strongly to zero as t — oo if and
only if (H, U, X) is proper.

An inspection of the proof of Theorem 8.2.1 reveals that X need not be a
splitting subspace of a particular fixed process y. We reformulate the theorem for
later reference.

Corollary 8.2.2. The statement of Theorem 8.2.1 remains true with X = SN S,
where S and S intersect perpendicularly and U*S C S and US C S.

Indeed, if S and S intersect perpendicularly, then
SVS=H=SteXaos* (8.2.8)

(Theorem 7.2.4), which together with the invariance properties of S and S is all
that we need in the proof of Theorem 8.2.1.

Theorem 8.2.3. The Markovian splitting subspace X admits a unique orthogonal
decomposition
X=Xp8 X (8.2.9)

such that U(X)x . is unitary and U(X)x, is completely nonunitary; i.e., it is not
unitary on any nontrivial subspace. Moreover,

Xoo =S 00 NS, (8.2.10)

where S_oo and So are defined as in Theorem 8.1.3, or, equivalently, as in Theo-
rem 8.2.1.

Proof. Since U(X) : X — X is a contraction, the existence of a decomposition
(8.2.9) with U(X)x_. unitary and U(X)x, completely nonunitary is ensured by
Theorem 3.2 in [119], where it is established that

Xoo ={€ € X | |U(X)E]| = [I€]] = 1U(X)*¢ll, ¢ =0,1,2,...}.



2007/
page .

—®
8.2. Normality, properness and the Markov semigroup 197
Now, if £ € X, then, in view of (8.2.6), U~tU(X)¢ = EUﬁtxf, and hence, since
IU(X)E] = €]l we have | EV X ¢[| = [i¢]|. Therefore, ¢ = BV X ¢ € U~X for
all £ € X and t =0,1,2,.... A symmetric argument also shows that £ € U*X for
all £ € X, and t =0,1,2,.... Consequently,
Xoo= [] U'XCS_nSe. (8.2.11)
t=—o0
To show that S_sc N Seo C X0, and hence that (8.2.10) holds, we first note that
H(w) = St and H(w) = S in view of (8.1.33), and therefore
[H(w)VH(@)]* =S_o.NS. cSNS c X. (8.2.12)
Now, suppose & € S_, N S4. Then (8.2.5) and (8.2.7) imply that
UFUX)ke — U~y (X)kHe c UPW, k=0,1,2,....
and consequently, since £ 1 H(w),
(U UX)*E) = (UM, UX)ME), k=0,1,2,...,
from which we have
[U(X)EN = [[Up2(X)E]l, k=0,1,2,....
Likewise, we can see that ¢ 1 H(w) implies that
[Ux(X)*¢N = Uk (X)*¢ll, k=0,1,2,....
Consequently, S_ o, NSy C Xoo, as required. 0O
The following corollary is an immediate consequence of Theorem 8.2.3.
Corollary 8.2.4. If (H,U,X) is normal, then
Xoo =S_oo =S (8.2.13)
Corollary 8.2.5. The statement of Theorem 8.2.5 remains true with X = SN S,
where S and S intersect perpendicularly and U*S C S and US C S. Moreover, if
So :=S6 X and S := S & Xoo, then Xog = So N Sp, where Sg and Sg intersect
perpendicularly and U*Sy C Sg and USy C Sp.
Proof. The first statement follows by the same argument as for Corollary 8.2.2.
To prove the second statement, first note that
X=8SNS=(So®Xu)N(So®Xu)=(SoNSp) ®Xeo,
—®
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which implies that X = Sg N So. Moreover, if S and S intersect perpendicularly,
then S L S| X; ie.,

(A= EXo®Xe )y — X080 1) —

for A€ S, € S, and hence in particular for A € Sg, u € So. However, X, L Sy
and X, L Sp, and therefore

A—EXox u—EXo ) =0

for A € So, pu € So; i.e., Sg L So | Xg. Hence Sg and Sy intersect perpendicularly.
Since X, is doubly invariant in view of (8.2.11), U*S C S and US C S is the same
as (U*So) @ Xoo C Sp @ X and (USp) @ X C So @ X, respectively, and hence
it follows that U*Sy € Sp and USo € Sp. O

Corollary 8.2.6. A finite-dimensional Markovian representation (H, U, X) is nor-
mal.

Proof. Let X ~ (S,S), and let X = Xo @ X be the decomposition of Theo-
rem 8.2.3. Then, by Corollary 8.2.5, Xo = Sg N Sp, where Sg and S intersect
perpendicularly and U*Sg C Sg, USy C Sp, and

U(X)1x, = U(Xo)

is a completely nonunitary contraction. Hence, since Xy is finite-dimensional,
U(Xy) (as well as its adjoint U(X()*) has all its eigenvalues in the open unit disc,
and therefore Uy(Xo) := U(Xo)" and Uy(Xo)* tend strongly to zero, as t — oo.
Consequently, by Corollary 8.2.2, the remote past of Sy and the remote future of
So are trivial, 0 S_oo = Soo = Xoo. 0O

This proof does not work in the case that X is infinite-dimensional. However,
appealing to [119] (Proposition 6.7 in Chapter II and Proposition 4.2 in Chapter
III), we have the following criteria in the general case.

Theorem 8.2.7. Let X = X @ X be the decomposition of Theorem 8.2.3. Then
each of the following conditions is sufficient for (H,U,X) to be normal:

1. The intersection of the spectrum of U(X)x, with the unit circle has Lebesgue
measure zero.

2. There is a nontrivial ¢ € H* such that ¢ (U(X)x,) = 0.

The second condition in Theorem 8.2.7 can be seen as a generalization of the
Cayley-Hamilton condition in the finite-dimensional case.
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8.3 The forward and backward systems (the
finite-dimensional case)

In this section we consider a Markovian representation (H, U, X) which is finite-
dimensional so that n := dimX < oo. The general case will be considered in
Section 8.7.

We want to construct a stochastic system (8.0.2) for which

X ={d'z(0) ]| a € R"} (8.3.1)

is the Markovian splitting subspace X ~ (S, S) of the given Markovian representa-
tion (H, U, X). For this we shall use Theorem 8.1.2.
Therefore, let {£1,&2,...,&,} be a basis in X, and define the vector process

{2(t) }tez to be

Uté
Utéy
w(t)=| . (8.3.2)
Ute,
This is a stationary vector process and
&
3
Efe()e(t)} =P=EB{| | [& & - &} (8.3.3)
&n

for each t € Z. Since {£1,&2,...,&,} is a basis and ||a’é]|? = o’ Pa for all a € R”,
we must have P > 0.
Then, by (8.1.14) in Theorem 8.1.2, we have

U& =3 1 ai&+ 251 biyw;(0), i=1.2,....n
yi(0) = Z?:l cii&; +Z§:1 dijw;(0), i=1,2,....,m

for some choice of coefficients {a;;, b;j, ¢;j, di; }. After applying the shift U*, in view
of (8.3.2), this can be written
1) =4 B
> z(t+1) x(t) + Bw(t) (8.3.4)
y(t) = Cz(t) + Dw(t)

with obvious definitions of the matrices A, B, C and D. This is a forward stochastic

system in the sense that
H vX L HY(w) (8.3.5)

so that future generating noise is orthogonal to past output and past and present
state. In fact, by Theorem 7.4.1, H- VX~ = S, which is orthogonal to S+ = H* (w)
(Theorem 8.1.3).
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Next, introduce a new basis {1, &, ...,&,} in X with the property that
(&, &) = b4, (8.3.6)

i.e., the dual basis of {&1,&2,...,&,}. Defining the stationary vector process

Ut—i—lgl
Ut+1€2
Z(t) = . , (8.3.7)
Ut—i:lgn
this property may be written
E{z(t—1)z(t)} =1I. (8.3.8)

In particular, since Z(t — 1) = Tz(t) for some nonsingular n x n matrix T', (8.3.8)
yields T = P! so that
(t—1) =P ta(t). (8.3.9)
Therefore, ~
P:=E{z(t)z(t)'} = P~ (8.3.10)

Note that the apparent lack of symmetry between (8.3.2) and (8.3.7) is due to the
corresponding lack of symmetry between the past and future spaces.

To construct a stochastic realization of y evolving backward in time we observe
that, in view of (8.1.15) in Theorem 8.1.2, we have a representation

yi(=1) =20 e+ 2 digwi(=1), i=1,2,...,m

to which we apply the shift U**! to obtain the stochastic system

Bi( : (8.3.11)

HT vX" L H (w), (8.3.12)

which amounts to the past generating noise being orthogonal to future and present
output and state. Condition (8.3.12) follows from S = H* v X* (Theorem 7.4.1)
and St = H™ (w) (Theorem 8.1.3).

A pair of stochastic systems (8.3.4) and (8.3.11) formed as above from the
dual bases in X will be referred to as a dual pair of stochastic realizations.

Theorem 8.3.1. Let (H, U, X) be a finite-dimensional Markovian representation,
and let n := dim X. Then to each choice of dual bases in X there is a pair of dual
stochastic realizations, consisting of a forward system (8.3.4) and a backward system
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(8.3.11), which is unique modulo the choice of bases in the wandering subspaces W

and W, i.e., modulo multiplications of [g} and [g} from the right by orthogonal

transformations, and which has the property
{d'z(0) |a e R"} =X = {d'z(-1) | a € R"}. (8.3.13)

The forward and backward systems are connected via the relations

A=A, C=CPA + DB’ (8.3.14)
and
z(t—1) =P ta(t), P=prP (8.3.15)
where
P=E{z(t)z(t)} and P =E{z(t)z(t)} fordltcZ. (8.3.16)

Moreover the splitting subspace X is observable if and only if
[ ker CA" =0, (8.3.17)
t=0
i.e., (C,A) is (completely) observable, and constructible if and only if
[ ker C(A")" =0, (8.3.18)
t=0

i.e., (C,A") is (completely) observable. Finally, the Markovian representation is
minimal if and only if both (C, A) and (C, A’) are observable.

Proof. The first statement has already been proven above. The orthogonal trans-
formations are precisely the changes of coordinates in the wandering subspaces
(8.1.9) and (8.1.13) under which w and w and remain normalized white noises.
Relations (8.3.15) have also been proven. To prove (8.3.14), note that

A =E{z(1)z(0)} P! (8.3.19)

which follows immediately from (8.3.4) by observing that E{w(0)x(0)'} = 0. In the
same way, we see from the backward system (8.3.11) that

A=E{z(-1)2(0)}P~" and C =E{y(0)z(0)}P!
which, in view of (8.3.15) may be written
A =P 'E{z(0)2(1)’} and C =E{y(0)z(1)'}. (8.3.20)

From (8.3.19) and (8.3.20) we readily see that A = A’, and by inserting y(0) =
Cz(0) + Dw(0) and (1) = Az(0) + Bw(0) in the second of equations (8.3.20) and
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observing that E{z(0)w(0)'} = 0, we see that C = CPA’ + DB’. The statements
about observability and constructibility follow from Theorem 6.6.2. O

Consequently, it is not enough that (C, A) is completely observable for the
stochastic realization (8.3.4) to be minimal, even if (A4, B) is completely reachable.
In fact, reachability has nothing to do with minimality. As we shall see in the next
section, reachability holds if and only if X is purely nondeterministic. We may
have purely nondeterministic components in the input spaces S and S of (8.3.4)
and (8.3.11), respectively, which turn up in the initial condition.

However, before leaving the topic of this section, let us state an important
corollary of Theorem 8.3.1 .

Proposition 8.3.2. A purely nondeterministic, stationary, vector process {y(t)}rez
has a rational spectral density if and only if it has a finite-dimensional Markovian
representation (H, U, X).

Proof. If y has a finite-dimensional Markovian representation (H, U, X), by The-
orem 8.3.1, it is generated by a forward model (8.3.4) with the rational transfer
function (6.2.2). Hence the spectral density ®(z) := W(z)W (z7!) is rational. Con-
versely, if ® is rational, it has a rational, analytic spectral factor, say the outer
spectral factor W_, and we can construct, along the lines of Chapter 6, a Marko-
vian representation (H, U, X_) that is finite-dimensional. O

8.4 Reachability, controllability and the deterministic
subspace

The dynamics of the forward stochastic system (8.3.4) corresponds to the commu-
tative diagram

H (w) -5 Hf
RN\, S0 H_ =0R (8.4.1)
X

for the Hankel map H_ := EH |H™ (w), where O := EH |X is the observability
operator and R := EX |[H™(w) is the reachability operator. In fact, by Propo-
sition 2.4.2 (iv), the factorization (8.4.1) is equivalent to the splitting property
H~(w) L H* | X, which in turn follows from S 1 S | X, since H™(w) C S and
H' C S (Lemma 2.4.1). Consequently, (8.4.1) holds for all Markovian representa-
tions, regardless of whether the dimension is finite or infinite (Theorem 7.4.1 and
Theorem 8.1.3).

Likewise, since HT (w) C S and H~ € S, S L S | X implies that H*(w) L
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H~ | X, and consequently the diagram
Ht(@) 5 H-
X\, € Hi = CX, (8.4.2)
X

commutes, where H; := E¥ |H* (@) is a Hankel operator, € is the constructibility
operator and X := EX |[HT (@) the controllability operator. This factorization illus-
trates the dynamics of the backward stochastic system (8.3.11), but it holds also
for infinite-dimensional Markovian representations.
In complete analogy with (7.3.12) we can decompose the splitting subspace X
in two ways, namely
X =Im R @ ker R* (8.4.3a)

X =Im X & ker K*, (8.4.3b)

where Im R and Im X are the reachable and controllable subspaces respectively.
We say that X is reachable if ker R* = 0 and controllable if ker K* = 0.

Proposition 8.4.1. Let (H, U, X) be a Markovian representation with X ~ (S, S),
and let S_o and Soo be the remote past of S and the remote future of S respectively.
Then X is reachable if and only if

XNS_ oo =0 (8.4.4)

and controllable if and only if -
XNS, =0. (8.4.5)

If (H,U,X) is proper, X is both reachable and controllable.

A Markovian representation (H, U, X) will be called purely nondeterministic
if both (8.4.4) and (8.4.5) hold.

Proof. From Theorem 8.1.3 it follows that
[H™ (w)]" = H"(w) ®S_,
and consequently, since X | S+ = H*(w),
kerR* = XN [H (w)] " =XNS_,
as claimed; see Lemma A.2.4 in the appendix. The proof that
ker K* = X NSy

is analogous. Then, the last statement is immediate. 0O

If dim X < oo, we can strengthen these statements considerably. To this end,
let us first relate reachability and controllability of X to the forward and backward
systems (8.3.4) and (8.3.11) respectively.
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Proposition 8.4.2. Let (H,U,X) be a finite-dimensional Markovian represen-
tation, and let (8.3.4) and (8.3.11) be a corresponding dual pair of forward and
backward realizations. Then X is reachable if and only if (A, B) is reachable and

controllable if and only if (A’, B) is reachable.

Proof. Since ker R* = X N [H’(w)]l, X is reachable if and only if there is no
nonzero a € R™ such that o’z(0) L H™ (w), i.e.,

a E{z(0)w(—t)'}b=0 forallbe RP and t =1,2,3,.... (8.4.6)

But, in view of (8.3.4),
z(0) = AVNg(~N) + AN"1Bw(~N) + - - + Bw(-1)
forall N =1,2,3,..., and hence
E{z(0)w(—t)} = A" B.
Consequently, (8.4.6) is equivalent to
JdATIB=0 fort=1,2,3,..., (8.4.7)
and hence ker R* = 0 if and only if (A, B) is reachable, i.e.,
[B,AB, A*B,...]

is full rank so that only a = 0 satisfies (8.4.7). A symmetric argument shows that
X is controllable if and only if (A’, B) is reachable. 0O

Proposition 8.4.3. Let (H, U, X) be a finite-dimensional Markovian representation
of y. Then the following conditions are equivalent.

(i) X is proper

i)

(ii) X is reachable

(iii) X is controllable

(iv) A is a stability matriz, i.e., |[N(A)] < 1.

This can happen only if y is purely nondeterministic in both directions; i.e.,

NUH™ = NUHT = 0. (8.4.8)

Proof. Tt follows from (8.3.4) that P := E{x(t)x(t)’'} satisfies the Lyapunov equa-
tion

P=APA' + BB’ (8.4.9)
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Likewise, from (8.3.11), we see that P = E{z(¢)Z(t)'} satisfies
P=APA+ BB (8.4.10)

By Proposition 8.4.1, (i) implies (ii) and (iii). If (ii) holds, then (A, B) is reachable
(Proposition 8.4.2), and hence, since P > 0, it follows from (8.4.9) that (iv) holds
(Proposition A.3.2). Similarly, by (8.4.10) and the fact that A and A’ have the
same eigenvalues, we see that (iii) implies (iv).
It therefore remains to show that (iv) implies (i). To this end, note that (8.3.4)
implies
i—1
z(t) = ANT'az(=N)+ > A" Bu(k)
k=—N
for N > 1—t. If Ais stable, AN*? tends exponentially to zero as N — oco. Therefore

x(t) = S AR Bu(k) (8.4.11)
k=—o0

is well-defined and is the unique solution of (8.3.4). Therefore, X € H™ (w). Like-
wise, the second of equations (8.3.4) shows that

y(t) = i CA*F1Bw(k) + Dw(t) (8.4.12)
k=—oc0
so that
H™ c H (w). (8.4.13)

Consequently, S = H- V X~ C H™ (w) (Theorem 7.4.1). More precisely, S =
H~ (w), so, in view of Theorem 8.1.3, S_o, = 0. A symmetric argument involving
the backward system (8.3.11) shows that (iv) also implies that S., = 0. Hence (i)
follows as claimed. Moreover,

H" c H" (w). (8.4.14)

Then the last statement of the theorem follows from (8.4.13) and (8.4.14). O

The last statement of Proposition 8.4.3 raises the question of whether a pro-
cess y that admits a finite-dimensional Markovian representation is reversible; i.e.,
whether it is backward p.n.d. if and only if it is forward p.n.d..

Proposition 8.4.4. A stationary stochastic process y is reversible if it admits a
finite-dimensional Markovian representation. Then NU'H™ = NUHT.

Proof. If y admits a finite-dimensional Markovian representation, then the pre-
dictor spaces X_ ~ (S_,S_) and Xy ~ (Sy,S.) are finite dimensional (Theo-
rem 7.6.1), and hence so is the frame space HY ~ (S;,S_). In view of Corol-
lary 8.2.6, these representations are all normal. Therefore, the remote past of S_
equals the remote future of S_, which in turn equals the remote past of S| (via
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HD), which equals the remote future of S+; However N;U*H™ is the remote past
of S_ and NU'HT is the remote future of S;. O

Consequently, if y has a finite-dimensional Markovian representation, by Corol-
lary 4.5.9, it has a unique decomposition

y(t) = yo(t) +yo(t), tEZ, (8.4.15)

where yg is purely nondeterministic both in the forward and the backward direction,
and ¥ is purely deterministic in both directions and generates N;U'H~ = N, U'H™.

The next theorem show that, if X ~ (S, S) is finite-dimensional, then S and
S have the same multiplicity, and hence the forward and backward generating pro-
cesses have the same dimension.

Theorem 8.4.5. Let (H,U,X) be a finite-dimensional Markovian representation
of y with X ~ (S,S) and with generating processes w and w. Then the remote past
S_o of S equals the remote future Soo of S, and X and H have the orthogonal
decompositions

X = Xo® Xoo (8.4.16)

and

H = Ho ® Xoo (8.4.17)

respectively, where Xo C Hy, and where X, and Hy are the doubly invariant sub-
spaces

Xoo =S_00 = Seo (8.4.18)

and

Ho = H(w) = H(w) (8.4.19)

respectively. In particular, p = p, i.e., w and w have the same dimension. Moreover,
if Uy := Uln,, (Ho,Uo,Xo) is a proper Markovian representation for the purely
nondeterministic part yo of y, and it has the same generating processes as (H, U, X).

Proof. In view of Theorem 8.2.3, X has an orthogonal decompositon (8.4.16),
where X, is doubly invariant. Since X is finite-dimensional, it follows from Corol-
laries 8.2.6 and 8.2.4 that (8.4.18) holds. By Corollary 8.2.5, Sy := S © X, and
So := S © X, intersect perpendicularly, Xo = Sg N Sp, and U*Sy C Sp and
USo C Sp. Therefore, in view of (8.1.28) and (8.1.31),

So=H (w) and Sp=H"(w). (8.4.20)

Moreover, H = Hy @ X, where Hj is given by (8.4.19). Hence, if p is the multiplic-
ity of Hop, p=p = p. Since Hy :=H™ (yo) CH™ C S =S¢ ® X and yp is purely
nondeterministic, we must have Hy C So. Likewise, Hi := H* (y9) C Sp. Conse-
quently, (Hy, Uy, Xo) is a proper Markovian representation for yo with generating
processes w and w, as claimed. 0O
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In the orthogonal decomposition
X =Xpd X0

we shall call X the proper subspace of X and X, the deterministic subspace of X.
In view of Proposition 8.4.4,

Yo =nNUH =n,UHT, (8.4.21)

i.e., the remote past and the remote future of y are the same. The following corollary
describes the relation between Y, and the deterministic subspace of X.

Corollary 8.4.6. If the process y has a finite-dimensional Markovian representa-
tion (H,U,X), Yoo C Xoo, where X is the deterministic subspace of X. If X is
observable or constructible, then Yo = Xo.

Proof. Let X ~ (S,S) be an arbitrary finite-dimensional Markovian splitting
subspace. Then, since H™ C S,

Y, = thtH7 C ﬂtUtS =S_o = Xoo,

which proves the first statement. To prove the second, consider the observability

operator O : X — H7™ defined by O := EH |}_( By Theorem 8.4.5 and, in par-
ticular, (??) and (8.4.20), Hf = HT(y0) C So L X, where yo is the purely
nondeterministic part of y. Consequently, since H* = Hf @ Y,

ON=EH0 A\ + EY~ A =EY~\ for \ € X... (8.4.22)

Hence, since Yo, C X, the operator O can be injective only if Yo, = X. Thus
observability of X implies Yo, = X . In the same way we show that constructibility
also implies that Yoo = Xo. 0O

We are now in a position to interpret the decomposition (8.4.3) in terms of
the decomposition (8.4.16) of Theorem 8.4.5, in the finite-dimensional case.

Corollary 8.4.7. Let (H,U,X) be a finite-dimensional Markovian representation.
Then the range spaces of the reachability operator R and the controllability operator
X coincide and are equal to the proper subspace Xy of X, i.e.,

Im R =Xy =1Im X. (8.4.23)
Moreover, the purely deterministic part Xoo of X is given by

ker R* = X, = ker X*. (8.4.24)

Proof. As a corollary of Proposition 8.4.1 we have

kerR* =XNS_,, and kerX* =X NS.. (8.4.25)
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But, in the finite-dimensional case, (H, U, X) is normal (Corollary 8.2.6), and hence
Xoo = S_o = Ss (Corollary 8.2.4). Therefore, since Xo, C X, (8.4.24) follows.
Consequently, since Xg = X 6 X, (8.4.23) follows from (8.4.3) and the fact that
the range spaces of R and X are closed in the finite-dimensional case. 0O

The orthogonal decomposition (8.4.16) of the Markovian splitting subspace
X into a proper and a purely nondeterministic part induces a special structure
of the corresponding forward and backward stochastic systems, (8.3.4) and (8.3.11)
respectively, provided the bases are chosen appropriately. In fact, if n := dim X and
ng := dim Xg, we take the basis {£1,&2,...,&,} to be adapted to the decomposition

X = X, & Xoo (8.4.26)

in the sense that {&1,&2,...,&n,} is a basis in Xo and {&no41,...,8n} is a basis
in Xo. Then the dual basis {1,&2,...,8,} is also adapted to (8.4.26), and the
covariance matrices P and P take the forms

[P0 > [Pt 0
P= {0 Poo:| and P = { 0 Pool] (8.4.27)

respectively, where Py is ng X ng.

Theorem 8.4.8. Let (H,U,X) be a finite-dimensional Markovian representation
of y, and let (8.3.4) and (8.3.11) be a dual pair of stochastic realizations with bases
adapted to the decomposition (8.4.26) in the sense described above. Then the forward
system attains the form

xo(t+1) |40 O xo(t) By wlt)
Too(t+1) 0 Axl| |Zol(t) 0 (8.4.28)
y(#) = [Co Cu] ;Zf% + Du(t)
where
[AM(Ag)| <1 and |MAx)| =1, (8.4.29)
(Ao, Bo) is reachable, and
Im R = {a’z9(0) | a € R™} kerR* = {a'25(0) | a € R"""0} (8.4.30)
Moreover,
yo(t) = Coxo(t) + Dw(t) (8.4.31)
is the purely nondeterministic part of y and
Yoo = CooToo(t) (8.4.32)

s the purely deterministic part.
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Dually, the backward system (8.3.11) takes the form

Tot+1) | _ [Ay 0 | |Zo(t) By w(t)
Too(t+1) 0 Al Toc t(f) 0 (8.4.33)
y(t) =[G ] ;:((t)) + Dot

where (A}, By) is reachable and
Im X = {d'To(—1) |a e R} kerX* = {a'Too(—1)|a € R" "} (8.4.34)

Finally,
Co = CoPyAy+ DB/, Coo = CooPo A, (8.4.35)

and Xoo = Yoo if and only if (Coo, Aco) is observable, or, equivalently, if and only
if (Coo, AL) is observable.

Proof. Let
y(t) = yo(t) + Yoo(t) (8.4.36)

be the decomposition (4.5.20) of y, where yq is the purely nondeterministic and yoo
the purely deterministic component of y. Let

x(0) = [fi(((z)))] and Z(-1)= [;i((ll))] = P 'z(0)
be the dual pair of bases in X formed as in Section 8.3 and adapted to the de-
composition (8.4.26) so that x0(0) and Zo(—1) := Py 'x0(0) are bases in X, and
Too(0) and Zoo(—1) := P 'z (0) are bases in Xo,. Then (8.4.30) and (8.4.34)
follow from Corollary 8.4.7. By Theorem 8.4.5, (Hy, Uy, Xo) is a proper Markovian
representation for yy with generating processes w and w. Consequently, it has a

forward system
{.To(t + 1) = ono(t) + BQ’LU(t) (8 4 37)

Yo(t) = Cozo(t) + Dw(t)

with |A(Ao)| < 1 and with (Ao, Bo) reachable (Propositions 8.4.2 and 8.4.3); and a
backward system

To(t+1) = Apzo(t) + (8.4.38)
N A

Yo(t) = CoZo(t)

where (Aj), By) is reachable.

Next we derive a representation for the purely deterministic part yoo. Since
the components of ¥ (0) belong to Yoo C X, there is an m x (n — ng) matrix Ce
such that

Yoo (0) = Coooo(0). (8.4.39)

Moreover, since X, is invariant under U, there is an (n — ng) X (n — ng) matrix
A, such that
ZToo(l) = Asooo(0). (8.4.40)
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Applying the shift U? to each of the components of (8.4.39) and (8.4.40), we obtain

{:coo(t +1) = Astool(t) (8.4.41)

yOO(t) = Loo®o (t)

which together with (8.4.36) and (8.4.37) yields (8.4.28). Clearly (8.4.28) is a for-
ward stochastic system in the sense of (8.3.5).
A similar analysis in the backward direction yields
Too(t — 1) = AxZoo(t
Toolt = 1) = Ao (t) (8.4.42)
Yoo (1) = U ()
which together with (8.4.38) and (8.4.36) constitutes the backward counterpart
of (8.4.28). Now, in view of the correspondence A = A’ between a forward system
(8.3.4) and a backward system (8.3.11) constructed from dual bases (Theorem 8.1.3),

we must have
Ay = Al (8.4.43)

so that (8.4.33) follows. Moreover, (8.4.35) follows from (8.3.14).
To show that |A(As)| = 1, observe from (8.4.41) that Py := E{Zoo(t)Too(t)'}
satisfies the degenerate Lyapunov equation

P = Ao P AL, (8.4.44)

and hence A, has all its eigenvalues on the unit circle. In fact, Ay, is similar
to Q* = P(;ol/ 2AooPolo/ % and has therefore the same eigenvalues as Q. But from
(8.4.44) it follows that Q*Q = I so that, if Qu = \v, we have |\|?v*v = v*v, showing
that |A| =1 as claimed.

Finally, from (8.4.22) we have

keI‘(O|Xoo) == Xoo S Yoo

and hence Yo = X if and only if O|x_ is injective. In view of (8.4.41) and
Theorem 8.1.2, this is equivalent to (Cuo, Asy) being observable. Since Ay, having
no zero eigenvalues, is nonsingular, this in turn is equivalent to (Cw., A’_) being
observable. 0

Remark 8.4.9. Suppose that the process y generates a finite-dimensional space H
of dimension n < co. Then y must be purely deterministic and H- = HT = H =
Y ... Clearly H can be generated by n successive variables of the process, which we
collect in a mn-dimensional vector
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However, the shifted vector
y(t+1)

y(t - n)

also generates H, and hence there must be a real matrix F' such that
Uby =0bFy (8.4.45)

for all b € R™™.

We want to construct a minimal stochastic realization of y. By Corollary 8.4.6,
y has only one minimal Markovian representation, namely (H, U, X), where X = H.
Let 2(0) = (&,...,&,)" be a basis in X. Then there is a matrix Q with linearly
independent columns such that y = Qx(0), which can be solved for x(0) to yield
2(0) = (Q)"1Qy. Together with (8.4.45) this yields

Ud'z(0) =Ud (Q) 'y = d/ (V)1 FQz(0),
so setting
A= (VIO FQ, (8.4.46)

we have Ua'z(0) = o’ Az(0) for all @ € R™. Moreover, defining C' to be the first
block of m rows of Q, y(0) = Cz(0). Consequently we have the stochastic system

x(t+1) = Azx(t)
y(t) = Cx(t)

In fact, €2 is just the observability matrix of this system. As explained on page 210,
the matrix A has all it eigenvalues on the unit circle. A symmetric argument yields
the corresponding backward system.

8.5 Minimality and nonminimality of
finite-dimensional models

Let us sum up what we have learned so far about minimality of an arbitrary finite-
dimensional (forward) linear stochastic system

(8.5.1)

Proposition 8.5.1. Let ¥ be the linear stochastic system (8.5.1), let W be its
transfer function

W(z)=C(zI — A)~'B+ D,
let ®(2) :== W (2)W(z71), and

X ={d'z(0)|a e R"} =Xy & X,
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where X is the deterministic subspace of X. Then ®(e'?) is the spectral density
of the purely nondeterminstic part of y and

1
B deg ® < degW < dimXp < dimX < dim X (8.5.2)

Moreover,
(i) 1deg® =degW if and only if W is a minimal,
(ii) deg W = dim Xy if and only if (C, A) is observable,
(iii) dim X = dim X if and only if |\(A)| < 1, in which case Xo = X,
(iv) dim X = dim ¥ if and only if £(0) is a basis in X,
(v) dim Xy = dim X if and only if (A, B) is reachable.

In particular, if y is purely nondeterminsitic, ¥ is a minimal stochastic realization
of y if and only if (i), (ii) and (v) hold. Otherwise, ¥ is minimal if and only if (i),
(ii) and (iv) hold.

Proposition 8.5.1 is merely a summary of results in Chapter 6 and Section 8.4.
In particular, (i) is just a definition (Definition 6.8.3), (ii) follows from Corol-
lary 6.6.3, and (iii) follows from Theorem 6.8.3, where also a number of equivalent
conditions are given. We refer the reader to Section 8.4 for the other statements.
Note that (ii) implies that (ii) implies that X = Y, where Y, is defined by
(8.4.21) (Corollary 8.4.6).

Next, suppose that (A, B) is observable and A is a stability matrix; i.e.,
[A(A)] < 1. Then it is not enough that (A, B) is reachable to insure that ¥ is
a minimal realization of y; for this we also need that the transfer function W is a
minimal spectral factor. However, it is enough that the steady-state Kalman filter
is reachable, as we shall demonstrate next.

To this end, consider the Kalman filter applied to the model %,

B(t+1) = A(t) + KO)[y(t) — C2(t)], &(r) =0,

which estimates
#(t) = EHrme-u 250), i=1,2,...,n,

where Hj; ;¢ = span{a’y(k) | a € R™k = 7,7 +1,...,t — 1}. It follows from
Lemma 6.9.4 that, for each a € R™,

di(t) = d'ioo(t) ;== EX d/z(t)
strongly as 7 — —oo, and hence

{di(0) | a e R} = EH X, (8.5.3)
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where X is the splitting subspace of X. Moreover, y(t) — CZ(t) tends to Gu(t),
where v is a normalized white noise and G is an invertible matrix (cf, Section 6.9).
Consequently, we have the steady-state Kalman filter
- Too(t+1) = AR oo (t Koov(t
y(t) = Cio(t) + Gu(t)

which is itself a stochastic realization of y. Note that, in general, we T, # x_,
the state process of the predictor space X_. Indeed, since X is not assumed to
be minimal, -, and x_ may not have the same dimension. However, we have the
following minimality criterion.

Proposition 8.5.2. An observable system ¥ with A a stability matriz is a minimal
realization of y if and only if its steady state Kalman filter (8.5.4) is completely
reachable in the sense that (A, Ks) is reachable.

Proof. Since X is observable, and hence X L N~ (Corollary 7.4.14), we have
EF X =X_

(Proposition 7.4.13), and therefore, by (8.5.3),

X :={dt(0) |a € R} = X_.

Hence, dimX = n := dimX_. Since X_ is a minimal splitting subspace, a
splitting subspaces is minimal if and only if it has dimension n (Theorem 7.6.1),
and consequently Y is a minimal stochastic realization if and only if dimY = n.
However, by Proposition 8.5.1, (iii) and (v), (A, Kx) is reachable if and only if
dimY® =dimX = n, or, equivalently, dim ¥ = n, because dim > = dim 3. Hence ¥
is minimal if and only if (A4, K ) is reachable, as claimed. 0O

8.6 Parameterization of finite-dimensional minimal
Markovian representations

Suppose that y has a finite-dimensional Markovian representation. Then all min-
imal Markovian representations (H, U, X) have the same dimension, say n (The-
orem 7.6.1). In this section we show that the matrices (A,C,C) in (8.3.4) and
(8.3.11) can be selected to be the same for all minimal Markovian representations.

To this end, we introduce a partial ordering between minimal Markovian rep-
resentations along the lines of Section 7.7.

Definition 8.6.1. Given two minimal Markovian representations, My := (Hy, Uy, X1)

and My := (Ha, Uz, X2) of y, let My < My denote the ordering

|EXT A < |EX®2 )| forall X\ € HT, (8.6.1)

2007/
page :



214 Chapter 8. Markovian Representations

where the norms are those of the respective ambient spaces Hy and Hy. If My < My
and My < My both hold, the My and My are said to be equivalent (My ~ My).

If My ~ My and either M7 or M, are internal, then both are internal, and
My, = M (Corollary 7.7.10). Let M be the family of all equivalence classes of
minimal Markovian representations of y, and let My be the subclass of all internal
minimal Markovian representations. Both M and My are partially ordered sets with
a minimum and a maximum element, M_ := (H,U,X_) and M, := (H,U,X,),
respectively (Theorem 7.7.3).

Let (H, U, X) be a minimal Markovian representation. Given any basis x4 (0)
in X, the random vector z(0) defined by

a'z(0) = E*d’z,(0), for all a € R™. (8.6.2)

forms a basis in X (Lemma 7.7.4). This selection of bases are referred to as a
uniform choice of bases in M. In particular,

dz_(0) = E*d’z,(0), forallacR" (8.6.3)
defines a basis a in X_. Now, as in (8.3.9), define the dual basis
T (—1)=P-'2_(0) (8.6.4)
in X, where P_ := E{x_(0)z_(0)’'}. Then, by symmetry
a'z(—-1) = EXd’z_(-1), for all a € R" (8.6.5)

defines a basis in X. This is precisely, the pair of bases introduced in Section 8.3,
as seen from the following proposition.

Proposition 8.6.2. Let x.(0) be an arbitrary basis in X4. Then the pair of
random vectors x(0) and T(—1), defined via the construction (8.6.2)—~(8.6.5), is a
dual pair of bases in X; i.e.,

E{z(0)z(-1)} =1, (8.6.6)
or, equivalently,

z(—1) = P~'2(0), where P := E{x(0)z(0)'}. (8.6.7)

Proof. To prove (8.6.6) we form
d BE{z(0)z(=1)}b = (a'z(0), EX ¥’ P~ z_(0)) = (a'2z(0),b' P~ z_(0)).
However, by Proposition 7.7.7,

dz_(0) = EX-d'z(0), for all a € R,
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and hence
a (z(0) —2_(0)) L X_.

Consequently,
a E{x(0)z(—1)}b = (a’z_(0),b’ P=tz_(0)) = ¢/ E{z_(0)x_(0)}P~'b = a'b
for all a,b € R™, which establishes (8.6.6). 0O

In Section 8.3 we saw that, given any dual pair of bases (2(0),Z(—1)) in X,
there is a corresponding forward system (8.3._4) and backward system (8.3.11). Let
us consider the corresponding triplet (A, C, C') of systems matrices.

Theorem 8.6.3. For any uniform choice of bases, the triplet (A, C,C) is invariant
over M.

Proof. Let U(X) be the operator (7.5.1) defined in Section 7.5. From (8.3.4) it
readily follows that
U(X)a'z(0) = a’ Az(0). (8.6.8)

Moreover, if O is the observability operator EH' |x, we see from the first commu-
tative diagram of Theorem 7.5.1 that

UX)0*a'z4.(0) = 0*Ud'z4(0)
for all a € R™, or, which is the same,
UX)EXd'z, (0) = EX d'zy (1).
In view of (8.6.2) and (8.6.8), this can also be written
a' Az (0) = EX d'z (1). (8.6.9)

Now,
dzy(1)=d Ayz4(0) + o’ Byw, (0).

We want to show that the last term is orthogonal to X, or, more generally, that
bwy(0) L X for all b e R™. (8.6.10)

To this end, recall that b’w(0) L S; = H™ (w4 ), and thus b'w, (0) € Nt (Propo-
sition 7.4.6). However, since X is a minimal splitting subspace, X 1 N7T (Theo-
rem 7.6.4), and therefore (8.6.10) holds.

Consequently, (8.6.9) yields

a'Az(0) = EX ' A, 2, (0) = a’A,x(0) for all a € R",

and hence a’ AP = a’ALP for all a € R™. Therefore, since P > 0, A = A,.
Moreover, from (8.3.4) we have

EX b'y(0) = b'Cz(0).
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However, in view of (8.6.10), we also have
EX0'y(0) = EX ¥ Cz, (0) = b'CLx(0)

for all b € R™, and therefore C' = C.. Finally, a symmetric argument using (8.3.11),
yields C = C_. However, taking X to be X in this derivation, we obtain C} = C_,
and hence C = (4, as claimed. 0O

In view of Corollary 8.4.6, any minimal Markovian splitting subspace has the
orthogonal decomposition
X =Xy & Xoo, (8.6.11)

where the deterministic subspace X, equals Y, defined by (8.4.21), for all X,
and the proper subspace Xy varies. If y has a nontrivial deterministic part yeo,
ng := dim Y, # 0. Therefore, to cover this case, we may select the bases uniformly
so that they are adapted to the decomposition (8.6.11) as on page 208.

Given such a uniform choice of bases in M, the triplet (A, C, C) is fixed (The-
orem 8.6.3), and has the form

A:[f(l)o N } [Co Cul, [Co Cnl. (8.6.12)

where the ng X ng matrix Ay has all its eigenvalues in open unit disc and A, all
eigenvalues on the unit circle (Theorem 8.4.8). Also given

Ao == E{z(0)z(0)'},
define, as in Section 6, the map M : R"*" — R(ntm)x(ntm) 1,y

_[P—APA" C' - APC’

MPP)=\e_cpa A, —CPC

(8.6.13)

We are now in a position to state a more general version of some fundamental
results from Chapter 6, now derived from basic geometric principles.

Theorem 8.6.4. Let M be a family of (equivalence classes) of n-dimensional
minimal Markovian representations corresponding to a full-rank stationary random
process y. Given a uniform choice of bases for M, adapted to (8.6.11), let (A, C,C)
be the corresponding matrices prescribed by Theorem 8.6.3, and let M be defined by
(8.6.13). Then there is a one-one correspondence between M and the set

P={PeR™™| P =P, M(P) >0} (8.6.14)

that is order-preserving in the sense that Py < Py if and only if My < Ms. Under
this correspondence

P = E{z(0)z(0)'}, (8.6.15)

where x(0) is the uniformly chosen basis in the corresponding minimal Markovian
splitting subspace.
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Proof. By Proposition 7.7.5 there is an order-preserving one-one correspondence
between M and the set P of all covariances (8.6.14) corresponding to minimal
Markovian splitting subspaces X. Clearly, Pc P In fact, for any such X, by
Theorem 8.3.1, P := E{x(0)x(0)’} satisfies

Mwy:ﬁ]gyzo (8.6.16)

for some B, D. It remains to show that P C TT’; i.e., to each P € P there is a
minimal Markovian representation (H, U, X) such that P := E{z(0)x(0)’'} in the
given uniform choice of bases.

To this end, first suppose that y is purely nondeterministic; i.e., ng = 0. Then,
for an arbitrary P € P, determine a pair (B, D) through a minimal factorization
(8.6.16), and form

W(z)=C(zI — A)"'B+ D.

Then, if y is m-dimensional, W is m X p, where p := rank M (P) > m. Moreover,
since A has all its eigenvalues in the open unit disc D, W is analytic in the comple-
ment of I. Following the notation of Section 4.2 (and a construction to be discussed
in more detail in the next section), we define a p-dimensional generating process w
via
dio = W*d~tdj + dz,

where the stationary process z(t) := U!z(0) is chosen to be orthogonal to H := H(y)
and such that E{dwdw*} = df. Then we must have E{d2dz*} = (1-W*®~1W)d6.
Now, noting that WW* = ®, we form Wdw = dy + WdZz to obtain

dy = Wdw.
In fact,
E{Wd2dz*W*} = W (1 — W 1W)W*df = (® — ®)dh = 0.

Then,
y(t)= [ W(e)dw
has a realization (8.3.4) such that P := E{z(0)z(0)'} with Markovian splitting
subspace X := {a’xz(0) | « € R"}. Setting H = H® H(z) and U,, := U x Uy,
(H, Uy, X) is the requested Markovian representation of y.
Next, suppose ng # 0. Then, for an arbitrary P € P, determine By, B, D so
that

/

By [ Bo
M(P) = |Bs| |Bs (8.6.17)
D||D

is a minimal factorization. Since |A(A)| = 1, we have

P, o}

) P (8.6.18)

Boo = 0, P[
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where Py, is ng X ng. In fact, assuming that

A
r=2 7]

(8.6.17) yields (among other things)

Py = Ao P A’ + Boo B! (8.6.19a)

Z = AgZA'_ + ByB..,. (8.6.19D)

Since Ay has all its eigenvalues on the unit circle, then so does G := Polo/ QA()OP;,U 2,
Therefore, for any eigenvector v of G, (8.6.19a) yields

| Bl P20 = [ol? — |Gof? = 0,
and hence B, = 0, as claimed. Then, (8.6.17) yields
(1 — )\AQ)Z’U =0

for all eigenvectors v and corresponding eigenvalues A of A,,. Since |A| = 1 and
[A(Ag)| < 1, the matrix Z must be zero. This establishes (8.6.18).
Since (Coo, Axo) is observable (Theorem 8.4.8), £ (0) can be uniquely deter-
mined from
Coo AR 200 (0) = yoo(k), k=0,1,...,n0— 1.

Clearly P := E{x(0)zo(0)'} satisfies (8.6.19a) with B, = 0, and
Too(t+1) = Ascoo(t)
Yoo (1) = CooToo(t)

holds. From (8.6.17) we also have
Bo] [Bo]’
Mo(Py) = {DO} {DO} >0,

where My is defined as M, just exchanging A, C, C and Ay by Ao, Cp, Cp and
E{yoy(}, respectively. Then we proceed precisely as in the purely nondeterministic
case to define a generating process w and a stochastic system

ZL'()(t + 1) = ono(t) + Bow(t)
Yo(t) = Cowo(t) + Dw(t)

with Py = E{z¢(0)z0(0)} and X = {a’z¢(0) | @ € R* ™ }. Hence we have con-
structed a stochastic system (8.4.28) and thus a Markovian representation with the
Markovian splitting subspace X = Xy & X,. 0O
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8.7 The forward and backward systems (the general
case)
Let (H, U, X) be an arbitrary proper Markovian representation with splitting sub-
space X ~ (S, S) and generating processes (w,w). By Theorems 8.1.2 and 8.1.3,
UXCXaW
c2o (8.7.1)
YCXeW,
where W :=US© S = {dw(0) | a € RP} and Y := {a'y(0) | « € R™}. We also
have ~
XcUXaW
on (8.7.2)
Y CUXPW,
where W := S © U*S := {a'w(0)) | a ERP}
Let £ € X C S =H (w). The
-1 D
Yo D arguyk)
k=—o0 j=1
for some sequences (a—1 j,a-2;,a-3j,...) € 2,5 = 1,2,...,p, and hence, taking
t>0,
-1 p 4
U'¢ = Z Zakjwj (k+1t) Z Zak 1w, (k (8.7.3)
k=—occ j=1 k=—occ j=1
Therefore, by Theorem 7.5.1,
— —1 p
UX)' =BT MUle= " > ap,w;(k)
k=—o0 j=1
and consequently
a—; = (U(X)"7'&wi(~1)) = (UX) 7 EX wy(—1))x,
or, equivalently, )
a—e; = (& [UX)] EXw;(—1))x, (8.7.4)
where (-, -)x is the inner product in the Hilbert space X. Then (8.7.3) and (8.7.4)
imply that, for any &£ € X,
Ul = Z Z R EX w,(—1))x w; (k). (8.7.5)
k=—oc j=1
Now, in view of (8.7.1),
yi(0) = EX y;(0) + EW y;(0)
—®
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fori=1,2,...,m, and hence (8.7.5) yields

vi(t) = i Z(EX yi(0), [U(X)"] " EX wy(—1))x w; (k) + Z dijw; (1),
e ” (8.7.6)
where
dij = (yi(0),w;(0)). (8.7.7)

From (8.7.6) we see that the splitting subspace X may also serve as a state
space for a (possibly infinite-dimensional) linear stochastic system. To avoid any
confusion created by this, we introduce an isomorphic copy of X, X, via an isomor-
phism T : X — X such that (T¢, Tn)x = (£,17)x. In the next chapter we introduce
a suitable candidate for X in the Hardy space H?, namely a coinvariant subspace
H(K) to be defined there. If X has a finite dimension n, we may of course choose
X :=R". Then, in view of (8.7.6),

t—1
y(t) = > CA"*'Bu(k) + Duw(t) (8.7.8)
k=—o0

t—1 P

=Y Y CATF ! Bejw;(k) + Duw(t), (8.7.9)

k=—o0 j=1

where A: X — X, B: RP — X and C : X — R™ are bounded linear operators
defined via

A=TUX)*T !, (8.7.10a)
p
Ba=)_ a;TEXw;(-1) = TEX d'w(-1), (8.7.10Db)
j=1
(C)i = (T EX y;(0), )x, (8.7.10¢)

D is the matrix defined by (8.7.7), and e; is the j:th axis vector in R”. Note that
in (8.7.10) we have given two equivalent expressions of the operator B. The first
is meant to emphasize the fact that B acts on the vector structure of w in (8.7.12)
and not on w as a random vector. By Theorem 7.5.1, A? tends strongly to zero as
t — oo if N2 U'S = 0; in particular, if X is proper.

Now, from (8.7.6) we also have, for any £ € X,

Ut = (1€, o) = STE S A1 Be)) w; (), 8.7.11)
Jj=1 k=—o00
where -
w(t)= Y ATF'Bu(k) (8.7.12)
k=—oc0

is defined in the weak topology of X. Thus we regard the object (8.7.12) as an
X-valued random vector defined in the weak sense of [54] or [40]. It lies outside of
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the scope of this book to go deeply into the theory of infinite-dimensional random
processes, so we refer the reader to [54, 40] for a full study of Hilbert-space valued
random processes. Here it suffices to say that x(0) is an exact generator of X in
the sense that (T'¢, z(0))x = £ and

span{(f, z(0))x | f € X} = X. (8.7.13)

The object {z(t) | t € Z} can be given the meaning of a weak X-valued random
process [54, 40], in terms of which (8.7.8) may be written

z(t +1) = Az(t) + Bw(t)
{y(t) — C(t) + Duw(t). (8.7.14)
In view of (8.7.11), {x(t) | t € Z} is stationary in the (weak) sense that
(T¢, 2(t))x = UTE, x(0))x. (8.7.15)

Defining the covariance operator P : X — X of z(0) via the bilinear form

(f; Pg)x = E{(f,2(0))x (g, x(0)x}, (8.7.16)

we obtain the following representation.

Proposition 8.7.1. Then the operator P : X — X is given by
P =Y A"BB*(A"), (8.7.17)
k=0

where A: X — X and B : RP — X are defined by (8.7.10) and the sum is defined
in the weak operator topology®®; i.e., P satisfies the Lyapunov equation

P = APA* + BB". (8.7.18)
Moreover, (A, B) is exactly reachable.

Proof. Since z(0) = 7 ) A*Bw(1 — k), we have

E{(f,2(0))x (g, ( Z )*f,ei)a(B*(A") g, e5)x

Mg uMg

(B*(A")"f, B*(A") g)me

E
Il
=]

(f, A*BB*(A")"g)x,

=~
Il
=]

23 P, — P in the weak operator topology if (f, Prg)yx — (f, Pg)x for all f,g € X.
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which establishes (8.7.17), from which (8.7.18) follow readily. To see that (A, B) is
exactly reachable, note that, in view of (7.5.5b) and (7.4.9),
T 'A'Ba=ES U 'EX d'w(—1)
—ESdw(—t—1)—ESUES d'w(-1) - ESUES” d/w(-1),

where the last two terms are zero since a’w(—1) € S and U~!St C S*. Therefore,
since V2 o{ad'w(—1) | a € RP} = H™ (w) = S, we have

\/ span,cp 771 A'Ba = ESSs=X
t=0

by the splitting property, and hence

v ImA'B = X,
t=0

as claimed. a

In the same way, we can construct a backward system using (8.7.2). Let
£ cUX CS=UH*(w). Then, in view of (8.7.2), we have a completely symmetric
situation to the one in the forward setting, except for the shift of the state. In fact,
in analogy with (8.7.5), for any £ € UX, we have

Ute= 3" S (e UWX) TR R (1)) x (k) (8.7.19)
k=t+1 j=1

D D AUTE T ES wy(0)x w; (k). (8.7.20)

k=t+1 j=1

Moreover,
yi(0) = EY* 5,(0) + EW 4;(0)
= UEXy;(—1) + Dw(¢),

where D is the matrix defined by d;; := (:(0),@;(0)), and hence

y(t) = i C A1 Bw(k) + Dw(t), (8.7.21)
k=t+1

where A: X — X, B: R? — X and C : X — R™ are bounded linear operators
defined via B
A=TUX)T™!, (8.7.22a)

Ba=>a;TE*w;(0) = TE* a'w(0), (8.7.22b)
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(Cx); = (TEX yi(—1),z)x. (8.7.22¢)

Clearly,
A= A% (8.7.23)

Moreover, by Theorem 7.5.1, A! tends strongly to zero as t — oo if and only if
NY___ U'S =0;in particular, if X is proper. Precisely as in Proposition 8.7.1 we

can show that (A*, B) is exactly reachable.
Analogously with the forward setting, (8.7.21) can be written

z(t—1) = Az(t) + Bw(t)
{y(t) = Cz(t) + Dw(t)’ (8.7.24)
where .
.i‘(t) = Z (A*)k—t—lgw(k) (8725)
k=t+1

is a X-valued (weak) random process with the properties
(T, 2(~1))x = & (8.7.26)

and
span{(f,z(—1))x | f € X} = X. (8.7.27)

Moreover, the covariance operator P : X — X given by

(f,Pg)x = E{(f,2(=1))x(g,Z(~1))x}, (8.7.28)
takes the form .
P=> (A")"BB*A";
=0
i.e., P satisfies the Lyapunov equation

P = A*PA+ BB*. (8.7.29)

Proposition 8.7.2. The covariance operators defined by (8.7.16) and (8.7.28) both

equal the identity, i.e., P = P = 1. Moreover, T(—1) = x(0).
Proof. By (8.7.11), we have (f,x(0))x = T~'f, and consequently

E{(f,2(0)x(g,2(0))x} = B{T~'f, T™'g} = (f.9)x,

establishing that P = I. In the same way, we see that P = I. From (8.7.11) and
(8.7.26), we have

(f,2(0)x =T~ f = (f,2(~1))x

for all f € X, and hence we must have Z(—1) = 2(0), as claimed. O
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Remark 8.7.3. The coordinate-free results of Proposition 8.7.2 are entirely con-
sistent with the coordinate-dependent results of Sections 8.3 and 6.3. Indeed, when
dimX = n < oo, we may take X = R™ and represent the operators by matri-
ces with respect to the two bases, (£1,&2,...,&,) and (&1, &, ..., &,) introduced in
Section 8.3. More precisely, take

&1 &

13 &
z(0) = : and Z(-1) = :

&n Ein

Then, since now (a, 2(0))x = a’z(0), we have
E{(a,z(0))x(b,z(0))x} = ' E{x(0)x(0)}b = o' Pb

where, with a slight misuse of notation, the matrix P is defined by (8.3.3) and is
the matrix representation of the operator P in the appropriate basis. Likewise, we
can see that the matrix P, defined by the first of the two equations (8.3.10), is the
matrix representation of the operator P in the appropriate basis. Finally, (8.7.11)
and (8.7.26) yield
a'z(0) =& =V7(-1),

for all £ € X, where a € X and b € X correspond to £ under the two different bases
in X of x(0) and Z(—1), respectively. Then, since the two bases are dual in the
sense of (8.3.6), b = Pa, and hence (8.3.9) and P = P~! follow.

We are now in a position to formulate an operator version of Theorem 8.3.1.

Theorem 8.7.4. To each proper Markovian representation (H,U,X) there is a
pair of dual stochastic realizations, consisting of a forward system (8.7.14) and a
backward system (8.7.24) with X-valued state processes having the property

span{(f,z(0))x | f € X} = X =span{(f,Z(—1))x | f € X} (8.7.30)

The forward and backward systems are connected via the relations

A= A" C =CA* + DB* (8.7.31)
and
Z(t—1) = z(t). (8.7.32)
Moreover, the splitting subspace X is observable if and only if
[ kerCA" =0, (8.7.33)
t=0

i.e., (C,A) is (completely) observable; constructible if and only if

[ ker C(A")" =0, (8.7.34)
t=0
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i.e., (C, A*) is (completely) observable; and minimal if and only if both (C, A) and
(C, A*) are observable. Finally,
CA*—1C* fort > 0;
Ay = E{y(t +k)y(t)} = CC* + DD*  fort=0; (8.7.35)
cAnlt=tc* fort <o0.
Proof. Tt only remains to prove the second of relations (8.7.31), the statements
about observability and constructibility, and (8.7.35). To prove that C' = CA* +
DB*, recall from (8.7.1) that Y C X & W, which, in particular implies that
4i(0) = EX y;(0) + [Dw(0)];. (8.7.36)
Therefore, for any £ € X,
(1:(0), U€) = (B i(0), UE) + ([Dw(0)};, UE),
or, equivalently,
(EXy:(—1),6)x = (EX 4:(0), UX)&)x + ([Dw(=1)];, €);
i.e., setting f :=T¢,
(TEX 4i(=1), fx = (TEX 4:(0), A* f)x + ([Dw(=1)];, £),
which is the same as -
Cf=CA"f+ DB"f,
valid for all f € X. To see this, observe that
<fa Ba>DC = <§a Ex alw(71)>x = a’/ E{f’w(*l)},
which implies that B* f = E{{w(—1)}. This establishes that C = CA* + DB*.
The proof of the observability statement goes much along the lines of the
finite-dimensional result. In fact, since y;(0) € H™ C S,
[CA F], = (EX4:(0), [U(X)*]€)x = (1:(0), E3 U™"E)x = (i(t), &),
which is zero for i = 1,2,...,m and all ¢+ > 0 if and only if X N (H*)+ = 0; i.e.,
X is observable. This proves the statement on observability. The statement on
constructibility follows by symmetry.
To prove (8.7.35), first suppose ¢ > 0. Then, since a'y(0) L HT (w), (8.7.36)
yields
Ara = (EXy;(t), EX a'y(0)x = (U(X)' E* 5;(0), U(X) EX a'y(—1))x
Here we have used the fact that, in view of Theorem 7.2.4,
yi(t) = UPES” 5,(0) + U' EX 4;(0) + U'ES™ 4,(0),
—®
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where the first term is zero since y;(0) € HT L (H*): O S+, and the last term
belongs to S+ L X; and an analogous argument for the second element in the inner
product. Hence

Ao = (UX)TEX 41,(0), EX a'y(—1))x = CA™1C*a,
as claimed. In fact,
(C*a, flx = a'Cf =(TEXd'y(-1), fx.
The proof of the case t < 0 is analogous. Finally, by (8.7.36),

E{yi(0)y(0)'}a = (E* y,(0), E* a'y(0))x + E{[Dw(0)]iy(0)'a}
= [CC*a+ DD*d],,

completing the proof of (8.7.35). O

In view of Propositions 8.7.1 and 8.7.2, we have the following equations

I = AA* + BB*, (8.7.37a)

C = CA* + DB*, (8.7.37D)

Ao = CC* + DD*, (8.7.37¢)

which, in the case that (H, U, X) is minimal, look like an infinite-dimensional version
of the positive-real-lemma equations (6.8.23), except that the operators A, C' and
C clearly depend on the particular choice of X, but P = I does not. This raises the
question of what is the relation between the triplets (A, C, C) of different minimal

Markovian representations.

State-space isomorphisms and the infinite-dimensional
positive-real-lemma equations

The covariance of {y(t)}:cz is given by (8.7.35), where the triplet (A4,C,C) corre-
sponds to any Markovian representation (H, U, X) of y. In particular, for ¢ > 0,

Ay = CAIC™ = CLALCT,

where (A, ,C,,Cy) corresponds to (X, , U, H). More generally, if (H, U, X) is min-
imal, these operators are related in the the following way.

Theorem 8.7.5. Let (H, U, X) be a minimal Markovian representation with (A, C, C)
be defined as in (8.7.10) and (8.7.22) and X as defined on page 220. Let (A,,Cy,Cy),
Xy and (A_,C_,C_), X_ be corresponding quantities related to (X, ,U, H) and
(X_,U,H), respectively.. Then there are quasi-invertible linear operators Q : X —
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Xy and Q: X — X_ such that the diagrams

R™ R™
s NG c'y NCE
x5 ox, LN O
At LA (A1) 1 LAy
x o x5 o
cN\N SO cN SO
R™ R™

commute.

In Section 9.2 we actually prove that the operators A of all minimal Markovian
representations are actually quasi-equivalent (Corollary 9.2.16).

Proof. It follows from Corollary 7.6.6 that
QA = A" Q,

where ) := T+©T* is quasi-invertible. Here T is as defined on page 220 and T} is
the corresponding isomorphism from X and X;. This establishes the square part
of the first commutative diagram. To establish the bottom part form, for any f € X
and the corresponding ¢ :=T71f € X,

(CHQf)i = (T4 EX* 4;(0), Ty EX+ &) = (BX+ 33(0), EX* O, = (:(0), E*+ ¢).
Then, since H = (H")* @& Xy ® Nt and X L N* (Corollary 7.4.14) and y;(0) €
H* 1L (H")*, we have

(C1f)i = (3:(0),6) = (EX;(0),€) = (Cf)-
In the same way, with £ € X and f = T4,
(CO* f)i = (EX yi(—1), EX )x = (E¥ ys(~1),).
Hence
(O f)s = (B EXyi(-1), &)x, = (E* yi(=1), E)x, = (C1f)i,

since H- 1 X, | X (Proposition 2.4.2(vi)); i.e., Cy = CQ*, or, equivalently,
C‘i = QC*. This establishes the top part of the diagram.

A symmetric argument proves that there is a quasi-invertible €2 such that the
right diagram commutes. [0

In analogy with the finite-dimension setup in Section 8.3 and Chapter 6, we
can now reformulate the forward system (8.7.14) of any minimal Markovian repre-
sentation in terms of (A4, C4,Cy).
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Corollary 8.7.6. Let (H,U,X) be a minimal Markovian representation. Then
there is an Xy -valued (weak) stationary random process {x(t)}icz satisfying

span{(f,2(0))x, | f € X4} = X.

The process © is generated by the forward system

z(t+1) = Apa(t) + Buw(t)
y(t) = Cha(t) + Duw(t)

with B := QB, where Q is the quasi-invertible map defined in Theorem 8.7.5. The
covariance operator P: X1 — X, defined via the bilinear form

(f,Pg)x; =E{{f,2(0))x, (g.2(0))x, } .

s given by
P=QQ" <P, =1, (8.7.38)

and satisfies the operator positive-real-lemma equations

P=A,PA% + BB, (8.7.39a)
Cy = C4PAL + DB, (8.7.39D)
Ao = C4PC% + DD*. (8.7.39¢)

Naturally, there is also a backward version of this corollary, obtained by the
obvious substitutions.

Proof. The proof is immediate by merely applying the transformations QA = A, Q,
C = 0. and CQ* = Oy (Theorem 8.7.5) to the corresponding equations obtained
earlier in this section. In particular, (8.7.39) is obtain in this way from (8.7.37).
Taking £ € X and f = T;lf, we have

(f,Pfx. = IR, = IEX €%, = €k, = IFI,

establishing that P < I, as claimed. 0O

Since 2 is in general only quasi-invertible, this as far as we can go in gener-
alizing the finite-dimensional results of Section 9.2. If Q) is invertible, we can also
establish that P := P~! is the covariance operator of the corresponding backward
system. We leave this as an exercise for the reader.

8.8 Regularity of Markovian representations

In Chapter 6 we introduced the regularity condition (6.9.1), needed in formulating
certain results in terms of the Algebraic Riccati Equation, a topic to which we

2007/
page :



8.8. Regularity of Markovian representations 229

return in Chapter ??. We are now in a position to formulate general geometric
conditions for regularity.

To this end, given a Markovian representation (H, U, X) with X ~ (S, S), we
introduce the corresponding forward and backward error space as

Z:=ScH =SNH)*, and Z:=ScH"=SnH"", (8.8.1)

respectively, where the orthogonal complements (H™)+ and (H)1 are with respect
to the ambient space H. The subspaces Z and Z are not splitting subspaces, but they
are the intersections of perpendicularly intersecting pairs of invariant subspaces,
namely (S,(H™)1) and (S, (HT)1), respectively (Theorem 7.2.4). In fact, Z= L
Zt | Z and Z= L Z* | Z, so both Z and Z are Markovian. Therefore, we can
proceed as in Section 8.7 to define a Z-valued weak stationary random process
{2(t)}z} such that

span{(f,2(0))z | f € 2} = Z,

where Z is an isomorphic copy of Z. Likewise, we can define a Z-valued process
{Z(t)}z} such that

span{(f,z(-1))z | f € 2} = Z.

Again along the lines of Section 8.7, we can also form a forward recursion
2(t+1) = Fz(t) + Gu(t), (8.8.2)

where F' is unitarily equivalent to U(Z)* and w is the forward generating process
of (H,U,X); and a backward recursion

Z(t —1) = Fz(t) + Gu(t), (8.8.3)

where F is unitarily equivalent to U(Z) and w0 is the backward generating processes
of (H, U, X). Note that (8.8.2) and (8.8.3) are not a forward/backward pair in the
sense of (8.7.14) and (8.7.24), but they represent different spaces X and Z.

Proposition 8.8.1. Let (H, U,X) be a Markovian representation with error spaces
Z and Z. Then X is observable if and only if X NZ = 0 and constructible if and
only if XNZ =0.

Proof. In view of (8.8.1) and the fact that X C S,
XNZ=XNSNH)*=XnH),

which, by definition, equals zero if and only if X is constructible. The proof of the
observability part is analogous. [

To formalize the regularity condition (6.9.1) in the present more general set-
ting, consider the forward system (8.7.14) for a minimal Markovian representation
(H, U, X). Note that, by (8.7.39¢) and (8.7.38),
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In particular, the regularity condition (6.9.1) holds if and only if D4 has full rank.
We shall say that the forward system (8.7.14) is regular if D has full rank, and
singular otherwise. Likewise, the backward system (8.7.24) is regular if D is full
rank.

The rank of D is determined by the dimension of the null space of U(Z), which
is finite-dimensional even in the general case when Z is infinte-dimensional.

Proposition 8.8.2. Let (H, U, X) be a Markovian representation with error spaces
Z and Z and generating processes (w,w). Then the mxp matriz D := E{y(0)w(0)’}
and the m x p matriz D := E{y(0)@w(0)'} have ranks

rank D = p — dimkerU(Z) (8.8.5a)
rank D = p — dimker U(Z)* (8.8.5b)

P
where U(Z) := E? Uz and U(Z)* = EZU* .

The proof is based on the following lemma, which, for later reference, we state
in more generality than needed here.

Lemma 8.8.3. Let (S, S) be a pair of subspaces (in some Hilbert space H) with the
property that U*S C S, US C S and ST C S, and let X :==S & S+, Then

kerU(X)=XN({U*W) = Sn (U*W) (8.8.6a)
kerUX)* =XNW=8SNW, (8.8.6b)
where W :=US S S and W :=S o US.

Note that, in this lemma, S and S are perpendicularly intersecting (Corol-
lary 7.2.5) and X := S NS, but X need not be a splitting subspace since the
conditions S D H™ and S D H* are not required.

Proof. Since U(X){ = 0 if and only if ¢ 1 U*X, kerU(X) =X N (U*X)f Now,
by Corollary 7.2.5, H = S* @ X @ S*. Hence, (U*X)+ = (U*S)* @ (U*S)* and
(U*S)t = St & (U*W); i,

(U*X)*t =St @ (U*W) & (U*S)*.

However, S* 1 X and (U*S)* € S+ L X, and hence the first of equations (8.8.6a)
follows. Then inserting X = SNS into this equation and observing that U*W C S,
we obtain the second of equations (8.8.6a). Similarly, ker U(X)* = XN (UX)*, and

(UX)t =US)r ¢Stow,
where (US)+ € St L X and S* 1 X, and consequently (8.8.6b) follows. O

The following corollary is needed for the proof of Proposition 8.8.2.
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Corollary 8.8.4. The nullspaces of U(Z) and U(Z) of Proposition 8.8.2 are
kerU(Z) =Z N (U*W) (8.8.7a)
kerU(Z)* =ZNW, (8.8.7b)

where W and W are the wandering subspaces (8.1.9) and (8.1.13), respectively.

Proof. Equation (8.8.7a) follows directly from (8.8.6a) in Lemma 8.8.3 by taking X
and (S,S) to be Z and (S, (H™)"), respectively, and (8.8.7b) follows from (8.8.6b)
by setting X and (S, S) equal to Z and ((H)*,S), respectively. 0

Proof of Proposition 8.8.2. We want to show that ker U(Z) and ker D have
the same dimension. To this end, note that, since Z = SN (H™)* and (U*W) C
S, (8.8.7a) yields ker U(Z) = (H™)L N (U*W). Hence, dimker U(Z) equals the
number v of linear independent a1, as, ...,a, € R? such that ajw(—1) L H™ for
k=1,2,...,v, or, equivalently,

E{y)w(=1)}ar =0, t<0,k=1,2,...,v. (8.8.8)

However, U*H~ C U*S L U*W, and hence E{y(t)w(—1)"}ay is always zero for
t < —1. Therefore, (8.8.8) holds if and only if Day = E{y(—1)w(—1)"}a; = 0 for
k=1,2,...,v, establishing that ker U(Z) and ker D have the same dimension. This
proves (8.8.5a). The proof of (8.8.5b) is analogous, using instead (8.8.7b). O

In general, we shall be interested in the situation where {y(t)}:ez is a purely
nondeterministic, full-rank process, and (H, U, X) is proper. Then, p = p > m, so
the forward system (8.7.14) is regular if and only if rank D = m, and the backward
system (8.7.24) is regular if and only if rank D = m. In particular, by (8.8.4),
all forward systems of minimal Markovian representations are regular if D is full
rank. Also note that, since the forward error space Z_ of the predictor space X_
and the backward error space of X are trivial, D_ and D, are always full rank.
In other words, the (forward and backward) steady-state Kalman filters are always
regular.

Regularity and singularity play an important role in the theory of invariant
directions for the matrix Riccati equation, a topic to which we return in Chapter 77,
and it is the topic of the next section. We provide Hardy space characterizations of
regularity in Section 9.3.

As a preliminary for the next section, we consider a standard procedure for
constructing (in general, nonminimal) Markovian representations for which D =0
and D = 0. This amounts to amending the state process by including the obser-
vation noise in the state, which is a standard construction in the finite-dimensional
case.

Proposition 8.8.5. Let (H, U, X) be a Markovian representation with X ~ (S, S
and set X := (US)NS. Then (5(, U,H) is a Markovian representation with X
(US,S), and y1(0) € X fork=1,2,...,m. Moreover,

X=XoW=(UX)eW, (8.8.9)

)7
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where W and W are the subspaces (8.1.9) and (8.1.13), respectively.

Proof. By assumption, (8, S) satisfies conditions (i), (ii) and (iii) in Theorem 8.1.1.
Then so does (US,S). In fact, H- C S C US and U*(US) = S C US establishes
(i) and (ii). From (8.1.9) we have US = S & W. Therefore, since W C S+ C S,

(US)NS=(SNS)pW. (8.8.10)
From (8.1.9) we also have (US)* = St © W, and hence
(US)NS)® (US)* = (SNS)® S+,

establishing that (US,S) satisfies (iii). Consequently (X,U,H) is a Markovian
representation by Theorem 8.1.1. Also, (8.8.10) is precisely the first of equations
(8.8.9). To establish the second of equations (8.8.9), observe that (8.1.13) implies
that S = (US) N'W, and therefore, since W C (US)* c US,

X =(US)NS = ((US)N(US)) W = (UX) & W.
Finally, )
y(0) e (UH)NHT Cc (US)NnS=X
fork=1,2,....,m. O

8.9 Models without observation noise
By changing the definition of the past space H™ to including y(0); i.e., taking

H~ =span{d’y(t) |t <0;a € R™} (8.9.1)

while retaining the old definition of HT, we obtain complete symmetry between the
past and the future. In this case,

dy(0)) cH NHT cSNS=X, acR™

for any Markovian splitting subspace X ~ (S, S), leading to models without obser-
vation noise.

Given a Markovian representation (H, U, X) in this framework, the construc-
tion of the forward and a backward stochastic system follows along similar lines
as described earlier in this chapter, but with certain modifications that uphold the
symmetry between the forward and the backward model. In particular, the defini-
tion (8.1.9) of W needs be to changed to W := S © U*S, leading to the following
modification of (8.1.14) and (8.1.15):

UX CXa(UW) U*X Cc X @ (U*W)
Y cX YcX
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This is the starting point for constructing a forward system

t+1) = Ax(t) + Bw(t+1

#(t+1) = Az(t) + Bu(t +1) 592)
y(t) = Cx(t),

where the operators A : X — X and C' : X — R™ are as defined in (8.7.10), while

B: R? — X now sends a € R? to TE* a/w(0); and a backward system

z(t—1) = A*z(t) + Bw(t —1) (8.9.3)
y(t) = Cx(t),

where B : R? — X is as defined in (8.7.22), while y(—1) should be exchanged for
y(0) in the definition of C' : X — R™. We now have complete symmetry between
the forward and backward system, which is also reflected in the fact that now

span{(f,=(0))x | f € X} = X = span{(f, z(0))x | f € X}. (8.9.4)

The observability and constructibility conditions of Theorem 8.7.4 remain the same.

The class of Markovian representations in the new framework with H™ given
by (8.9.1) is smaller than than that in the standard framework. In fact, any Marko-
vian representation in the new framework is clearly a Markovian representation in
standard one, but the converse is not true. However, Proposition 8.8.5 suggests a
procedure for producing a new Markovian representations from old ones.

For clarity of notation, we return to our standard definition of H™, referring to
(8.9.1) as UH™, and we refer to the two types of splitting subspaces as (H~, H™)-
splitting and (UH™, H™)-splitting, respectively.

Corollary 8.9.1. Let (H,U,X) be a Markovian representation in the (H-,H)
framework, and let X be defined as in Proposition 8.8.5. Then, (X,U,H) is a
Markovian representation in the (UH™ ,H™) framework.

Proof. The corollary follows immediately from Proposition 8.8.5, merely noting
that UH- Cc US. O

The Markovian representation (X, U,H) of Corollary 8.9.1 is certainly non-
minimal in the (H™,H") framework if W is nontrivial, but it could very well be
minimal in the (UH™,H") framework. The following result shows when this is the
case.

Theorem 8.9.2. Let (H,U,X) be observable (constructible) in the (H—,HT)
framework, and let X be defined as in Proposition 8.8.5. Then (X, U,H) is ob-
servable (constructible) in the (UH™,HT) framework if and only if ker U(Z) = 0
(ker U(Z) = 0), where Z and Z are the error spaces (8.8.1) of X ~ (S, S).

Proof. Let us first prove the statement about observability, which is the simplest
part. By Proposition 8.8.1 and Lemma 8.8.4, we need to show that XNZ = 0 if and
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only if ZN'W = 0. However, since W C X by (8.8.9), XNZ > ZNW, so the only-if
part is trivial. To prove the if part, suppose there is a nonzero A € X NZ. Then, in
view of (8.8.9), A = U&+n, where ¢ € X andn € W. However, \€ Z L HT > UH*
andn € W L US D UHT, and consequently U¢ | UHT, or, equivalently, & 1| HT;
ie., £ € XN (H')*, which is zero by observability of X. Since therefore A\ € W,
we have A € ZN'W. Hence ZN'W = 0, proving the if part.

To establish the statement about constructibility, we need to prove that X N
Z = 0 if and only if Z N (U*W) = 0, where X = X @ W and Z = UZ. To this
end, first suppose that Z N (U*W) # 0. Then, applying the unitary shift U, we
have Z N'W # 0, which, in view of the fact that W C X, implies that X N Z # 0.
Conversely, suppose that there is a nonzero A\ € X NZ. Then, A = & + 1, where
EeXandn e W. However, A\ € UZ L UH- DH andn e W L. S D H™, and
therefore ¢ | H™; i.e., £ € X N (H™)+, which is zero by the constructibility of X.
Hence A € W; i.e., A € ZN'W, and consequently (UZ) N'W # 0, or, equivalently,
Z N (U*W) # 0. This proves the constructibility part. 0O

We can now relate the the question of the preservation of minimality to the
regularity of the forward and backward systems — (8.7.14) and (8.7.24), respectively
—of (H, U, X) and the size of the ambient space H.

Corollary 8.9.3. Let (H,U,X) be a minimal proper Markovian representation, in
the (H=,H™) framework, with generating processes (w,w), and let X be defined as
in Proposition 8.8.5. Then (X,U,H) is minimal in the (UH™,HT) framework if

and only if all the conditions

(i) X is internal, i.e., X C H,

(ii) D :=E{y(0)w(0)'} has full rank,
(iii) D := E{y(0)w(0)'} has full rank
hold.

Proof. By Theorem 8.9.2 and Corollary 7.4.10, (X,U,H) is minimal if and only
if kerU(Z) = 0 and ker U(Z) = 0. Since (H, U, X) is proper, p = p > m. Conse-
quently, by Proposition 8.8.2, ker U(Z) = 0 and ker U(Z) = 0 if and only if D and

D have full rank (i.e., rank m) and p = m (i.e., X is internal). O

In Chapter 9, after having introduced some additional tools, we illustrate this
result by a simple example.
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and Pavon [75]. Early contributions are also due to Caines and Delchamps [17],
Frazho [33, 32], Foiag and Frazho [31], and Michaletzky [96, 95].

Sections 8.1 and 8.3 are essentially developed along the lines of [88]. The re-
sults in Section 8.2 are basically contained in [119]: Theorem 8.2.1 is Theorem 1.2
in Chapter II of [119] modified to our setting and Theorem 8.2.3 is Proposition 1.4.
Theorem 8.2.7 follows from Proposition 6.7 in Chapter II and Proposition 4.2 in
Chapter IIT in [119].is The material in Section 8.4 appears here for the first time.
Section 8.5 follows [88], where Proposition 8.5.2 is proved in the continuous-time
setting. The material in Section 8.6 generalizes results [88], allowing a purely de-
terministic component, and connects the geometric theory to to classical stochastic
realization theory [4, 29, 80]. The development of general dynamical realizations
in Section 8.7 is related to the restricted-shift realization of Fuhrmann [34], Helton
[48], and Baras and Brockett [6]. It was first developed in this form in [82, 83] in
continuous time and in [75, 76] in discrete time. State-space isomorphism results
were developed in [87] and is closely related to results in [35]. Sections 8.8 and 8.9,
finally, are based on [75] where the theory was developed for internal Markovian
representations only.

Finally, we should mention the books by Caines [15] (Chapter 4) and Michalet-
zky, Bokor and Vérlaki [94].
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Chapter 9

Proper Markovian
Representations in Hardy
Space

In this chapter we reformulate the splitting geometry in terms of functional models
in Hardy space. This allows us to use the power of Hardy space theory to prove
several additional results and useful characterizations. We shall only deal with
proper Markovian representation, and therefore we formulate several functional
criteria for properness.

Throughout this chapter, we assume that the process {y(t)}:ez is purely non-
deterministic and reversible and hence purely nondeterministic also in the backward
direction. Therefore

H =H (w_) and HT =HT(wy), (9.0.1)

where the white noise processes w_ and w4 are the forward and backward innova-
tion processes, respectively.

9.1 Functional representations of Markovian
representations

In contrast to the finite-dimensional case (Theorems 8.4.3 and 8.6.3), the process y
being purely nondeterministic does not insure that all minimal Markovian represen-
tations are proper, as seen from Example 8.1.5. However, properness is insured by
the following simple criterion, which will be stated and proved in more generality
in Section 9.2 (Proposition 9.2.10 and Theorem 9.2.12).

Proposition 9.1.1. There exist proper Markovian representations of y if and only
if the frame space HP, defined by (7.4.24), is proper. In this case, all minimal
Markovian representations are proper.

Clearly, X_ ~ (H~,S_) is proper only if the remote past of H™ is trivial,

and X, ~ (S, H™) is proper only if the remote future of H* is trivial. Therefore,
for all minimal Markovian representations of y to be proper it is necessary that y is

237
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238 Chapter 9. Proper Markovian Representations in Hardy Space

reversible so that it is purely nondeterministic in both the forward and the backward
direction, in harmony with our assumption (9.0.1). However, reversibility is not
sufficient. Indeed, the process in Example 8.1.5 is full rank, and hence reversible
(Proposition 4.5.11), but X_ is not proper. A sufficient condition (noncyclicity)
will be introduce on page 247.

In Section 8.1 it was shown that, to each proper Markovian representation
(H, U, X) of multiplicity p > m with X ~ (S, S), there corresponds a pair (w,w) of
p-dimensional white noise processes such that H(w) = H(w) = H and

S=H (w) and S=H"(w). (9.1.1)

These processes are called the generating processes of the Markovian representa-
tion, and they are uniquely determined modulo multiplication by a constant p x p
orthogonal matrix.

By Proposition 9.1.1, there will not exist any proper Markovian representa-
tions unless the frame space H” ~ (S;,S_) is proper, i.e., unless there are unique
generating processes wi and w_ such that

S =H (wy) and S_=H"(w_), (9.1.2)
where
S, =(NH)*=HTvH )" and S_:=N")*=H vHH* (9.1.3)

(Proposition 7.4.15). In this case, the predictor spaces X_ and X are also proper.
In fact, by Propositions 7.4.5 and 7.4.6 in Section 7,

X_ ~ (S_, S_) and X+ ~ (S+, SJ’_)’ (914)

where S_ = H™ and S; = HT. Consequently, the predictor spaces X_ and
X have generating processes (w_, w4 ) and (w_, @), respectively, which should
explain the notation.

As demonstrated in Section 3.5, the spectral representations

w(t) = / ePtdiy and w(t) = / et div (9.1.5)
define two unitary isomorphisms, J, I : Lf, — H, via
Jof = [ f(e)dw and Jsf= [ f(e)dw, (9.1.6)

under which S and S are isomorphic to the Hardy spaces H? and H2, respectively,
ie.,

S:=H (w) =Jgz 'H;} and S:=H%(w) =17, (9.1.7)
and the shift U becomes multiplication by z = e, i.e.,

Uy =T M. (9.1.8)
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Spectral factors and the structural function

We are now in a position to reformulate some basic results of Section 6.4 in a more
general setting. Since (J;)71J; is a unitary operator which commutes with the shift

on L127’ it can be represented by a multiplication operator

(J) 15 = Mk (9.1.9)

where Mk f = fK and K is a unitary p x p matrix function (Theorem 4.3.3).
Generalizing Definition 4.6.1 slightly we shall say that an isometry which sends
analytic functions to analytic functions is inner. As before, a px ¢ matrix function V'
on D such that H2V is dense in H7 is called outer. Functions with the corresponding
properties with respect to the conjugate Hardy space Hg will be called conjugate
inner and conjugate outer respectively.

Lemma 9.1.2. Let (H, U, X) be a proper Markovian representation with generating
processes w and w. Then there is a unique pair (W, W) of spectral factors, the first
being analytic and the second coanalytic, such that

y(t) = / W () dit = / W (%) dib. (9.1.10)
Moreover, the matriz function K defined by (9.1.9) is inner, and satisfies
W = WK, (9.1.11)

i.e., in particular,

o(t) = /7r e K (") dib. (9.1.12)

-7

Proof. In view of (9.1.8), conditions (9.1.10) hold if and only if

J5 v1(0) I v1(0)
ngyg 0) _ ngyg(())

W = and W = i . (9.1.13)
T2 ym(0) 9 ym (0)

Clearly W and W are spectral factors. Moreover, for all a € R™, a'y(0) € UH™ C
UH™ (w), and hence a'W € HE, implying that W is analytic. In the same way,
since a'y(0) € HT ¢ HY(w), o'W € H? for all a € R™, and hence W is coanalytic.
In view of (9.1.9),

fdir= | fKdi forall f € H,

and hence (9.1.12) follows. Moreover, since

a'y(0) =Jya'W =J:a'W for all a € R™,
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240 Chapter 9. Proper Markovian Representations in Hardy Space

(9.1.11) also follows from (9.1.9). Finally, the fact that K is inner is a consequence
of the perpendicular intersection propery S+ C S (Theorem 7.2.4), which may be
written H™ (w) C H™ (w), which is equivalent to H? K C H; under the isomorphism
Joz~ L. The subspace H™ () is invariant under the backward shift U=, and hence
HI%K is invariant under z=1. Therefore K is inner (Theorem 4.6.4). 0O

It follows from this analysis that the spectral factors W and W are uniquely
determined by the subspaces S and S, once a specific choice of generating process
w,w has been made. This amounts to saying that W and W are determined by
S and S, respectively, modulo right multiplication by a constant p x p orthogonal
matrix. The equivalence class of m x p spectral factors

[W]:={WT | T orthogonal p X p matrix} (9.1.14)

will sometimes be denoted by W mod O(p), where O(p) is the p-dimensional or-
thogonal group, or merely W mod O if the dimension of W is clear from context.

Hence, given a proper Markovian representation (H, U, X) with X ~ (S,S),
we determine a unique (mod O) pair (W, W) of m x p spectral factors, one being
analytic and corresponding to S, and the other coanalytic and corresponding to
S. In terms of the splitting geometry the analyticity of W reflects the condition
S O H~, the coanalyticity of W the condition S D HT, and K being inner the
perpendicular intersection between S and S. We shall call a triplet (W, W, K)
where W and W are m x p spectral factors for some p > m and K is a p X p matrix
function satisfying the equation W = WK a Markovian triplet if W is analytic, W
coanalytic and K inner.

In view of (9.1.9), K is uniquely determined by the Markovian representation
(H, U,X), modulo right and left multiplication by orthogonal constant matrices,
and we shall call it the structural function of (H, U, X). It follows that the Marko-
vian triplets corresponding to a Markovian representation are all related by the
equivalence

(W, W,K) ~ (WTy,WTy, T, *KT)) Ti,T> € O(p) (9.1.15)

The corresponding equivalence class of Markovian triplets will be denoted [W, W, K]
or (W,W,K) mod O.

If the Markovian representation (H, U, X) is internal, its multiplicity p equals
m. Then W and W are square and hence, since ® is full rank, invertible. In this
case, (9.1.11) can be solved for K to yield the structural function

K=w"'w. (9.1.16)

Hence, the predictor spaces X _ and X have the Markovian triplets (W_, W_, K_
and (W, ,W,, K,), respectively, where W_ is outer, W, conjugate outer, K_ =
WZ'W_ and Ky = W] 'W,.

A Markovian triplet is called tight if K is uniquely determined by W and W.
As we have just seen, this is always the case for internal Markovian representations,
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in which case (9.1.16) holds. Nontightness occurs when the subspace X N (H)* is
nontrivial, in which case some modes of the state process will evolve independently
of y. In fact, tightness is implied by either observability or constructibility, which
conditions, as we shall see below, are equivalent to the coprimeness of the factor-
izations W = WK and W = WK* respectively (Corollary 9.2.4). Such coprime
factorizations are known to be unique mod O. Consequently, W and K are uniquely
determined by W in the observable case, and W and K are uniquely determined
by W in the constructible case.

The inner triplet of a Markovian representation

In a Markovian triplet (W, W, K) the spectral factors W and W have unique outer-
inner factorizations

W=W_Q and W =W,Q, (9.1.17)

where W_ is the outer and W, the conjugate outer spectral factor (Theorem 4.6.5).
The m X p matrix functions @) and @ are inner and conjugate inner, respectively,
and

QQ* =1I, and QQ" =I,. (9.1.18)

Thus, to each Markovian representation of y, there is a unique triplet (K, Q, Q) of
inner functions, which we shall refer to as its inner triplet.

Lemma 9.1.3. Let (H,U,X) be a proper Markovian representation with inner
triplet (K, Q, Q) and generating processes w and w. Then

w(t) = /F et Q* (Y dir_ + 2(t), (9.1.19)

—T

where w_ is the innovation process, and where z is a p.n.d. process with the property
that H(z) = H* and the spectral density 11 := I — Q*Q. The orthogonal projec-
tion EX onto the internal subspace H corresponds, under the isomorphism Jyg, to
multiplication with Q*Q, i.e.,

EH I, = T4 Mo-o. (9.1.20)
Similarly,
B(t) = / GO ()i + 2(1), (9.1.21)
where w4 1is the backward innovation process and
Z(t) = / e K (e)dz. (9.1.22)
Moreover, H(z) = Ht and
E"J; =0:Mg-o. (9.1.23)
Finally, -
KII =1IK, (9.1.24)
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where I := I — Q*Q is the spectral density of .

Proof. In view of

(9.1.17) yields
dw_ = Qdw. (9.1.25)

Since therefore Q*dw_ = Q*Qdw,
di = Q" dw_ + dz, (9.1.26)

where dZ := Ildw with II := I — Q*@. From this we obtain (9.1.19), or, more

generally,
/fdﬁ):/fQ*duLnL/fdé (9.1.27)

for all f € L2. The last term in (9.1.27) can also be written [ fTIdi and is therefore
always orthogonal to the internal subspace H, or, equivalently, to

/hduﬁ, = /thﬁ)

for all h € L?,. In fact, since QQ* = I, we have QII = 0. From this it also follows
that IT? = II, and therefore II is the spectral density of z. Moreover, the left member
of (9.1.27) generates H := H(w) as f varies over L2, and, as can be seen by taking
f = gQ with g € L2, the closed span of the first term of the right member is H.
Hence H(z) = H* := Ho H, as claimed. Consequently, in view of (9.1.25), for any
A € H = H(w), there is an f € L2 such that

B = [ Qo = [ 1Q*qa.

which is precisely (9.1.20). The corresponding statements for @w are proven in the
same way. It remains to prove (9.1.22) and (9.1.24). To this end, note that we have

H — _
EY = jwMQ*ijl = jﬁ)MQ*Qjﬁjl

from (9.1.20) and (9.1.23), which in view of (9.1.9) yields KQ*Q = Q*QK. Hence
(9.1.24) follows. Finally, by (9.1.12) and (9.1.24),

gb

= Id

IR

d = IKd = K1ldw = Kdz,

proving (9.1.22). 0O
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State space construction

As we shall see, the Markovian triplets (W, W, K) contain all the systems-theoretic
information needed for the construction of state space representations of y. In
particular, the structural function K determines the state space, while W and W
serve as the transfer functions of two stochastic realizations having the same state
space.

The following theorem describes the relation between Markovian representa-
tions and Markovian triplets (W, W, K).

Theorem 9.1.4. There is a one-one correspondence between proper Markovian
representations (H, U, X) of a purely nondeterministic process {y(t)}iez with a full-
rank spectral factor and pairs (W, W, K|, z) where [W, W, K| is an equivalence class
of Markovian triplets and z is a vector process (defined mod Q) such that H(z) L
H and with spectral density 11 := I — WEW, where Wt = W*®~1. Under this
correspondence

H=H®H(z) (9.1.28)
and
X =H (w)"NH"(0) (9.1.29)
where (w, W) are the generating processes given by
w(t) = / WA + 2(t) (9.1.30)
o(t) = / O WAy + / et Kdz (9.1.31)

where WH .= W*d~1,

Proof. Given a Markovian representation (H,U,X) with generating processes
(w, ), we have shown above that there is a unique equivalence class [W, W, K]
of Markovian triplets. Suppose II := I — W#W. Since ® = W*W_, a straight-
forward calculation shows that IT is as defined in Lemma 9.1.3 and that (9.1.30)
is equivalent to (9.1.19) and (9.1.22)—(9.1.23). Since dz = Ildw, the process z is
uniquely defined mod O with the spectral density II, and, by Lemma 9.1.3, (9.1.28)
holds. Since (H, U, X) is proper, (9.1.29) is a consequence of the fact that X = SNS
(Theorem 8.1.1). Conversely, given a triplet (W, W, K) and a process z with the
stated properties, we define (w, @) by (9.1.30) and (9.1.31), and we set S := H™ (w)
and S := H*(w). Then, since (W, W, K) is a Markovian triplet, W is analytic im-
plying that S D H™, W is coanalytic implying that S D H*, and K is inner which
is equivalent to perpendicular intersection. Hence, by Theorem 8.1.1, X = SNS is a
Markovian splitting subspace with ambient space H = H @ H(z), for the invariance
condition (ii) is trivially satisfied. The shift is U := U, x U, where U, and U, are
the shifts defined by y and z, respectively. 0O

At this point we have designed a spectral-domain framework, isomorphic to
the geometric framework of Markovian representations, in which all random vari-
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244 Chapter 9. Proper Markovian Representations in Hardy Space

ables have concrete representations as functions in certain subspaces of Hg or Hg.
We shall next introduce a general functional model for Markovian splitting sub-
spaces which is of the type studied in [71] and [35] in connection with deterministic
scattering theory and linear systems in Hilbert space. Using this representation the
characterization of various structural conditions of Markovian splitting subspaces
(observability, constructibility and minimality) can be formulated in Hardy space
terms. These questions will be studied in the next section.

Theorem 9.1.5. Let (H,U,X) be a proper Markovian representation with struc-
tural function K and generating processes (w,w). Then,

Uy s

X = 2 H(K)dw = | H(K*)dw, (9.1.32)
where
— 2 2 _ 2 72
H(K):=H, o H}K = H} N (zH}K) (9.1.33)
and - - ~ ~
H(K*):=H O H)K*=H.N(z""H.K"). (9.1.34)

Moreover, X is finite dimensional if and only if K is rational, in which case dim X
equals the McMillan degree of K.

Proof. By Theorem 8.1.1 and the fact that (H, U, X) is proper,
X=8ScSt=H (w)oH (1)

Therefore the first of equations (9.4.7) follows from (9.1.7) and (9.1.9). A sym-
metric argument yields the second equation (9.4.7). Relations (9.1.33) and (9.1.34)
are standard in Hardy space theory, and in our setting of splitting geometry they
correspond to X = SNS = H-(w) N HT(@). In the same way, X = ES S yields
H(K) = Im Hg, where Hg : H} — H? is the Hankel operator f — PHE) fK.
Now, the range of a Hankel operator is finite-dimensional if and only if its symbol
is rational [35, Theorem 3-8, p. 256]. Hence, H(K) is finite-dimensional if and
only if K is rational. It remains to prove that dim X = deg K. To this end, sup-
pose that dimX = n < co. Then the Markovian representation (H, U, X) has an
n-dimensional forward system (8.3.4) and and an n-dimensional backward system
(8.3.11) (Theorem 8.3.1), since (H,U,X) is proper, (A4, B) and (A’, B) are both
reachable (Theorem 8.4.8). Then, it is shown in Section 6.4 that the structural
function K is given by (6.4.11); i.e.,

K(z)=DB'(zI —A)™'B+V. (9.1.35)

Since (B, A) is observable and (A, B) is reachable, (9.1.35) is a minimal realization,
and hence deg K = n, as claimed. [

We shall refer to H(K) as the coinvariant subspace of H} corresponding to
the inner function K.
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Corollary 9.1.6. If the inner function K is given by (9.1.35), then the rows of
z(2I — A)™'B form a basis in H(K), and the rows of (z~'I — A")~'B form a basis

Proof. This follows immediately from the fact that Jy ((21 — A)~'B) = x(0),
which is a basis in X by construction. The rest follows by symmetry.
Alternatively, a direct Hardy-space proof can be obtained by using (6.4.15),
by which
d(I—-Az"Y)"'B=dP(z"'T-A)'BK(z)

for all @ € R™. Here the left member belongs to Hg and the right member belong
to zHiK. Thus they belong to H(K) by (9.1.33). Since (A, B) is reachable, the
n rows of z(zI — A)~!B are linearly independent and hence form a basis in the
n-dimensional space H(K) = 2J,'X. O

9.2 Minimality of Markovian representations

The interplay between the past and the future of a purely nondeterministic process
{y(t) }+ez with a full-rank spectral density can be described by the “all-pass filter”

: : w— - W+ . .
innovation process — — backward innovation process

transforming the forward innovation process w_ to the backward one w,. The
transfer function

O =W 'W_ (9.2.1)

is called the phase function.

Remark 9.2.1. Note that the factor z in the definition of the phase function
O is due to the lack of symmetry in the definition of the past and future spaces,
H~ and H™T, respectively. With a symmetric definition, as for models without
observation noise (Section 9.4), and in the continuous-time case (Section 10.2), the
phase function will be © := W;lw,; see, (9.4.6) and (10.2.35), respectively.

Lemma 9.2.2. Let © be given by (9.2.1). Then

w4 (t) :/ etV duw_.

—T

Proof. This is an immediate consequence of the fact that
dj =W_dw_ = Wydi,,

from which it follows that dw, = 2~'Odw_. 0O
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If (H, U, X) is a proper Markovian representation with inner triplet (K, Q.Q)
and generating functions (w,w), then, in view of (9.1.16) and (9.1.17),

2710 = QKQ*, (9.2.2)
or, in block-diagram form
(o= [F]=[a]=

The Markovian representation is minimal if and only if there are no cancellations
in this factorization, as can be seen from Theorem 7.4.10 and the following result.

Theorem 9.2.3. Let (H,U,X) is a proper Markovian representation with inner
triplet (K, Q.Q). Then X is constructible if and only if K and Q are right coprime,
i.e. they have no nontrivial common right inner factor, and X is observable if and
only if K* and Q are right coprime, i.e. they have no nontrivial common right
conjugate inner factor.

Proof. By Theorem 7.4.9, X is constructible if and only if S = H~ Vv S+, i.e.
H (w) =H (w-)VH™ (@), which under the isomorphism zJ,, takes the form

H? = (H}Q)V (H.K) (9.2.3)

For (9.2.3) to hold, @ and K must clearly be right coprime. Conversely, suppose
that @ and K are right coprime, and consider the right member of (9.2.3). Clearly
it is a full-range invariant subspace of H7, because H}K is, and therefore, by the
Beurling-Lax Theorem (Theorem 4.6.4), it has the form H}%J where J is inner.
But then J must be a common right inner factor of @ and K, and hence J = I,
concluding the proof of the constructibility criterion. A symmetric argument proves
the observability part. 0O

In particular, the predictor space X_ has the inner triplet (K_, I, Q_), where
K_ and Q* are left coprime and can be determined from

Q_K_=:"'®e (9.2.4)

by coprime factorization. Likewise, X has the inner triplet (K4, Q4+, ), where
K, and @4 are right coprime and can be determined from

K Q% =z"'e. (9.2.5)

Theorem 9.2.3 allows us to interpret minimality in terms of the factorization
(9.2.2) of 271O©. In fact, by Theorem 7.4.10, X is minimal if and only if this
factorization is reduced as far as possible in the sense that no further cancellations
are possible. The reduction procedure of Theorem 7.4.3 could be interpreted in
terms of such cancellations.
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9.2. Minimality of Markovian representations 247

Corollary 9.2.4. Let (H,U,X) be an observable proper Markovian representation
with analytic spectral factor W. Then its Markovian triplet (W, W, K) is tight and
W and K are the unique (modO) coprime factors of

W=WK (9.2.6)

such that W is mxp coanalytic and K is pxp inner. Similarly, if X is constructible
with coanalytic spectral factor W, its Markovian triplet (W, W K) is tight, and W
and K* are the unique (modQO) coprime factors of

W =WK*. (9.2.7)

Conversely, (H, U, X) is observable if the factorization (9.2.6) is coprime and con-
structible if (9.2.7) is coprime.

The relations (9.2.6) and (9.2.7) are known as the Douglas-Shapiro-Shields
factorization [25].

Strictly noncyclic processes and properness

To be able to apply these results we need criteria for determining when Markovian
representations are proper. To this end, first recall from Chapters 6 and 7 that the
interface between the past and the future of a stationary vector process {y(t)}tez
can be characterized by the Hankel operators

H=FE" |g- and H* =E¥ |g.. (9.2.8)
Definition 9.2.5. The process {y(¢)}iez is strictly noncyclic if

0 )
\/ U'kerH=H and \/U'kerH* =H; (9.2.9)

t=—o00 t=0
i.e., both ker H and ker H* have full range.
Since ker H = N1 and ker H* = N, where
N :=H NnH"N" and NT:=H'"nH" )", (9.2.10)

and since H” ~ ((N1)+, (N7)1), we have the following alternative characterization
of noncyclicity.

Proposition 9.2.6. A process {y(t) ez is strictly noncyclic if and only if both
N* and N~, defined by (9.2.10), have full range; i.e., if and only if the frame space
H" is proper.

Lemma 9.2.7. Suppose that {y(t)}iez is purely nondeterministic and full-rank.
Then ker H is full range if and only if ker H* is full range.
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Proof. By Proposition 4.5.11, y is reversible and hence purely nondeterministic in
both directions. A simple calculation based on Lemma 9.2.2 shows that, under the
isomorphism J,,_ 27!, 3H{* corresponds to

He := P2 Mo 52,

P
where PH7 is the orthogonal projection onto Hg. The operator Hg is called the
Hankel operator with symbol ©. In the same way, it is seen that H corresponds,

under the isomorphism Jgz, , to

72
PHPM@*

2
Hpa

which in turn is isomorphic to Hgs under conjugation. However, by Corollary 3-6(c)
in [35, p. 256], Ho: has a full range kernel if and only if Hg does, and hence the
lemma follows. 0O

Remark 9.2.8. For later reference, we observe from the proof of Lemma 9.2.7, that
the phase function © and its adjoint ©* are the symbols of the Hankel operators
Ho and Hg~, which, in turn, are isomorphic to H* and H, respectively. This fact
holds also for the symmetric cases in Sections 9.4 and 10.2 with the definitions of
O given there; see Remark 9.2.1.

We say that © is a strictly noncyclic function if the conditions of Lemma 9.2.7
are satisfied [35].
Then the following proposition is immediate.

Proposition 9.2.9. A process {y(t)}+ez with a full-rank spectral density is strictly
noncyclic if and only if it is purely nondeterministic and either N~ or N7T is full
range in H.

Corollary 9.2.10. A process {y(t)}rez with a full-rank spectral density is strictly
noncyclic if and only if it is purely nondeterministic and any of the Markovian
splitting subspaces X_ and X4 1is proper.

Proof. Since X_ ~ (H™,(N7)%) and X, ~ ((N*)L HY), the lemma follows
from Proposition 9.2.9. 0O

Proposition 9.2.11. Let {y(t)}icz be purely nondeterminisitic with a full rank
spectral density and phase function © = zWJ:lw,. Then y is strictly noncyclic if
and only if one of the following equivalent conditions hold:

(i) There are square inner functions J; and Jo such that

27O = J1J;. (9.2.11)
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(ii) There are square inner functions Js and Jy such that

27O = Ji . (9.2.12)

Proof. 1f y is strictly noncyclic, X_ is proper (Corollary 9.2.10). Hence X_ has
an inner triplet (K_,I,Q_), Therefore (9.2.2) yields 2~'© = Q_ K _, which has the
form (9.2.11), as claimed. Conversely, suppose that condition (i) holds. Then W :=
W_Js is an analytic spectral factor. Define the corresponding white noise process
via div = W~1dj. Then di_ = Jod, and hence H(w) = H. Moreover, using
the notation (9.1.6), J,'J,, = M,,. Since Jo is inner, 2 1H2.Jo, C 2 1H2; i.e.,
9519, 2" H2, C z~'H2,, which is equivalent to H™ :=J,, 2 'H2 C Jyz 'H2 =:
H~ (w). Therefore, H*(w) C (H™)t. Likewise, in view of (9.2.11), d = J;divy;
ie, J51 95 = My:. Since J; is conjugate inner, H2, J; C H2; ie., I, 95 H2 C HZ,,
from which we have HY (w) = J4,H2 C Ju, H2, = HT. Consequently, H (w) C
H* N (H")! = N*. However, H (w) is full range, and therefore so is N*. By a
symmetric argument involving X, and the coanalytic spectral factor W := W, J3,
we show that y being strictly noncyclic is equivalent to (ii). O

We are now in a position to formulate the following main result.

Theorem 9.2.12. The process {y(t)}iez is strictly noncyclic if and only if all
minimal Markovian representations are proper.

In view of Corollary 7.4.14, Theorem 9.2.12 is a corollary of the following more
general result.

Theorem 9.2.13. Let {y(t)}+ez be strictly noncyclic, and let (H, U, X) be a Marko-
vian representation with X ~ (S, S) having remote past S_o and remote future S .

Then S_oo =0 if X LNT and Soo =0 if X L N~

Proof. Since y is strictly noncyclic, both N~ and N7 are full range (Proposi-
tion 9.2.6). Set S; := (N*)1, where orthogonal complement is with respect to the
ambient space H. If X L N*, we have X C S, @ H*, the right side of which
contains H™ and is invariant under the backward shift U~!. Consequently, we have
S c S, @H?' so that

S_CcU'ScU'S.aH - H' ast— —o.
In fact, since N7 is full range, U*S, — 0 as t — —oo. Hence, since S_,, C S,
S o CSNH'CcSNH), (9.2.13)

where we have also used the fact that H- C (H*)*. In the same way we deduce
from X L N7, S, € S and H+ C (H™)* that

S CSNH* cSn(H)™. (9.2.14)
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250 Chapter 9. Proper Markovian Representations in Hardy Space

Now, suppose that, in addition to being orthogonal to NT, X is also observable
so that St = SN (H*)L (Theorem 8.1.1). Then (9.2.13) implies that S_., C S+,
and hence

S w=U'S_ CUSt* >0 ast— —oo.

In fact, by Theorem 8.1.3, S* = H~(w). Consequently, S_,, = 0. By a symmetric
argument, we see that X | N~ and constructibility imply that So, = 0.

However, observability and constuctibility are not needed, as can be seen by
applying Theorem 7.4.3. In fact, if X 1 N7, but X is not constructible, define

S; := H™ vV S*. Then, by Corollary 7.4.4, X; ~ (S1,S) is a Markovian splitting
subspace. Moreover, by (9.2.14), we have

Seo =U'Se CUYSN(HT )] =U'ST -0 ast — oo,

since S = H*(w;), where w; is the forward generating process of X; (Theo-
rem 8.1.3). Therefore Soc = 0 if X L N~. A symmetric argument shows that
observability is not needed, and X L. N implies that S_oo =0. O

The structural functions of minimal Markovian representations

The structural functions of two minimal proper Markovian splitting subspaces may
be quite different (in the multivariate case). In fact, they may not even take values
in the same space, being matrices of different sizes. If they are finite dimensional,
they have the same degree (Theorems 9.1.5 and 7.6.1). In the general case, there
are still some important invariants, namely the nontrivial invariant factors. Recall
that the invariant factors of a p x p inner function K are p scalar inner functions
k1, ko, ... ky defined in the following way. Set 79 = 1, and, for ¢ = 1,2,...,p define
v; to be the greatest common inner divisor of all ¢ X ¢ minors of K. Then set
ki :=;/vi—1 for i = 1,2,...,p. Clearly, these functions are inner, for v;_; divides
Yi-

Theorem 9.2.14. Suppose that {y(t)}iez is strictly noncyclic. Then all internal
minimal Markovian splitting subspaces have the same invariant factors; let us denote
them

ki,ko, ks, ... k. (9.2.15)

Moreover, a Markovian splitting subspace of multiplicity p is minimal if and only if
m invariant factors are given by (10.2.24) and the remaining p — m are identically
one.

Proof. Let X be an arbitrary minimal Markovian splitting subspace with struc-
tural function K and multiplicity p. Since X is proper (Theorem 9.2.12), it has
generating processes (w,w). Let K4 denote the structural function of X4, which
of course has multiplicity m, being internal. By Corollaries 7.4.14 and 7.6.6, we
have U(X)0* = 0*U(X,), where O* is a quasi-invertible transformation. Now,
U(X)Jw = 30 Se(K), where S;(K) is the shift e in H2 compressed to H(K), and
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9.2. Minimality of Markovian representations 251

therefore Uy(X) is similar to S¢(K). Similarly, Uy(X) is similar to S¢(K), but it
is a simple calculation to see that it is also similar to

. [ K. 0
K+_[ 0 Ipm} (9.2.16)

where Ij, is the k x k identity. Then the inner functions K + and K have the same size,
pxp, and there is a quasi-invertible transformation T such that Sy (K} )T = T'S;(K).
Therefore, we can apply Theorem 4 in [98] to see that K, and K are quasi-
equivalent, which is equivalent to having the same invariant factors [35]. Conversely,
we want to show that any X ~ (S, S) whose structural function is quasi-equivalent
to K+ is minimal. To this end, apply the two-step reduction algorithm of The-
orem 7.4.3 to X. First consider the Markovian splitting subspace Xo ~ (S,S;)
obtained after the first step. Then Xy C X, and hence, since they have the same S-
space, H(Ky) C H(K), where K is the structural function of Xy (Theorem 9.1.5).
Therefore HI?K C HI?KO so there must be an inner function J such that K = JKj.
Next, consider X; ~ (Sy, Sl) with structural function K7, obtained in the second
step. Then X; is minimal and X; C X, and therefore H(K;) C H(K{), for Xg
and X; have the same S-space. Consequently, }_II?KS C HgKf, and hence there is
a conjugate inner function J such that K§ = JK},ie. Ko= K;J*. Combining
the two factorizations we obtain

K =JK,J* (9.2.17)
where both J and J* are inner. In particular,
det K = detJ - det Ky - det J*

i.e. a product of scalar inner functions. However, X; is minimal and hence, by the
first part of the proof, K7 has the same invariant factors as K +, and, by assumption,
as K. Therefore, det K = det K1, and consequently, det.J = det J* = 1, which
implies that J = J* = I. This implies that X; = Xy = X, proving that X is
minimal. 0

Corollary 9.2.15. If {y(t)}iez is a scalar, strictly noncyclic process, all internal
minimal Markovian splitting subspaces have the same structural function.

We are also in a position to state a result that strengthens the state-space
isomorphism result of Section 8.7.

Corollary 9.2.16. Let X1 and Xg be two minimal Markovian splitting subspaces.
Then Us(X1) and Us(Xz2) are quasi-similar; i.e., there are quasi-invertible (injective
with dense range) linear operators P : X1 — Xo and R : Xo — Xy such that

PU(Xy) = U(X3)P
U(X1)R = RU(Xy).
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In the finite-dimensional case, they are similar.

Example 9.2.17. Consider a purely nondeterministic process y with the spectral
density of Example 6.8.5. Clearly the two internal minimal Markovian splitting
subspaces X_ and X have the same structural function

1-1z
K_(2)=Ki(z) = z—2l .
2

The noninternal minimal Markovian representation corresponding to the analytic

spectral factor
2 1
V3 L
Wi(z) = —,
- (z%Wﬁ )

has the structural function

g [\/§(32z) V62 }
-6 V3(3z — 2)

This follows from (6.4.11) after determining

V[_lé*/g %\ﬂ and B=[1/2 —v/2/4]

from (6.4.3), where the signs in the factorizations are chosen to conform with
(6.4.8a). The structural function K has invariant factors

11z

klil, kQZthK: 21
z— =

2

in harmony with Theorem 9.2.14.

Example 9.2.18. Suppose y is a purely nondeterministic vector process with
spectral density

1 ) _—2) ;
+ G-HET-) T

1—12-1 1-1)1-3271)

D(z) =

-HE-HE-HET-1) 1 ]

Then, uniquely defined modulo a right orthogonal transformations,

(3 [C YR
W-<z>=l L ]
1

is the outer spectral factor, and

B e s s e v S LA
W+(Z) — 17(175_2)’2(1722) 17(17322(1712)
17(1—%2) 17(1—%2)
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is the conjugate outer spectral factor, and consequently the phase function (9.2.1)
is given by

. A-DE-H0-22)  1-1:

_ 2 | z20-120-12(E=-2) p

@ N 17 (Ziﬁ)(zf%g(lfgzg 42(17%2,)
(1—%zﬂ1—%zxz_%) z—%

Now, the coprime factorization Q_K_ = 21O, prescribed by (9.2.4), yields

aG=D-1)
5 (- L |Tmaty T
@-(2) =7 | 221

| T—L2)(1-12) 4z
and )
1—§z
0
K_(z)= "3 L
0

_1
1

and therefore the coanalytic spectral factor of the predictor space X_ is given by

) o (==1) =t
Wo(z) = WyQ-(s) = | 1737
1-1z

Likewise, the coprime factorization (9.2.5); i.e., K1 Q% = 27'0, yields

S DREEE D)

3 — 2(z—2 z(z—1

Ki(2) = Wi(2) " Wa) = = | 1550 5540
- _2 - _1
z—3 z—g

3

and
(1-1z)(1-12) 1
l b)

Q(2) = W(2) Wi (z) = [ =D

and hence we obtain the analytic spectral factor
(1—%zﬂ1—%z)

Wi (z):=W_(2)Q4(2) = [ Z(zag L]

of the backward predictor space X,;. As prescribed by Theorem 9.2.14, the struc-
tural functions K_ and K, have the same invariant factors, namely k; = 1 and

which is the determinant det K. We shall return to this example in Section 9.3.
In Chapter 10, we consider an example with nontrivial invariant factor k; (Exam-
ple 10.2.11) in the continuous-time setting.
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A geometric conditions for minimality

We have the following modification of Theorem 7.6.4 in Chapter 7, where, instead
of having a closed range, H now has a full-range kernel.

Theorem 9.2.19. Let y be strictly noncyclic. Then, for any Markovian represen-
tation (H, U, X), the following conditions are equivalent.

(i) X is minimal
(i) X is observable and X 1. N

(iil) X is constructible and X L N~

Proof. 1t follows from Corollary 7.4.14 that each of conditions (ii) and (iii) implies
(i). Therefore it remains to show that (ii) or (iii) implies (i). Suppose that (ii) holds.
Then, by Corollary 7.6.6, U(X)O0* = O*U(X_.), where O* is quasi-invertible. Now,
since X is observable X 1 N~ (Corollary 7.4.14), which together with X L NT
implies that X is proper (Theorem 9.2.13). Hence, as in the proof of Theorem 9.2.14,

there is a quasi-invertible transformation 7', such that
Sy (K )T = TSy(K).

Proceeding as in the proof of Theorem 9.2.14, we see that K and K + have the same
invariant factors and hence that X is minimal. A symmetric argument shows that
(iil) implies (i) also. 0O

Theorem 9.2.3 provides a Hardy space characterization of observability and
constructibibility. In view of Theorem 9.2.19, it would be desirable to also charac-
terize the conditions X L NT and X L N~ in terms of inner functions.

Proposition 9.2.20. Let (H,U,X) be a proper Markovian representation with
inner triplet (I{, Q,Q). Then X L NT if and only if Q*Q, is analytic, and X 1. N~
if and only if Q*Q_ is coanalytic.

Proof. If X ~ (S,S), then X L N7 if and only if S L N7; i.e., NT C S*, or,
equivalently
H (wy) c HY (w). (9.2.18)

However, dj = W_Qdw = W_Qdw,, we have divy = Q% Qdw. Consequently,
(9.2.18) is equivalent to H2Q*%Q C H? under the isomorphism Jy, which hold if
and only if Q% Q is coanalytic; i.e., if and only if Q*Q 4 is analytic. A symmetric
argument proves the second statement. 0O

Corollary 9.2.21. Let (H,U,X) be a finite-dimensional proper Markovian rep-
resentation. Then the analytic spectral factor W of X is minimal in the sense of
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9.3. Degeneracy 255

Definition 6.8.8 if and only if X L NT, and the coanalytic spectral factor W is
minimal if and only if X L N—.

Proof. Suppose that J := Q*Q4 is analytic. Since therefore J* is coanalytic and
W = W, J* is analytic, all poles of J* must be cancelled by zeros of W,. Hence
degW < degW,. But W, is minimal, and hence so is W. Conversely, suppose
that deg W = deg W,.. Then J* must be coanalytic. Indeed, if J* had some pole in
the complement of the closed unit disc, then they would have to cancel some zero
of W, for W = W, J* to be analytic. However, W, being maximum-phase, has
all its zeros in the open unit disc. Hence J must be analytic. Consequently, the
corollary follows from Proposition 9.2.20. O

This result provides a natural infinite-dimensional generalization of minimality
of spectral factors.

Definition 9.2.22. An analytic spectral factor of a strictly noncyclic process is
minimal if its inner factor @ has the property that Q*Q 4 is analytic. Likewise,
a coanalytic spectral factor is minimal if its inner factor Q has the property that
Q*Q_ is coanalytic.

We can now state the following corollary of Theorem 9.1.4, which of course
has a symmetric “backward” counterpart.

Corollary 9.2.23. Let y be strictly noncyclic. Then there is a one-one corre-
spondence (mod Q) between minimal Markovian representations (H, U, X) and pairs
(W, z) where W is a minimal spectral factor and z is a stationary process with the
properties prescribed in Theorem 9.1.4.

Proof. By Theorem 9.2.19, X is minimal if and only if X is observable and S L N+,
i.e. W is minimal. From the observability condition S = H* v S+ (Theorem 7.4.9)
we see that W is determined once W has been chosen (Corollary 9.2.4). O

In particular, if W and W are square, W is minimal if and only if Q is a left
inner divisor of @, and W is minimal if and only if @ is a left inner divisor of Q_.

Consequently, we have a procedure for determining the inner triplets (K, Q, Q)
of all minimal Markovian representation: First choose @ so that Q*Q 4 is analytic.
Then form T := 2~'0Q, and determine Q and K as the coprime factors in

QK =T. (9.2.19)

9.3 Degeneracy

A proper Markovian representation (H, U, X) is said to be degenerate if its structural
function is singular at infinity; i.e., if K(co) is singular. Degeneracy is inherent
to the discrete-time setting and, as we shall see in the next chapter, it does not
occur for continuous-time Markovian representations. However, in the discrete-time
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256 Chapter 9. Proper Markovian Representations in Hardy Space

framework, this phenomon occurs in important subclasses of stochastic systems, a
case in point being moving-avarage processes. As a simple example, take the process
y with spectral density ®(2) = 5 + 2(z + z71). It has only two internal minimal
Markovian splitting subspaces, namely X _ corresponding to W_(z) = 271 + 2 and
W_(z) =1+ 2z and X corresponding to Wy (z) = 1+ 2271 and Wy (z) = z + 2.
As prescribed by Corollary 9.2.15, they have the same structural function, namely
K(z) = 271, which equals zero at infinity. Hence they are degenerate.

Proposition 9.3.1. If one minimal Markovian representation is degenerate, then
all are.

Proof. By Theorem 9.2.14, det K is the same for all minimal Markovian represen-
tations, and therefore these are degenerate at the same time. [0

Consequently, degeneracy of minimal Markovian representations is a prop-
erty of the process y. We shall say that y is state-space degenerate if its minimal
Markovian representations are degenerate.

Next we show that (H, U, X) is degenerate if and only if A and A in Theo-
rem 8.7.4 have nontrivial nullspaces. For nondegenerate (H,U,X), A and A are
quasi-invertible, or, in the finite-dimensional case, invertible.

Proposition 9.3.2. A proper Markovian representation (H, U, X) is degenerate if
and only if ker U(X) # 0, or, equivalently, ker U(X)* # 0.

Since, in view of Lemma 8.8.3,
kerU(X) =X N (U*W) (9.3.1a)

ker U(X)* = X N'W, (9.3.1Db)

Proposition 9.3.2 implies that a degenerate X contains some linear combination of
the components of w(—1) and of w(0). In particular, some linear functional of the
state process z(t) is white noise. This can also be seen from (8.7.14) by taking
f € ker A* and forming

<fa ,T(t + 1)>3C = (fa B’LU(t»x,

which is white noise, and analogously for f € ker A and (8.7.24). B

Proposition 9.3.2 follows immediately by taking (W7,Ws) = (W, W) and
(w1,wz) = (w,w) in the following lemma, which is a variation of [?, Theorem
13).

Lemma 9.3.3. Let W1 and Wy be two spectral factors, of dimensions m X p1 and
m X pa, respectively, and let wy and wo be vector Wiener processes, of dimensions
p1 and ps2, such that

y(t):/ W () duiy :/ e Wy (") dis. (9.3.2)

—T —T
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Then, if H™ (we) C H™ (wy), there is a p2 X p1 inner function R such that Wy =
WoR, and

rank R(o0) = p2 — dimker U(Y)", (9.3.3)
where Y := H™ (w1) ©H™ (w2). Similarly, if H* (w1) C HT (wa), there is a p1 X pa
conjugate inner function R such that Wy = W1 R, and

rank R*(00) = p; — dimker U(Y), (9.3.4)
where Y := H (we) © HY (w1). If p1 = pa, both conditions hold, and R = R*.

Proof. Suppose that H™ (w2) C H™ (wy). Then py < p;, and we have U;waZ HEZ -
Hgl. However, J:Ullij is a bounded linear operator that commutes with the shift
21, and therefore it must be a multiplication operator Mg sending f € ng to
fR € H} (Theorem 4.3.3). Hence H2 R C H? . Since H™ (wy) is invariant under
the shift U ', the subspace H}, R is invariant under z~', and therefore R must be
inner (Theorem 4.6.4). In view of (9.3.2), we have a’y(0) = Iy, a’ W1 = Jy,a’ W for
any a € R, and hence W7 = W5 R.

Now, taking orthogonal complements in some common ambient space, H™ (w;)
and (H™ (w3))* intersect perpendicularly (Corollary 7.2.5), and hence, in view of
Lemma 8.8.3,

ker U(Y)* = H_(U}l) n WQ,

where Wy := {a’w2(0) | @ € RP2}. Then, for any n € ker U(Y)*, there is a vector
a € RP? such that n = a'w2(0) € H™ (wy); ie., I 0y, a" € z_lHil, or, equivalently,
a/R € z7'H} , which holds if and only if a’R(cc) = 0. Hence (9.3.3) holds.

Next, suppose that HT (w;) C HT(wy). Then p; < pa, and we proceed as
above to see that there is a conjugate inner function R such that H;R C ng and
Wy = W1 R. Moreover, from Lemma 8.8.3 we have that

ker U(Y) = H" (wy) N (U*Wy),

where W1 := {a’w;(0) | a € RP1}. Therefore, for any 7 € ker U(Y), there is an
a € RPr such that n = a’wi(—1) € HY(ws); ie., 'R € zflg, or, equivalently,
a/R* € z7'H}, which is the same as a’R*(c0) = 0. This establishes (9.3.4). The
last statement follows trivially. O

Error-space degeneracy

In Section 8.8 we introduced the error spaces
Z:=SoH =H (w)oH (w_) (9.3.5a)
Z:=SoH"=H"(w)oH (0,) (9.3.5b)

of a proper Markovian splitting subspace X ~ (S,S). Applying Lemma 9.3.3 to
these, we obtain the outer-inner factorizations

W=W_Q and W =W,Q (9.3.6)
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of (9.1.17) and the conditions
rank Q(o0) =p — dimker U(Z), (9.3.7a)

rank Q*(0c0) = p — dimker U(Z)*. (9.3.7b)

In particular, comparing this with Proposition 8.8.2, we have
rank D = rank Q*(cc) and rank D = rank Q(o00), (9.3.8)

which of course could be obtained directly from (9.3.6) by observing that D = W (o)
and D = W*(c0). Indeed,

D=D_Q(x) and D= D;Q*(c0), (9.3.9)
where D_ and D, have full rank; see page 231.

Proposition 9.3.4. Let (H, U, X) be a proper Markovian representation with spec-
tral inner factors Q and Q. Then the standard forward realization (8.7.14) is reqular
if and only if Q*(c0) has full rank, and the standard backward realization (8.7.24)
is regular if and only if Q(c0) has full rank.

We shall say that a Markovian representation (Markovian splitting subspace)
is regular if both the forward and the backward realization is regular, and singular
otherwise.

Proposition 9.3.5. If one minimal Markovian representation is singular, then all
internal minimal Markovian representation are singular.

Proof. For a singular minimal Markovian representation, either DD* or DD* is
singular. First suppose that DD* is singular. Then, by (8.8.4), D, D% is singular,
and hence Q4 (00) is singular. Now, consider an arbitrary internal minimal Marko-
vian representation (H, U, X) with spectral inner factors Q and Q. Then, by (9.2.2)

and (9.2.5), QK*Q = Q4 K, and hence
det Q det K* det Q* = det Q4 det K.
However, by Theorem 9.2.14, det K* = det K}, and therefore
det Q det Q* = det Q,
s0 if Q4 (c0) is singular, then so is either Q(oc0) or Q(00), establishing that (H, U, X)

is singular. By a completely symmetric argument, we can also show that, if DD*
is singular, then all internal minimal Markovian representations are singular. 0O

The word “internal” in Proposition 9.3.5 is essential. In fact, it is easy to
construct a counter example where the internal minimal Markovian representations
are singular and the noninternal ones are all regular: Suppose y has the spectral
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density ®(z) = m Then Q_(2) = Q%.(z) = 271, and hence the only two
internal minimal Markovian splitting subspaces, X_ and X, are both singular.
However, proceeding along the lines of Example 6.8.5, It is not hard to see that all
noninternal minimal Markovian representation are regular.

By Proposition 9.3.5, singularity of minimal Markovian representations is a
property of the process y. We say that y is error-space degenerate if its internal
minimal Markovian representations are singular.

Corollary 9.3.6. A strictly noncyclic process y is error-space degenerate if and
only if Q4 (00) is singular, or, equivalently, Q* (00) is singular.

Then, in view of (9.3.7), we also have the following corollary.

Corollary 9.3.7. A strictly noncyclic process y is error-space degenerate if and
only if ker U(Z4) # 0 is singular, or, equivalently, ker U(Z_)* # 0 is singular.

Degenerate processes
Recall from section 7.4 that

H=N ¢H” ¢ N*t, (9.3.10)

where the frame space H” = X _ VX is the closed linear hull of all internal minimal
splitting subspaces, and N~ := H-N(H")* and N* := HF N (H~)" are subspaces
generally discarded in minimal state-space construction.

Definition 9.3.8. A strictly noncyclic process y is degenerate if its frame space
H" is degenerate.

Since H” ~ ((N*)+,(N7)1), the generating processes of H™ are (w.y,w_).
In particular, since W, C Nt and U*W_ C N~, Proposition 9.3.2 and (9.3.1)
imply that y is degenerate if and only if (UH”) NN+t # 0 and (U*H®) NN~ #0
both hold. Hence degeneracy of y implies that, as H is shifted one step forward
or backward in time, some elements of the “discarded” spaces N~ and Nt become
part of the new frame space.

Theorem 9.3.9. A strictly noncyclic process y is degenerate if and only if it
is either state-space degenerate or error-space degenerate or both, If y is scalar
(m = 1), both cannot happen at the same time.

Proof. The frame space H" is proper (Corollary 9.2.10), and its structural function
is given by - -

Ko=W>'W, =W 'W_.W_'W, = K,Q,.
Therefore y is degenerate if and only either det K (c0) = 0 or det @4 (c0) = 0 or

both conditions hold. However, det K (c0) is the same for all minimal Markovian
representations (Theorem 9.2.14), and hence det K (o0) = 0 if and only if y is
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state-space degenerate. Moreover, det Q4 (o0) = 0 if and only if y is error-space
degenerate (Corollary 9.3.6). This establishes the first statement.

To prove the second statement, note that, by Proposition 9.3.2 and (9.3.1a),
1y is state-space degenerate if and only if

Moreover, by Corollary 9.3.7 and (8.8.7a), y is error-space degenerate if and only if

However, dim U*W = m = 1, and hence (9.3.11) yields UW C X and (9.3.12)
yields UW  C Z,. Hence X1 NZy # 0. However this contradicts the constructibil-
ity of X4 (Proposition 8.8.1), and hence the second statement holds. O

We can illustrate Theorem 9.3.9 by means of the forward stochastic realization
of the frame space HY. To this end, first establish some direct-sum decompositions
of H".

Proposition 9.3.10. Let Z be the forward error space of the backward predictor
space X4 and Z_ be the backward error space of the forward predictor space X_.
Then the frame space has the orthogonal decompositions

H =X _¢Z, =X,87Z_ (9.3.13)
and the direct-sum decompositions

H° =X, +Z, =X_+7Z_. (9.3.14)

Proof. By Lemma 2.2.6, H~ = X_ & N~. Moreover, Z; = (N*)- & H~. Hence,
H=N ¢&X_®Z, &NT,

which compared with (9.3.10) yields the first of equations (9.3.13). The second of
equations (9.3.13) is derived by a symmetric argument. Since X_ is observable,
Z_NX_ =0 (Proposition 8.8.1). Taking the orthogonal complement of this in H"
and using (9.3.13), we obtain H” = X, V Z,, which must be a direct sum, since
X is constructible, and thus X_ NZ_ = 0 (Proposition 8.8.1). This establishes
the first of decompositions (9.3.14). The proof of the second is analogous. 0O

The frame space H has generating processes (w,w_). In particular, it has
the same forward generating process as X, and as Z, := (N*)L n (H")%, and
therefore (9.3.14) yields the forward state equation of HY,

Bigim - H)Jr 1~9+] [Z((fﬂ + [gj w+ (1), (9.3.15)

by amending the system (8.8.2) corresponding to Z to the state equation of (8.7.14)
corresponding to X ;. Likewise, H” has the same backward generating process as
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X_and as Z_ := (N7)- N (HT)L. Hence the second decomposition (9.3.14) yields
backward state equation of H",

T_(t—1) A 0| [z-(D) B_| _
o] e e R P RO (93.16)
Consequently, for HY, and hence for y, to be degenerate, either ker A, # 0 or
ker F'y # 0 or both, which is in harmony with Theorem 9.3.9. In fact, A4 is similar
to U(X4)*, and F, is similar to U(Z)*, and therefore ker A, # 0 if and only if
K (00) is singular, and ker Fy # 0 if and only if Q4 (c0) is singular (Lemma 9.3.3),
and thus the first statement of Theorem 9.3.9 follows (Corollary 9.3.6). The same
conclusion can be drawn from (9.3.16).
Degeneracy can also be described in terms of the behavior of the spectral

density at zero and infinity. For simplicity, we shall only consider the rational case,
and denote by ®~1(2) the inverse of ®(z) in the field of rational functions.

Theorem 9.3.11. Suppose that y has a rational, m x m, full-rank spectral density
®. (i) If there is a nonzero a € R™ such that ®(co)a = 0, then y is error-space
degenerate. If y is not state-space degenerate, then this condition is also necessary.
(i) If there is a nonzero a € R™ such that ’®~1(0) = 0, then y is state-space
degenerate. If y is not error-space degenerate, then this condition is also mecessary.
In particular, if y is scalar, y is error-space degenerate if and only if ®(c0) =0
and state-space degenerate if and only if ®=1(0) = 0.

Proof. (i) Since ®(z) = Wi (2)W4(271) and Wi (2) = W_(2)Q+(z), we have
W_(2)Q4(z) = ®(2)W; ' (27!). Now, Wy has all its zeros outside the unit disc
(Corollary 6.7.4), and hence W;*(0)" is well-defined. Hence

D_Q(00) = WH(0) ®(c0),

where W_(o0) = D_ is nonsingular (see page 231), and consequently, if there is
a nonzero a € R™ such that ®(co)a = 0, then Q4 (oc0) is singular; i.e., y is error-
space degenerate (Corollary 9.3.6). The converse holds if W;l(O) is nonsingular;
that is, if W has no pole at z = 0. But this happens exactly when ker A = 0 or,
equivalently, ker U(X) = 0; i.e., when y is not state-space degenerate.

(ii) Since ®(271) = ®(2) = W_(2)W_(2~1)’, we have
K (2) =W ' )W_(2) =W_(z"Y e 1z W_(2).

However, W_ has no poles in the unit disc, and hence W_(0) is well-defined, so we
can form

K_(c0)D~' = W_(0)'®~1(0),

which singular if there is a nonzero a € R™ such that a'®~(0) = 0. However,
K_(00) is singular precisely when y is state-space degenerate. The converse would
also hold if we could show that W_(0) is nonsingular. However, in view of (9.3.9),
W_(0) = D+Q_(0), where D, is nonsingular (see page 231), and hence the converse
holds if y is not error-space degenerate (Corollary 9.3.6).
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Finally, by Theorem 9.3.9, a scalar y cannot be state-space degenerate and
error-space degenerate at the same time. Hence the last statement follows. 0O

Some examples

To illustrate the results of this section, we provide two examples taken from [75].

Example 9.3.12. Consider a scalar process y with the rational spectral density

It is not hard see that the predictor space X_ corresponds to the pair of spectral
factors

In fact, W_ has all its poles and zeros in the open unit disc, and D_ = W(o0) # 0.
Moreover,

K(2):=W_(2)"'W_(2) =

is inner and coprime with both Q_ = I and

ensuring minimality (Theorem 9.2.3). Since y is scalar, all internal minimal Marko-
vian representations have the same structural function K (Corollary 9.2.15). Simi-
larly, the backward predictor space X corresponds to the spectral factors

because W, has all its poles and zeros in the complement of the closed unit disc
and Dy = W (0) # 0, and W{'W, = K.

Next, let us determine all internal minimal Markovian splitting subspaces. To
this end, set 1(2) := (2 — $)*(z — 5)? in terms of which K = 1/1, and note that,
by Corollary 9.1.6,

H(K) = {zi | degp < 4}.

Therefore, by Theorem 9.1.5, if X is an internal minimal Markovian splitting sub-
space with corresponding analytic spectral factor W = 7 /1), then

X=[ z'HEK)W ldj= /

—T

{2 degp <4} dy;
T

—T
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i.e., X is uniquely determined by the numerator polynomial 7= and the degi. In

particular, 7_(z) = 22(,27%)(,27%), and consequently, by partial fraction expansion,

X_ is spanned by [z7'dg, [272dj, [(z — 3)7'dy, and [(z — 1)~ 'dj, and hence
X_ =span{y(-1),y(-2),27, 25 },
where z] = Z,;:lfoo(Q/S)_k_ly(kz) and x5 = 2,221700(1/4)_k_1y(l<:). Likewise,

X+ = Span {y(O), y(l)v xir, IL';F},

where z = Y ;7,(2/3)ky(k) and x5 = > ;2 ,(1/4)Fy(k). Therefore the frame
space, the closed linear hull of all minimal Markovian splitting subspaces, is the
eight-dimensional space

H" = span {y(-1),y(=2),y(0),y(1),zy , 25 , 27, 23 },
and each 7 of degree at most four satisfying
n(2)m(z7Y) =7 (2)m_(z71), (9.3.17)
corresponds to a minimal Markovian splitting subspace with spectral factors
(W W) = (z/¢, 7/v),

and we list them together with the corresponding .

X_ = span {y(~1), y(~2). 27,23 }, r ()= - 2z - )
X = span {y(0), y(~1), 27,3 }, ma(z) = 2z~ 2)(z - 7)
X5 = span {y(1), y(0), o7, 7 }, ms(z) = (= — 2)(z — 7)
X4 = span {y(—1), y(=2), 27,23}, ma(z) = (s~ 2)(1 - 32)
X5 = span {y(0), y(~1), 27,27 }, ms(z) = 2(z ~ 2)(1 - 12)
X = span {y(1),5(0), #7 . 7 }, mo(z) = (= — 2)(1 - 72)
X+ = span {y(~1), y(~2), a7, o5 }. ne(z) = (1 - 22)(z ~ )
X = span{y(0), y(~1),a7, 3 }, ms(z) = 2(1 = 22)(z -~ 7)
Xo = span {y(1),y(0), af 5 }, mo(z) = (1 - 32)(= — 7)
X = span {y(~1),y(~2). af x5 }. me(z) = (1 - 32)(z — )
X = span{y(0), y(~1),a7 .3 }, ms(z) = 2(1 = 22)(z ~ 7)
Xq = span {y(1).y(0), 7,23 }, mo(z) = (1 - 22)( — )
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2
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XlO = Spall {y(_l)ay(_2)a$i’_a$3—}7 77.10(2) = 22(1 - _Z)(l - _Z)Xll = Spall {y(0)7y(_1)7l’—1‘_7x;—}5 7

3 4

We note that eight of these minimal Markovian splitting subspaces contain y(0),
indicating degeneracy. In fact, since Q* (00) = 0, y is error-space degenerate (Corol-
lary 9.3.6). This also follows from Theorem 9.3.11 by observing that ®(co) = 0. On
the other hand, as expected (Theorem 9.3.9), y is not state-space degenerate, since
K(00) =1/36 # 0. We return to this example in Section 9.4.

Example 9.3.13. Let us return to Example 9.2.18, which demonstrates that a
process y can be both state-space degenerate and error-space degenerate. In fact,
since kg(oc0) = 0, K(00) is singular for all minimal Markovian splittting subspaces,
and hence y is state-space degenerate. Moreover,

_|1/6 0
Q+(OO) - |: 0 0:| )
so y is also error-space degenerate (Corollary 9.3.6).

9.4 Models without observation noise

Let us now return to the framework of Section 8.9 with ¢ = 0 contained in both the
past and the future. More precisely, consider proper Markovian splitting subspaces
X ~ (S, S) with respect to

H- =span{d'y(t) |t < 0;a € R™} (9.4.1)
H* =span{d’y(t) | t > 0;a € R™} o
with generating processes (w, @) such that
S =H (w) :=span{a’w(t) | t <0;a € RP} (9.4.2)
S = H*(w) :=span{a’w(t) | t > 0;a € RP} o

In this setting, -
X=8cSt=H (w)S[UH (0)],

that is, applying the isomorpisms (9.1.6),
-1 2 —lyyx 2 2 —1q-1 2
I X=H,0[0, Uls;H,]=H, o273, J;H,].
In the same way as in Section 9.1, we can show that there is a p X p inner function

K such that
2711, = Mk, (9.4.3)

and hence
1,'X = H(K):=H}© H.K. (9.4.4)

Next, introduce the pair (W, W) of spectral factors corresponding to X via
(9.1.13). Then, for all a € R™,

dW =39,'a'y(0) =9,'7:a'W = 2d WK,
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and therefore -
W = :WK. (9.4.5)

Together with the spectral inner factors defined by (9.1.17), the structural
function K defines an inner triplet (K, @, Q), where only K has been altered. Re-
placing the phase function (9.2.1) by

=W 'W_, (9.4.6)

the factorization (9.2.2) remains valid. Accordingly, a straightforward modification
of Theorems 9.1.5 and 9.2.3 then yields the following theorem.

Theorem 9.4.1. Given the framework (9.4.1), let (H, U, X) be a proper Markovian
representation with inner triplet (K, Q.Q) and generating processes (w,w). Then,

X = H(K)dw = H(K*)dw, (9.4.7)
and X is finite dimensional if and only if K is rational, in which case dim X equals
the McMillan degree of K. Moreover, X is constructible if and only if K and Q) are
right coprime and observable if and only if K* and Q) are right coprime. Finally,
the pair (W, W) of spectral factors corresponding to X satisfies (9.4.5).

The other Hardy space results of this chapter remain valid for this setting
with obvious modifications.

To illustrate the theory of modeling without observation noise, as developed
in this section and in Section 8.9, we revisit some previous examples.

Example 9.4.2. Consider a process y with the spectral density analyzed in Exam-
ples 6.8.5 and 9.2.17. Clearly, the backward predictor space X (in the traditional
setting) has the standard forward realization

wi(t+1) = 524 (t) + Jwi(t)
y(t) = 4 (t) + gw(t),
and Q4(z) = (1+ $2)/(z — ). Since D = 1, the forward realization is regular.
Moreover, since Q+(0) = % = 0, the standard backward realization is regular; i.e.,
D # 0 (Proposition 9.3.4). Consequently, by Corollary 8.9.3, X := X; & W is
a minimal Markovian splitting subspace in the framework of (9.4.1), and hence,
setting = (z4,w4)’,

is a minimal realization in the framework of (9.4.1) of precisely the required form
(8.9.2).
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266 Chapter 9. Proper Markovian Representations in Hardy Space

Example 9.4.3. The process y in Example 9.3.12 is error-space degenerate, since
Q* (<) = 0 (Corollary 9.3.6), and hence extensions along the lines of Example 9.4.2
will yield nonminimal representations. Using the same indexing of minimal splitting
subspaces as in Example 9.3.12, we see that, for example, (W_, W) satisfies (9.4.5)
with K = /4, and all pairs (Wj, Wy11) produce the same K. Hence the family
of minimal Markovian splitting subspaces in the framework (9.4.1) is a subset of
the family of minimal Markovian splitting subspaces in the old framework. By
Theorem 9.4.1, these splitting subspaces are given by

X= [ HE)W ldj= / {zﬁ | deg p < 4} 4,
U G

—T

where the polynomial 7 is a solution of (9.3.17) such that deg zm < 4. Consequently,
Xo, X3, X5, X4, Xg, Xg9,X17 and X are minimal Markovian splitting subspaces
in the framework (9.4.1), as also manifested by the fact that they are precisely the
X containing y(0), and the frame space is the seven-dimensional space

H" = span {y(il)a y(O),y(l), :L';,SC;,SCT,SC;}.

Example 9.4.4. In Example 9.2.18/Example 9.3.13 a routine calculation shows
that K_ (and K ) have McMillan degree three, and therefore all minimal realization
in the standard framework have dimension three. Extending these X along the
lines of Corollary 8.9.3 will produce five-dimensional Markovian splitting subspaces.
However, due to error space degeneracy, none of these are minimal in the framework
(9.4.1). In fact, it can be seen that the minimal ones are four-dimensional, which
is consistent with the fact that ker @ (c0) is one-dimensional.

9.5 Bibliographical notes

Hardy-space representations of Markovian representations in the present form were
introduced in [78], inspired by realization theory in Hardy space [35], and was
developed further in [113, 81, 82, 83, 84, 33, 32, 31, 76, 115, 75, 87, 88].

In this chapter, Section 9.1 is based on [88] and follows closely the develop-
ment there. A version of Theorem 9.1.5 appeared in [81]. Section 9.2 is based on
[81, 82, 84, 87] and was generalized in [88] to the noninternal setting. Theorem 9.2.3
appeared in [82] in the internal setting, but is closely related to a similar result in
[35]. Theorems 9.2.14 and 9.2.19 were presented in [84] for internal Markovian repre-
sentations and generalized to noninternal representations in [88]. Proposition 9.2.20
is a generalization of [113, 81].

Sections 9.3 follows [75] closely and generalizes result therein to the noninternal
setting. The examples are taken from [75]. A version of Theorem 9.3.11 appears in
[74]; also see [103]. Finally, Section 9.4 is based on [76].
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Chapter 10

Stochastic Realization
Theory in Continuous
Time

This chapter is devoted to continuous-time versions of the basic results in Chap-
ters 6, 8 and 9. In this context, the linear stochastic model (6.0.1) corresponds to
a system

dx = Axdt + Bdw
dy = Czdt + Ddw

of stochastic differential equations driven by the increments of a vector Wiener
process w. The state process x will still be a stationary process, but the output
process y has stationary increments. In the case when D = 0, we may instead
consider a model

dx = Axdt + Bdw
y=Cx

for which the output is a stationary process.

10.1 Continuous-time stochastic models

A basic object of our study are linear stochastic systems of the type

=) {dz — Axdt + Bdw 1011)

dy = Cxdt + Ddw

defined for all t € R, where w is a p-dimensional vector Wiener process, and A, B,
C, D are constant matrices with A being a stability matriz, which, in the present
continous-time setting, amounts to having all its eigenvalues in the open left half-
plane. The system is in statistical steady state so that the n-dimensional state
process = and the increments of the m-dimensional output process y are jointly
stationary. We shall think of ¥ as a representation of the (increments of the) process
y; such a representation will be called a (finite-dimensional) stochastic realization
of dy. The number of state variables n will be called the dimension of ¥, denoted
dim 3.

267

2007/
page :
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Systems of this type have been used in the engineering literature since the early
1960’s as models for random signals. An alternative but, as we shall see below, not
entirely equivalent way of representing the signal dy is obtained by eliminating the
state z from (10.1.1). In this way we obtain a scheme which generates dy by passing
white noise dw through a shaping filter with rational transfer function

W(s)=C(sI — A~ 'B+D (10.1.2)

as explained in Section 3.6. This produces a stationary increment process dy with
the spectral representation

y(t) —y(s) = / N MW(M)CM (10.1.3)

— 00

and hence with the rational spectral density
W(s)W(—s) = &(s). (10.1.4)

In other words, W is a spectral factor of ®, which, in view of the fact that A is a
stability matrix, is analytic, i.e. has all its poles in the open left halfplane.

However, as in the discrete-time setting, the model ¥ is more than just a
representation of a stochastic process in terms of white noise. Much more important
in applications is that the model (10.1.1) contains a state process x which serves as
a dynamical memory for dy, which is described in terms of the splitting geometry
of Chapter 7. However, let us first present some preliminary observations about
stochastic models.

Minimality and nonminimality of models

As usual, we shall say that X is minimal if dy has no other stochastic realization of
smaller dimension. Occasionally, as for example in noncausal estimations, we shall
also need to consider nonminimal Y. Therefore, it is important to understand the
relation between deg W, the McMillan degree of W, and dim X.

Before turning to this point, we need to recall a few well-known facts about
the state process . Since A is a stability matrix, we have

x(t) = [ t A7) Bdw(7), (10.1.5)

from which it is seen that the state process is a stationary wide-sense Markov process
with a constant covariance matrix

P = E{z(t)z(t)'} = /Ooo eA"BB'¢A T dr, (10.1.6)

which clearly satisfies the Lyapunov equation

AP+ PA'+ BB =0. (10.1.7)
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From (10.1.6) it is seen that P is the reachability Grammian for the pair (4, B),
and therefore the system X is reachable if and only if P is positive definite (P > 0),
i.e. if and only if {z1(0),22(0),...,2,(0)} is a basis in the space

X = span{z1(0),22(0),...,2,(0)} (10.1.8)

consisting of all linear combinations of the components of z(0). As we shall see be-
low, X is a Markovian splitting subspace, and hence we can appeal to the geometric
theory of Chapter 7.

However, as in the discrete-time setting, X and ¥ are not equivalent repre-
sentations, as trivially there may be redundancy in ¥ due to nonreachability which
cannot be seen in X. The following proposition makes this point more precise
and gives a preview of some facts concerning X and W to be studied in detail in
Sections 10.3 and 10.4.

Proposition 10.1.1. Let dy be a stationary-increment process with a rational spec-
tral density ® having a finite-dimensional stochastic realization ¥ of type (10.1.1)
with spectral factor W given by (10.1.2), and let X be the state space (10.1.8). Then

1
3 deg® < degW < dimX < dim X (10.1.9)

Moreover, degW = dim X if and only if (C, A) is observable, and dimX = dim X
if and only if (A, B) is reachable.

The statements concerning the last of inequalities (10.1.9) follows immediately
from the preceding discussion, while those concerning the second inequality are a
consequence of Theorem 10.3.13 below. The first inequality in the chain follows
from Proposition 10.4.2.

From Proposition 10.1.1 we may learn several things about stochastic realiza-
tions (10.1.1). First, for ¥ to be minimal it is not sufficient that ¥ is both observable
and reachable. For this we must also have

1
deg W = Edeg@ (10.1.10)

A W satisfying this condition will be called a minimal spectral factor. Secondly,
if dy is generated by a stochastic system (10.1.1) with A being a stability matrix,
reachability plays no role in the geometric theory since the basic object of it is X
and not X.

On the other hand, if we allow A to have eigenvalues on the unit circle, the
geometric concept of reachability introduced in Section 8.4 becomes important.
However, in this chapter we shall not dwell on this, as the necessary modifications
needed to accommodate a purely deterministic component in X can easily be filled
in by the reader by following the path in Section 8.4.

The idea of state space and Markovian representations

There is a trivial equivalence relation between realizations of dy corresponding to a
change of coordinates in the state space and constant orthogonal transformations of
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270 Chapter 10. Stochastic Realization Theory in Continuous Time

the input Wiener process dw, which we would like to factor out before undertaking
the study of the family of (minimal and nonminimal) stochastic realizations. The
equivalence classes are defined by

(A, B,C,D,dw) ~ (Ty AT, ', Ty BTy 1, CT; Y, DTy Thdw) (10.1.11)

where T, is an n X n nonsingular matrix and 75 is a p X p orthogonal matrix.
Clearly, the state space X , defined by (10.1.8), is an invariant of this equivalence,
and we shall look for conditions under which this invariant is complete in the sense
that there is bijective correspondence between equivalence classes [X] and spaces

X. Since realizations ¥ and ¥ such that [g} dw = [g} dw give rise to the same

X, an obvious necessary condition is that

B
rank [D} =p. (10.1.12)
Moreover, as pointed out above, it is necessary to consider only models ¥ for which

(A, B) reachable. (10.1.13)

We shall prove that under these two conditions the above one-one correpondence
holds.

We proceed to characterize these X spaces. Given a realization X, first denote
by H and H the spaces of random variables

H := H(dw) H := H(dy), (10.1.14)

defined as in Section 2.7, and let {Uy; ¢ € R} be the shift induced by dw, i.e. the
strongly continuous group of unitary operators on H such that

Uilw(1) —w(o)] = w(r +t) —w(o + t). (10.1.15)

Obviously X and H are subspaces of H, H being doubly invariant for the shift so
that Upz(7) = z(7 + t) and

Uily(1) —y(o)] = y(r +t) —y(o + t). (10.1.16)
Next define
X~ :=H (), Xt :=H"(2), (10.1.17a)
H™ :=H" (dy), H := H" (dy). (10.1.17b)
Now solving (10.1.1) we have
z(t) = e*z(0) +/Ot A=) Bdw(r) (10.1.18a)

y(t)y(())/ot CeATdm(oH/ot [/t CeA"" ) Bdo + D| dw(r). (10.1.18b)
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Therefore, since H~ vV X~ ¢ H™ (dw) L H* (dw),

EF VX A=EX)\ forall\e HF vX* (10.1.19)
which, by Proposition 2.4.2, is the conditional orthogonality
H vX LH"vX"|X. (10.1.20)
Consequently, since
X~ = ViU X and X =V;5oU;X, (10.1.21)

X ~ (8,8) is a Markovian splitting subspace with S := H~ v X~ and S := Ht v
X+ (Section 7.4).
Moreover,
H=HVspan{U;X | t € Z}. (10.1.22)

In fact, if this were not the case, there would be a nonzero a € RP such that
a'lw(t) —w(o)] L HVspan{U'X | t € Z} for some 7,0 (which actually may be
chosen arbitrarily, since the space is doubly invariant), and consequently, using the
integral definition of (10.1.1), we have

(t) — (0) A, |8, —
E { [y(t) B y(O)} [w(T) —w(o)] }a = [D] a=0,

which contradicts the assumption (10.1.12). Therefore, appropriately modifying the
discrete-time definition of Chapter 8, as we shall do in the next section, (H, {U;}, X)
is a Markovian representation of dy.

Conversely, as we show in this chapter, to each such Markovian representation
(H, {U:}, X) of dy, there is an equivalence class [2] of realizations (10.1.1). More
precisely, in particular we show that there is a one-one correspondence between
equivalence classes [X] of stochastic realizations of dy satisfying conditions (10.1.12)
and (10.1.13) and proper finite-dimensional Markovian representations (H, {U;}, X)
of dy under which H(dw) = H and the state 2(0) = {x1(0), 22(0),...,2,(0)} of each
Y € [¥] is a basis in X.

Modeling stationary processes

Before proceeding to the geometric state space construction, let us consider realiza-
tions

dz = Axdt + Bd
{m ot Baw (10.1.23)

y=Cx

of a stationary process y. As before, the ambient space H, defined as in (10.1.14),
is endowed with the shifts (10.1.15), under which

Uy (0) = yi(t), k=1,2,...,m, (10.1.24a)

Uiz (0) = z(t), k=1,2,...n. (10.1.24b)
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Let H~ and HT be the spaces
H :=H (y), H™ :=H"(y), (10.1.25)

and let H := H(y), which as before is a doubly invariant subspace of H. Solving
(10.1.23) we have

t

z(t) = ez(0) +/ A7) Bdw (7). (10.1.26)
0

Therefore, since X~ C H™ (dw) L. HT (dw), with X~ and X given by (10.1.21),

EX A=E*) forall e X, (10.1.27)

which, by Proposition 2.4.2, is the Markovian property

X~ LXT|X. (10.1.28)
Moreover,
y(0) =X, (10.1.29)
and
H =span{U;X | t € Z}. (10.1.30)

Consequently, X is a Markovian splitting subspace (Section 7.4) with the ambient
space H.

10.2 Markovian representations

Let the past space H™ and the future space H™ be given by either (10.1.17b) or
(10.1.25), depending on whether we want a representation of a stationary increments
dy or of a stationary process y, and let

H VH'=H.

For the rest of this chapter we assume that the underlying process (y or dy) is
purely nondeterministic and reversible and hence purely nondeterministic also in
the backward direction.

Assumption 10.2.1. The remote past of H™ and the remote future of H' are
trivial; i.e., N° U'H™ = 0 and NCUHT = 0.

Definition 10.2.2. A Markovian representation of dy [y] is a triplet (H, {U;},X)
consisting of a Markovian splitting subspace X in a Hilbert space H of random
variables with a strongly continuous group of unitary operators (shifts) on H with
the the properties:

(i) H C H is a doubly invariant subspace, and the restricted shifts U;|g are the
natural shifts on H; i.e., satisfying (10.1.16) [(10.1.24a)], and

UH cH fort<0 and UHT™ cH" fort>0.
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(ii) H is the ambient space of X in the sense that
H=HVspan{U'X | t € Z}
and has finite multiplicity under the shifts {U,}.

A Markovian representation is said to be internal if H = H and observable, con-
structible or minimal if the splitting subspace X is.

Then, with obvious change of notation, Theorem 8.1.1 holds verbatim.

Theorem 10.2.3. Given a stationary-increment vector process dy (or a stationary
vector process y), (H,{U;},X) is a Markovian representation of dy [y] if and only

if -
X =8n8S (10.2.1)

for some pair (S,S) of subspaces of H such that
(i) H- cSand HT CS,
(ii) U_4SCS and U;S C S for all t >0, and
(iii) H=St @ (SNS) & St.
Moreover, the correspondence X « (S,S) is one-one. In fact,
S=H VX~ and S=H"VvX". (10.2.2)
Finally, (H,U,X) is observable if and only if
S=H vS* (10.2.3)
and constructible if and only if
S=H"vS" (10.2.4)

and minimal if and only if both (8.1.4) and (8.1.5) hold.

Given a Markovian representation (H, {U;},X) we introduce the restricted
shift on the Markovian splitting subspace X ~ (S, S), namely

U;(X) = EX Uyx. (10.2.5)

Since {U;} is a strongly continuous group of unitary operators, (10.2.5) defines a
strongly continuous contraction semigroup {U(X); t > 0} satisfying (7.5.3) (Theo-
rem 7.5.1).

Theorem 10.2.4. The semigroup Us(X) tends strongly to zero as t — oo if and
only if
Sooe = (U8 =0, (10.2.6)
<0
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and Uy (X)* tend strongly to zero as t — oo if and only if

S = US =0. (10.2.7)
t>0

Proof. The proof that U;(X) tends strongly to zero if S_o = 0 is a trivial modifi-
cation of the corresponding part of the proof of Theorem 8.2.1. Conversely, suppose
that U;(X) tends strongly to zero. Then U;(X)¥ tends strongly to zero as k — oo
through the natural numbers, and hence NY___ US = 0. However, U;S C U;S for
t > k. and hence S_,, = 0. This proves the first statement. The second statement
follows by symmetry. 0O

Definition 10.2.5. The Markovian representation (H, , {U;}, X) is normal if S_ =
Soo and proper if S_o = S = 0.

The remaining results of Section 8.2 can now be carried over to the continuous-
time setting with trivial modifications. In particular we have the following counter-
part of Corollary 8.2.6.

Proposition 10.2.6. A finite-dimensional Markovian representation (H, {U;}W, X)
s normal.

Applying this proposition to the Markovian representations constructed in
Section 10.1, we see that they are proper. In fact, S C H~ (dw), and hence S_, = 0.
Then, by Proposition 10.2.6, Soc = 0.

State space construction

To construct a functional model of this geometry we apply the continuous-time Wold
decomposition of Section 5.1. Given a proper Markovian representation (H, {U,}, X)
of multiplicity p > m with X ~ (S,S), there is a pair (dw,dw) of p-dimensional
Wiener processes such that H(dw) = H(dw) = H and

S=H (dw) and S=H"(dw) (10.2.8)

(Theorem 5.1.1). These processes are called the generating processes of the Marko-
vian representation, and they are uniquely determined modulo multiplication by a
constant p X p orthogonal matrix.

In view of (10.2.8), every random variable 7 € S can be represented by a
stochastic integral with respect to dw,

n= /_OO f(=t)dw(t) =: Iy f, (10.2.9)

of a function f € L2(R) that vanishes on the negative real line. In particular,
this naturally leads to representations of dy (or y) by means of causal input-output
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map driven by the white noise processes dw. The most efficient way to study such
representations is by spectral-domain techniques. In fact, as explained in Section 77,

n= /jo Fliw)dw =: 4 f, (10.2.10)

where f € Hg, the Hardy space of p-dimensional square integrable functions, an-

alytic in the right half of the complex plane. Here f is the Fourier transform of
f, and dw is a (complex) stationary increment process with the property (3.6.3).
In the same way, every random variable 77 € S can be represented by a stochastic
integral can be represented by a stochastic integral with respect to dw,

0= / f(=t)dw(t) =: Iy f, (10.2.11)
of a function f € Lf,(R) that vanishes on the positive real line, or, equivalently,

7= /_oo Fliw)did =: 9, f, (10.2.12)

where f € Irlg, the Hardy space of p-dimensional square integrable functions, ana-
lytic in the left half of the complex plane. This defines two unitary maps, J; and
Iz, from LZQ)(]I) to H, establishing unitary isomorphisms between S and S and the
Hardy spaces H2 and H respectively; i.e.,

2 - 72 - G
JoH2 =H (dw) =S and J;H%=H*(dw) =S. (10.2.13)

(See Section 5.3.) Under each of these isomorphisms the shift U; becomes multipli-
cation by e™?; i.e.,

Uidy = Jp M i, (10.2.14)

and the orthogonal decomposition
H=H"(dw) @ H" (dw) (10.2.15)

becomes -
Ly() = H) & H].
In view of Assumption 10.2.1, there are also Wiener processes dw_ and dw

such that
H =H (dw-) and Ht = H™ (dwy) (10.2.16)

(Theorem 5.1.1). This is the forward and backward innovation process, respectively,
and they are unique modulo multiplication by a unitary transformation.

Recall that a function Q € H is called inner if the multiplication operator
Mo is an isometry which sends analytic functions (i.e., functions in Hg ) to analytic
functions. A function with the corresponding properties with respect to the conju-
gate Hardy space Hg will be called conjugate inner. The phase function is not in
general inner, as this happens if and only if H~ and H* intersect perpendicularly.
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Lemma 10.2.7. Let (H, {U;},X) be a proper Markovian representation with gen-
erating processes (dw,dw). Then there is an inner p X p matriz functions K, an
inner m X p matriz function Q and a conjugate inner m X p matriz function Q such
that

(Ja) "5 =Mk, (Ju) "o =Mgq, (J5) 'Js, = Mg, (10.2.17)
where My denotes the multiplication operator My f = fV. Moreover,
(Jo_ )14, = M, (10.2.18)
where © is a unitary m X m matriz function on 1 that satisfies

0 = QKQ". (10.2.19)

Proof. In view of (10.2.14),
(J5) " s Myiwr = () " Ud s = Mo (J) ™ s

w

Moreover, from the geometry of X ~ (S,S) we have
X=S68 (10.2.20)

(Theorem 10.2.3). This implies that St C S, or, equivalently that H~(dw) C
H™ (dw); ie., J5H? C J;H?, which yields

(ju})iljiHQ - H2.

Consequently, (J,;)71J; is a unitary map from H; 2 to HE that commutes with the
shift. Therefore, by a continuous-time version of Theorem 4.3.3 [35, p. 185], there
is an inner p x p-matrix function K such that (J;) !9, = M.

In the same way, we see that (J3)1J;_ commutes with the shift, and H= C S
yields f]waQ C JgHp; ie., (Ju)~'J4_Hy, C Hp. Therefore, (Jy) 'Jy_ = Mg for
some @ € HY, , [35, p 185]. However, (J )~ 13 _ is an isometry, and hence @ is
inner. The last of the equations (10.2.17) follows by symmetry.

Finally, the last statement of the lemma follows from (10.2.17). 0O

The inner function K is called the structural function and (K, Q, Q) the inner
triplet of the Markovian representation (H, {U;}, X). The function © is called the
phase function. We return to their connection to spectral factors below.

This leads to a functional model for Markovian splitting subspaces of the
type studied in [71], [120] and [35] that allows us to charaterize various systems-
theoretic properties of Markovian splitting subspaces (observability, constructibility
and minimality) in function-theoretic terms.

Theorem 10.2.8. Let (H,{U:},X) be a proper Markovian representation with
generating processes (dw,dw) and inner triplet (K, Q,Q). Then

X/O:OH( :/ H(K*)d (10.2.21)
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where H(K) := H}6H2K and H(K*) :== H2SH2K*. Moreover, X is constructible
if and only if K and Q are right coprime, i.e. they have no nontrivial common right
inner factor, and X is observable if and only if K* and Q are right coprime, i.e.
they have no nontrivial common right conjugate inner factor.

Proof. From (10.2.20) and Lemma 10.2.7 we have
—1 2 —1 2 2 2
Jo X=H,0 (0, 9;H,)=H, © H,K,

which yields the first of equations (10.2.21). The second follows in the same way
from X =S © S+,
Likewise, the constructibilty condition (10.2.4) yields

2 _ q-lg _ (q—1 2 -1 2.
H,=3.S= 0,9 _Hy)V (0, 9:H,);
that is, by Lemma 10.2.7,
2 _ (772 2
H, = (H,Q)V (H,K). (10.2.22)

For (10.2.22) to hold, @ and K must clearly be right coprime. Conversely, suppose
that @ and K are right coprime, and consider the right member of (10.2.22). Clearly
it is a full-range invariant subspace of H?, because H)K is, and therefore, by the
half-plane version of Beurling-Lax Theorem 4.6.4 [?], it has the form H].J where
J is inner. But then J must be a common right inner factor of Q and K, and
hence J = I, concluding the proof of the constructibility criterion. The proof of the
observability part is by symmetry. 0O

In Section 10.3 we show that X is finite dimensional if and only if the struc-
tural function K is rational, in which case dim X equals the McMillan degree of K
(Theorem 10.3.8).

In view of (10.2.19), the inner triplets (K I,Q_) and (K, Q, I) of the predic-
tor space X_ and the backward predictor space X, respectively, can be determined
from the phase function © via the coprime factorizations

O=Q_-K_=K,Q%. (10.2.23)

To be able to determine the other minimal Markovian splitting subspaces from O,
we need to assume that dy (y) is strictly noncyclic; i.e., the kernels of the operators

9 .= EH" lg- and H* :=E" |y

have full range; cf. Definition 9.2.5. This is equivalent to the frame space H" being
proper; cf. Proposition 9.2.6. Modifying the proof of Lemma 9.2.7 to the continuous-
time setting, this condition can be expressed in terms of the phase function ®. More
precisely, provided y is purely nondeterministic and reversible, dy (y) is strictly
noncyclic if and only if the Hankel operator

He = PHﬁM@bE,g
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has full range kernel; i.e., © is a strictly noncyclic function [35, p. 253]. A processes
dy (y) with a rational spectral density are strictly noncyclic, since the range of H and
H*, X_ and X, respectively, are finite-dimensional, and thus proper. However, a
scalar process with spectral density ®(iw) = (1 + w?)~3/2 is not strictly noncyclic,
since X_ = H~ and X, = HT [28, p. 99].

Strict noncyclicity is a geometric condition on dy (y) determined by the split-
ting geometry, and therefore all of the results of Section 9.2 apply also in the
present continuous-time setting with no or obvious modifications. In particular,
Theorem 9.2.12 and 9.2.19 have the following counterpart.

Theorem 10.2.9. Let dy (y) be purely nondeterministic. Then dy (y) is strictly
noncyclic if and only if all minimal Markovian representations are proper. In this
case, the following conditions are equivalent.

(i) X is minimal
(i) X is observable and X 1L N¥
(iii) X is constructible and X L N~

Therefore, from Proposition 9.2.20, which is completely geometric and hence
remains unaltered, and Theorem 10.2.8, we see that a proper Markovian represen-
tation (H, {U;}, X) with inner triplet (K, Q, Q) is minimal if and only if one of the
following conditions hold.

(i)’ K* and Q are right coprime, and Q*Q is analytic;
(iii)’ K and Q are right coprime, and Q*@Q_ is coanalytic.

This leads to a procedure for determining the inner triplets (K, @, Q) of all minimal
Markovian representation: Select @) so that Q*@ is analytic. Then form T := ©Q),
and determine @ and K as the coprime factors in QK = T.

Theorem 9.2.14 and Corollary 9.2.15 can also be carried over verbatim.

Theorem 10.2.10. Suppose that dy (y) is strictly noncyclic. Then all internal
minimal Markovian splitting subspaces have the same invariant factors; let us denote
them

ki,ko, ks, ... k. (10.2.24)

Moreover, a Markovian splitting subspace of multiplicity p is minimal if and only if
m invariant factors are given by (10.2.24) and the remaining p — m are identically
one. If m = 1, all internal minimal Markovian splitting subspaces have the same
structural function.

Example 10.2.11. Let y be a two-dimensional process with the rational spectral
density

1 17 — 252 —(s+1)(s—2)

= @I D+ - |
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Then, using the factorization procedure above, it can be seen that the structural
function of X_ is

K_(s) = s—1 [5—1.2 1.6 ]

(s+1)(s+2)| 1.6 s+1.2

and that the one of X is

Ko(s) = s—1 [s —70/37  24/37 7] _

(s+1)(s+2) | 24/37 s+70/3
These functions look quite different, but they have the same invariant factors,
namely

ki(s) = Sli and ka(s) = (s

and are therefore quasi-equivalent.

Spectral factors and the structural function

First consider an m-dimensional, mean-square continuous, purely nondeterministic,
stationary process y with a full rank spectral density ®. Recall from Section 3.3
that y has a spectral representation

y(t) = / e™“tdy, (10.2.25)
(Theorem 3.3.2) where
1
E{djdg”} = 5@ (iw)dw. (10.2.26)
ﬂ'

Moreover, by Corollary 5.3.6, ® admits a factorization
W(s)W(—s) = ®(s), (10.2.27)

where W is m X p with p > m. A spectral factor W is analytic if its rows belong
to Hg and coanalytic if they belong to }_Ig. A spectral m x m factor W is outer if
H2 W is dense in H2, and conjugate outer if H2,W is dense in H?2; see Section 5.3.

The outer and conjugate outer spectral factors are unique modulo an orthogonal
transformation from the right.

Proposition 10.2.12. Let y be given by (10.2.25). If dw is a Wiener process such
that H- C H™ (dw), there is a unique analytic spectral factor W such that

dj = Wi, (10.2.28)

and H™ = H™ (dw) if and only if W is outer. Likewise, if dw is a Wiener process
such that HY C H* (dw), there is a unique coanalytic spectral factor W such that

djy = Wdiw, (10.2.29)
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and HT = H* (dw) if and only if W is conjugate outer.

Proof. Let W be the matrix function with m rows given by J,yx(0),k =1,2,...,m.
Then

y(t) = /ei‘”thw,

which compared with (10.2.25) yields dj = Wdw. Now, if H- C H™ (dw) holds,
then

a'W =1,"y(0) C I;'H™ (dw) = H;,
for all a € R™, and hence W is analytic. Next, since

H™ =span{d’y(t) |t <0,a e R"} = /span{ei‘”ta'W |t <0,a € R™}dw,

H- = H (dw) if and only
span{e™'a'W |t < 0,a € R™} = H2;

i.e., if and only if W is outer. A symmetric argument yields the second statement.
d

Next, consider an an m-dimensional, mean-square continuous purely nonde-
terministic, stationary-increment process dy with a full rank (incremental) spectral
density ®. Then, by Theorem 3.6.1,

0 ezwt _ eiws
y(t) —y(s) = / ——dy, t,seR, (10.2.30)

oo Tw
where the stochastic measure again satisfies (10.2.26) and the spectral density ®
admits a spectral factorization (10.2.27) (Theorem 5.3.5). However, the spectral
factors W may not be square—integ{able. In fact, in Section 5.3 we introduced
the modified Hardy spaces Wg and Wg consisting of the p-dimensional row vector
functions g and g respectively such that xn,g € H2 and xng € Hy, where

eiwh -1

Xn(iw) = ——— (10.2.31)

and Y (iw) = xn(—iw). Note that, for h > 0, x5, € H™ and y;, € H>. For reasons
explained in Section 5.3, a spectral factor W with rows in W§ will be called analytic
and a spectral factor W with rows in W? coanalytic.

Proposition 10.2.13. Let dy be given by (10.2.30). If dw is a Wiener process
such that H- C H™ (dw), there is a unique analytic spectral factor W such that

dj = Wdib, (10.2.32)

and H~= = H™ (dw) if and only if xp, W is outer for h > 0. Likewise, if dw is a
Wiener process such that HY C HT (dw), there is a unique coanalytic spectral factor
W such that

djy = Wdiw, (10.2.33)
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and HT = H* (dw) if and only if xsW is conjugate outer.

Proof. For a fixed h > 0, let W be the m x p matrix-valued functions with rows
¥ 102 e (0) — ye(=h)], k=0,1,...,m. Then

o] e*iwh -1

—h) —y(0) = —— W (iw)dw

v =90 = [ e Wiw)da,

which compared with (10.2.30) yields dg = Wdw. In fact, the spectral measure dj
is uniquely determined by dy (Theorem 3.6.1). Clearly, W is a spectral factor that
does not depend on the choice of h. If H~ C H™ (dw),

Xna' W =33"a'[y(0) — y(—h)] C I 'H™ (dw) = H;

for all @ € R™, and hence W is an analytic spectral factor by the definition above.
Moreover, since

H~ = span{d/[y(t) — y(t — h)] | t < 0,a € R™}

= /span{ei“’t)zh(iw)a’W(iw) |t <0,a € R™}dw,

we have H™ = H™ (dw) if and only y,(iw)a’'W € HZ,, as claimed.
Defining W to be the m X p matrix-valued functions with rows Xglflgjl [y (h)—
y(0)], k=0,1,...,m, a symmetric argument yields the second statement. O

Consequently, although the spectral factor may belong to different spaces,
the spectral representations (10.2.26) and (10.2.27) are formally the same in the
stationary and the stationary-increment cases, and therefore we shall formulate the
spectral results in these quantities. To unify notations, we shall say that a spectral
factor W_ is minimum-phase if it is either outer (when y is given) or x,W_ is
outer (when dy is given). Likewise W, is conjugate minimum-phase if it is either
conjugate outer or x, W, is conjugate outer.

Corollary 10.2.14. Given either (10.2.25) or (10.2.30), let dw_ and dw, be the
forward and backward innovation, respectively, uniquely defined (modulo an orthog-
onal transformation) by (10.2.16). Then there is a unique minimum-phase spectral
factor W_ and a unique conjugate minimum-phase spectral factor W such that

W_dw_ = dj = Wydiby. (10.2.34)

Moreover, the phase function (10.2.18) can be written
e=w'w_. (10.2.35)
We have thus established that the geometry of a Markovian representation

can be described in terms of a pair of spectral factors, one analytic and the other
coanalytic.
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Theorem 10.2.15. Let (H, {U;},X) be a proper Markovian representation of dy
[y] with inner triplet (K,Q,Q) and generating processes (dw,dw). Then there is
a unique pair (W, W) of spectral factors, the first being analytic and the second
coanalytic, such that

dj = Wdi = Wdi. (10.2.36)
Moreover,
div = Kdw, (10.2.37)
and ~
W =WK, (10.2.38a)
W =W_Q, W =W,Q, (10.2.38Db)

where W_ is the minimum-phase spectral factor and Wy is the conjugate minimum-
phase spectral factor.

Proof. By Proposition 10.2.12 (in the case that y is given by (10.2.25)) or Propo-
sition 10.2.13 (in the case that dy is given by (10.2.30)), it immediately follows
that there unique spectral factors W and W such that (10.2.36) holds. Next, by
Lemma 10.2.7, for any f € L2(I), 1;': f = fK; ie.,

/ fdi = / FKdb,

proving (10.2.37). From (10.2.36) and (10.2.37) we have djj = Wdw = W Kdi, from
which (10.2.38a) follows by uniqueness (Proposition 10.2.12 or Proposition 10.2.13).
Likewise, proceeding as above, we show that

div_ = Qdw and dwy = Qdw,
which together with (10.2.34) yields (10.2.38b). 0O

As in Chapter 9, we call (K, W, W) of Theorem 10.2.15 the Markovian triplet
of (H, {U:},X). In particular,

oo iwh
w(h) — w(0) = / %K(Zw)dw. (10.2.39)
Obviously (10.2.38b) are the inner-outer factorizations of the spectral factors W and
W. Since the spectral factors W and W are uniquely determined by the generating
processes (dw, dw), which, in turn, are unique modulo orthogonal transformations,
as in Section 9.1, there is an equivalence class [K, W, W] of Markovian triplets
described by

(W,W,K) ~(WTy,WTy, T, *KT), (10.2.40)

where T7 and T3 are arbitrary orthogonal transformations.
Internal Markovian representation have multiplicity p = m, and thus W and
W are square and hence invertible, since ® is full rank. In this case, therefore,
(10.2.37) may be written
K=W"'W.
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In particular, the predictor spaces X _ and X have Markovian triplets (W_, W_,K_)
and (W, , Wy, K ) respectively, where K_ := W_'W_ and K, := W;1W+.

From spectral factors to Markovian representations

Next, we consider the inverse problem of constructing Markovian representations
from Markovian triplets. To this end, we need a procedure for constructing the
generating processes of X ~ (S, S) starting from (W, W, K). In the internal case this
is a simple matter since W and W can be inverted in (10.2.36) to yield unique dw and
dw. However, in general, the systems (10.2.36) are underdetermined, introducing
nonuniqueness in the corresponding generating processes.

Lemma 10.2.16. Let W be an m x p spectral factor with the right inverse W :=

W*®~1, and let
I:=1— W*'W. (10.2.41)

Then, the p-dimensional Wiener processes dw satisfying
dy = Wdw (10.2.42)
are given by
div = Whdy + d2 (10.2.43)

where dz is any p-dimensional stationary increment process with incremental spec-
tral density 5=11 such that H(dz) L. H. Moreover, I1(iw) is an orthogonal projection
on H(dz) for almost all w € R, and

d% = Tldb. (10.2.44)

Proof. First note that, since I(iw)? = Il(iw) and M(iw)* = M(iw), (iw) is an
orthogonal projection. For any dib satisfying (10.2.42), Wdj = (I — II)dw, and
therefore (10.2.43) holds with dz given by (10.2.44). Now,

1 1
E{dzd:*} = 2—H2dw = 5-Tdw,
T T

and hence %H is the incremental spectral density of dz. Moreover, E{dgdZ*} =
+=WIdw = 0 establishing the orthogonality H(dz) L H. Conversely, given a
process dz with a spectral density (10.2.41) and with H(dz) L H, let dw be given

by (10.2.43). Then
E{dwdw*} = iW%(Wﬁ)*dw + 2w = 2 T
Y 2w T o ’

so dw is a Wiener process. Moreover Wdw = dj+WdZ. However, W E{dZdz*}W™* =
0, and hence (10.2.42) holds. 0O
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Consequently, given a Markovian triplet (W, W, K), by Lemma 10.2.16 we can
construct pairs of generating processes

: (10.2.45)

dio = Whdy + dz
div = Whdy + dz

where the spectral density of dz is %H with IT given by (10.2.41), and that of dz

is %H, where
us

O:=1-W*'w. (10.2.46)

We now build the space H corresponding to the Markovian representation so that
H = H(dw) = H(dw). Of course, to this end, we must choose dz and dz so that

H(dz) = H(dz). (10.2.47)

Then the multiplication operators M and My both represent the projection
E¥" from H onto the doubly invariant subspace H+ = H(dz) = H(dz). In fact, if

AMeHand f:= 3;1)\,
A:/fwﬁdg+/fdz

by (10.2.45), and hence, in view of (10.2.44),
EH )\ = /fdé - /fnduv = 9o f11,

showing that EH" corresponds to My under the isomorphism J;. A symmetric
argument shows that EH corresponds to M7 under the isomorphism J;. More
specifically, JpMnJy' = J;Mpd."; e, MuJyJs; = J3'9;Mp.  Therefore, by
Lemma 10.2.7,

KII = 1IK, (10.2.48)

from which we see that IIdw = KTIdw; i.e.,
dz = Kd3. (10.2.49)

The following theorem describes the relation between Markovian representations
and Markovian triplets (W, W, K).

Theorem 10.2.17. There is a one-one correspondence between proper Markovian
representations (H, {U;}, X) and pairs (W, W, K], dz), where [W, W, K] is an equiv-
alence class of Markovian triplets and dz is a vector stationary-increment process
(defined mod O) with spectral density 11 := I — W*W such that H(dz) L H. Under
this correspondence

H=H & H(dz) (10.2.50)

and

X =H ™ (dw) N H" (dw) (10.2.51)
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where (dw, dw) are the generating processes given by (10.2.45).

Proof. Given a Markovian representation (H, {U;}, X), we have shown above that
there is a unique equivalence class [W, W, K| of Markovian triplets and a correspond-
ing pair of generating processes (dw, dw), defined mod O and consequently a unique
d? = Tldi having the required properties. Conversely, given a triplet (W, W, K)
and a process dz with the stated properties, we define (dw, dw) by (10.2.45) and set
S := H™ (dw) and S := H*(dw). Then since (W, W, K) is a Markovian triplet, W
is analytic implying that S D H~, W is coanalytic implying that S D H*, and K is
inner which is equivalent to perpendicular intersection. Hence, by Theorem 10.2.3,
X = S NS is a Markovian splitting subspace with ambient space H = H @ H(dz),
for the invariance condition (ii) is trivially satisfied. The shift is induced by dy and
dz. 0O

Let (W_,W_,K_) and (W,,W,,K,) be the Markovian triplets of X_ and
X, respectively. In view of (10.2.38b) and the fact that

Wh=w*o = QW (W_Ww*)"l =Qw~!,

we may reformulate Definition 9.2.22 as follows.

Definition 10.2.18. An analytic spectral factor W of a strictly noncyclic process
is minimal if WHW, is analytic. Likewise, a coanalytic spectral factor W is minimal
if WHW_ is coanalytic.

In view of Theorem 10.2.9, we have the following counterpart of Corollary 9.2.23.

Proposition 10.2.19. Let dy [y] be strictly noncyclic. Then there is a one-one
correspondence (mod O) between minimal Markovian representations (H, {U:}, X)
and pairs (W, z) where W is a minimal spectral factor and dz is a stationary process
with the properties prescribed in Lemma 10.2.16.

Proof. By Theorem 10.2.9 and condition (i7)" below it, X is minimal if and only
if WiW, = Q*Q is analytic, i.e. W is minimal, and K* and Q are coprime.
However, by (10.2.19) and (10.2.35), QK = 0Q = W;1W,Q, which can be solved
for @ (and K) uniquely mod O. Hence W is determined once W has been chosen.
d

These result all hold for infinite- as well as finite-dimensional Markovian rep-
resentations. In the next section we consider the special case that X is finite di-
mensional, and in Section 10.5 we return to the general case.
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10.3 Forward and backward realizations for
finite-dimensional Markovian representations

Given a finite-dimensional Markovian representation (H, {U;}, X) determined by its
Markovian triplet (W, W, K) and its generating processes (dw,dw), in this section
we shall derive two stochastic realizations having the same splitting subspace X ~
(S,S), namely a forward realization ¥ corresponding to S with transfer function W
and generating noise dw, and a backward one ¥ corresponding to S with transfer
function W and generating noise dw. There are several reasons why it is natural
and useful to study such pairs (X, X) of stochastic realizations. There is an intrinsic
symmetry between past and future in the geometric theory which naturally carries
over to the state-space representation ¥ and 3. Recall, for example, that minimality
is characterized by the two conditions of observability and constructability which
are symmetric with respect to direction of time. As we shall see, observability is
a property of ¥ and constructibility a property of £. In applications to noncausal
estimation it is natural to consider, not only backward models, but also nonminimal
representations which are best understood in terms of pairs (X, ).

Lemma 10.3.1. Let (H,{U;},X) be a proper Markovian representation. Then X
is finite-dimensional if and only if its structural function K is rational.

Proof. By Theorem 7.3.6 and (10.2.8),
X =ESS = EH () H+ (i) = I, Tange{ Hk },

where Hy : ﬁ; — H; is the Hankel operator with symbol K sending f to j228 K,
the orthogonal projection of fK onto Hﬁ, which is finite-dimensional if and only if
K is rational [35, Theorem 3.8, p. 256]. O

Suppose that X is finite-dimensional and that K has McMillan degree n.
Then, by Lemma 10.3.1,

K(s) = M(s)M(s)™!, (10.3.1)

for some invertible p x p matrix polynomials M and M, which are right coprime, i.e.,
any right divisor is unimodular [35]. The matrix polynomials M and M are unique
modulo a common unimodular factor. Since K is inner, det M has all its roots in the
open left half of the complex plane, and, we have det M (s) = xdet M (—s), where
K is a complex number with modulus one. To maintain the symmetry between the
past and the future in our presentation, we also note that

K*(s) = M(s)M(s)™'. (10.3.2)

The following result shows that H(K), the isomorphic image of X under J;
(Theorem 10.2.8), consists of rational row-vector functions that that are strictly
proper; i.e., in each component, the numerator polynomial is is of lower degree than
the denominator polynomial.
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Theorem 10.3.2. Let K be a rational p X p inner function with the polynomial
matriz-fraction representation (10.3.1). Then

H(K)={gM™'|gecRP[s]; gM~" strictly proper}, (10.3.3)
where RP[s] is the vector space of p-dimensional row vectors of polynomials.

Proof. Let us first show that, if K is rational, the space H(K) consists of strictly
proper rational functions. To this end, set k := det K. Then Hgk C HI%K (35,
p. 187], and consequently H(K) C H(kI). Therefore, it is no restriction to to
consider the scalar case p = 1. In fact, if K is rational, then so is k. Hence, if we
can prove that the space H (k) of scalar functions consists of strictly proper rational
functions, the same holds true for H(kI) and thus for H(K). A scalar rational inner
function k is a finite Blaschke product; i.e., a finite product of coprime functions
ki(s) :== (s—s;)"i(s+35;) ", where for each i, s; is a complex number, §; its complex
conjugate, and v; is an integer. Then H?k = (), H?k;, and hence H (k) = \/, H (k;),
so it is enough to show that any H (k;) consists of strictly proper rational functions.
To this end, we quote from [28, p. 34] that

J
] . j=0,1,2...

) = 5 | e

S+§i 5+=§i

is an orthogonal basis in H?. However, e;k; = e;1, and hence H?k; is spanned by

{ev;,€v,+1, .- }. Therefore, H(k;) is the span of {eg,e1,...,e,, ,}, which is a space
of strictly proper rational functions. Consequently, the same is true for H(K), as
required.

Next, recall that
H(K)=Hyn(HK)={f e H)| fK* € H}}, (10.3.4)

and hence, for any f € H(K), f := fK* € H?. Now, in view of (10.3.2), f =
FMM~', and therefore
g:=fM=fM.

Since fM is analytic in the closed right half-plane and fM is analytic in the closed
left half-plane, g must be analytic in the whole complex plane. However, since f
is rational, then so is g, and therefore g € RP[s]. We have shown above that all
f:=gM~! € H(K) are strictly proper, and hence (10.3.3) follows from (10.3.4).
d

Corollary 10.3.3. Let (H, {U;}, X) be a finite-dimensional proper Markovian rep-
resentation of y [dy] with Markovian triplet (K,W.W). Then, if K is given by
(10.3.1), there is an m X p polynomial matriz N such that

W(s) = N(s)M(s)™*, (10.3.5a)

W(s) = N(s)M(s)~ . (10.3.5b)
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Moreover, W and W are proper rational matrix functions.

Proof. From (10.2.38a) it follows that W = WK, which together with (10.3.1)
yields WM = WM, which matrix function we name N. Since WM is analytic
in the right half plane and WM in the left, N must be an entire m x p matrix
function. Therefore, if we can show that W is rational, it follows that N is a
polynomial matrix.

To this end, consider first the stationary case. Then, a'W € Hg and o'W €
H?, and hence since

aW =dWK* foralla € R™, (10.3.6)

(10.3.4) implies that a’'W € H(K) for all a € R™. Hence W is rational and strictly
proper (Theorem 10.3.2). In the stationary-increment case (dy), a'W € W2 =
(1+s)H? and o'W € W2 = (1 — s)H} (Theorem 5.2.3). Therefore, restating
(10.3.6) to read

1 - 1

!/

W:
lfsa 1+s

JdWK*, forall a € R™,

where K(s) := K(s)% is inner and rational, we see that %Jrsa’W € H?, which con-
sists of (strictly proper) rational functions (Theorem 10.3.2). Hence W is rational

and proper. 0O

Corollary 10.3.4. The process y [dy] has a rational spectral density if and only if
it has a finite-dimensional Markovian representation.

Proof. The Markovian triplet of a finite-dimensional Markovian representation
consists of rational matrix functions (Lemma 10.3.1 and Corollary 10.3.3), and
hence the spectral density (10.2.27) must also be rational. Conversely, if the spectral
density is rational, so are the outer and conjugate outer spectral factors, and hence
the same holds for the phase function (10.2.35). Therefore the coprime factor K
in (10.2.23) is rational, and hence X is finite-dimensional (Lemma 10.3.1). 0O

The structural function (10.3.1) can also be expressed as minimal realization
K(s)=1-DB'(sI - A)™'B, (10.3.7)

where (A, B) and (A’, B) are reachable. Since the Markovian triplet (W, W, K)
is defined modulo orthogonal transformations (10.2.40), we can always choose a
version of K such that K(oco) = I. Since K is analytic, the eigenvalues of A lie in
the open left complex halfplane.

Lemma 10.3.5. Let K be a rational inner function with minimal realization

(10.3.7). Then
B =P 'B, (10.3.8)
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where P is the unique symmetric solution of the Lyapunov equation

AP+ PA' + BB =0. (10.3.9)

Proof. Given (10.3.7), we have
K(s)'=I1+B'(sI-A-BB)'B
and _
K*(s)=K(—s) =1+ B'(sI + A)™'B.
However, since K is inner, we must have K(s)~! = K*(s), and consequently there
is a regular matrix P such that
(A+BB',B,B') = (-PA'P™',PB,B'P71).

This implies that P satisfies the Lyapunov equation (10.3.7) and that B = P~'B,
as claimed. 0O

Lemma 10.3.6. Let K be a rational inner function with McMillan degree n and
minimal realization (10.3.7), and let H(K) and H(K) be the subspaces defined in
Theorem 10.2.8. Then, the rows of (sI — A)~1B form a basis in H(K) and the rows
of (sI + A")"'B form a basis in H(K*). In particular,

dim H(K) = dim H(K) = n. (10.3.10)

Proof. A straight-forward calculation using (10.3.8) and(10.3.9) yields
(sI — A)"'BK*(s) = P(sI + A")™1B. (10.3.11)

Therefore, since a’(sI — A)~'B € H? and o' P(sI + A')~'B € H? for all a € R", it
follows from (10.3.4) that

a'(sI —A)"'Be H(K), forallacRY

i.e., the rows of (sI — A)~!B all belong to H(K). To see that they actually span
H(K), first compare (10.3.1) and (10.3.7) to observe that degdet M = n, which
together with (10.3.3) implies that dim H(K) = n. Moreover, since (A, B) is reach-
able, the n rows of (sI — A)~!B are linearly independent, and consequently they
span H(K). The statements about H(K) follow by symmetry. [

Remark 10.3.7. For any f,g € H(K) there correspond a,b € R™ such that
f=d(sI—A)"'Band g=10V(s[ — A)~'B. Then

(f,9) K = a// (iwl — A)"'BB'(—iw — A')"'dwb = o' Pb =: (a,b)p,

— 00

2007/
page :



290 Chapter 10. Stochastic Realization Theory in Continuous Time

where P is the (positive definite) solution of the Lyapunov equation (10.3.9), thus
defining a scalar product with respect to the basis in Lemma 10.3.6.

In view of the fact that H(K) is the isomorphic image of X under Jy, the
results of Lemmas 10.3.1 and 10.3.6 may be summarized as follows.

Theorem 10.3.8. Let (H,{U;},X) be a proper Markovian representation. Then
X is finite-dimensional if and only if its structural function K is rational, in which
case the dimension of X equals the McMillan degree of K.

Theorem 10.3.9. Let (H,{U;},X) be an n-dimensional proper Markovian rep-
resentation with generating processes (dw,dw) and structural function K given by
(10.3.7), and consider the vector Markov processes x and T defined by

t
x(t):/ A7) Bdw(7), (10.3.12a)
I(t) = —/ e 7D Bdw(r). (10.3.12b)
t

Then x(0) and Z(0) are two bases in X. The processes x and T are related by the
linear transformation

z(t) = P~ a(t), (10.3.13)
where P := E{z(t)x(t)'} is the unique symmetric solution of the Lyapunov equation
(10.3.9) and B is given (10.3.8). Moreover,

dw = dw — B'zdt. (10.3.14)

Proof. Since A is a stability matrix, the integrals (10.3.12) are well-defined. More-
over, from (10.3.15a), we have

t [e3)
P :=FE{z(t)z(t)} = / AT BB AT g = / e BB e 7 do,
—oo 0
which clearly is constant. Therefore differentiation with respect to ¢ shows that P
is the unique solution of the Lyapunov equation (10.3.9).
In view of (3.6.4), (10.3.12a) can be written as (3.6.11) and analogously for
(10.3.12b); i.e.,

x(t) :/ et (iwl — A)~! Bduw, (10.3.15a)
z(t) :/ et (iwl + A')~' Bdw. (10.3.15b)

Therefore, by Theorem 10.2.8 and Lemma 10.3.5, Lemma 10.3.6 implies that z(0)
and Z(0) are bases in X, as claimed. Next, applying J;Miwe to both sides of
(10.3.11) and observing that Mg« = ngf]@ (Lemma 10.2.7), we obtain

/ e“!(iwl — A)~'Bd = P/ e (iwl + A") ™ Bduw;

— 00 — 00
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i.e., x(t) = PZ(t), which is the same as (10.3.13).
Finally, in view of (10.3.7) and (10.3.15a), (10.2.37) yields

@(h) — @(0) = / (i) K (i)

— 00

) h 00
/ xn(iw)did — / / e B'(iwl — A)~! Bdwdt
0 —00

. )
— w(h) — w(0) /O Ba(t)dt,

which establishes (10.3.14). O

Corollary 10.3.10. Let (H,{U;},X) be a finite-dimensional proper Markovian
representation of a stationary process y, and let the processes x and T be given by
(10.3.12). Then there are unique m x n matrices C' and C such that

y(t) = Cz(t) = Cz(t), C=CP, (10.3.16)
where P is the unique solution of the Lyapunov equation (10.3.9).

Proof. Since a’'y(0) € H-NH* € SNS = X for all a € R™ (Theorem 10.2.3)
and x(0) and Z(0) are bases in X (Theorem 10.3.9), there are matrices C' and C
such that y(0) = Cz(0) = CZ(0), to which we apply the shift U; componentwise to
obtain the required representations. Then, (10.3.13) yields C = CP. 0

Consequently given any Markovian representation (H, {U;}, X) of a stationary
process y, there two stochastic realizations of y, namely

dx = Azdt + Bdw - | | dz = —A’zdt + Bdw
(X0) (%) - (10.3.17)
y=Cux, y = Cx.
Here
{d'z(0) |a € R"} =X = {d'%(0) | a € R"}, (10.3.18)
and, since, by Theorem 10.2.3,
H=H (dv) & X & H" (dw), (10.3.19)

Y is a forward realization and ¥ is a backward one. In fact, the future input noise
in Xy is orthogonal to present state X and past output H~ C H™ (dw) making the
system forward, and the past input noise of 3¢ is orthogonal to present state and
future output Ht making ¥y a backward system.

Theorem 10.3.11. Let (H,{U;},X) be a finite-dimensional proper Markovian
representation of a stationary-increment process dy with incremental spectral density
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@, and let the processes x and T be given by (10.3.12). Then there are unique
matrices C, C and D such that

dy = Czdt + Ddw (10.3.20a)
dy = Czdt + Ddw. (10.3.20b)
W (00) satisfies

Here D = W (o0)
DD’ = R = &(), (10.3.21)
and the m x n matrices C and C satisfy
C=CP+DB. (10.3.22)
Moreover, the Markovian triplet (K, W, W) is given by (10.3.7) and
W(s)=C(sI — A~ *B+D (10.3.23a)
W(s)=C(sI+A) B+ D. (10.3.23b)

Proof. By Corollary 10.3.3, the analytic spectral factor W is a proper rational
matrix function. Hence, W = W (c0) + G, where G is strictly proper with rows in
H?. Therefore, since y(iw) = foh e™tdt,

oo

y(h) — y(0) = / i)W (i) i

oo )
= W(oo)[w(h) — w(0)] +/O z(t)dt,

where -

an(t) = / Gy (iw)did = Uyzn(0), k=1,2,...,m
with Gy, the k:th row of G; i.e., {2(t)}ter is the stationary vector process defined
by the conditional derivatives

o loos _
Zk(t)_lhlfolhE [yt +h) — ()], k=1,2,...,m,

where X ~ (S, S). Clearly, by Theorem 10.2.3,
dz(0)eEBSH  cE®S=SnS=X

for all a € R™. Therefore, since x(0) is a basis in X, there is an m x n matrix C
such that z(0) = Cz(0); i.e., z(t) = Cz(t). Hence, setting D := W (c0), we obtain
(10.3.20a). Then (10.3.23a) follows from this and (10.3.12a), and (10.3.21) is then
immediate. Next, inserting dw = dw + B’Zd¢, obtained from (10.3.14), (10.3.8) and
(10.3.13), into (10.3.20a), we obtain

dy = (CP + DB')zdt + Ddw,

2007/
page :



10.3. Forward and backward realizations: the finite-dimensional case 293

which is the same as (10.3.20b) if we set C' = CP + DB’. Then (10.3.23b) follows
from (10.3.12b). O

Combining the representations of Theorems 10.3.9 and 10.3.11, we have now
constructed a forward stochastic realization for (H, {U;}, X),

(10.3.24)

) dx = Azxdt + Bdw
dy = Czdt + Ddw

corresponding to the analytic spectral factor W and the forward generating process
dw and a backward realization for (H, {U,}, X),

_ | dz = —A'zdt + Bdw
{x vatt Baw (10.3.25)

), A ,
dy = Czdt + Ddw

corresponding to the coanalytic spectral factor W and the backward generating
process dw, such that (10.3.18) hold. As for the models without observation noise,
Yo and Xy, the forward and backward character of ¥ and X, respectively, is again
a consequence of the splitting property (10.3.19).

Remark 10.3.12. We notice here that, by choosing K to be normalized as in
(10.3.7), we can take D to be the same in the forward representation (10.3.20a) and
in the backward representation (10.3.20b) . Moreover, we may actually choose the
nonzero part of D to be the same for all Markovian representations by, for example,
choosing the arbitrary orthogonal transformation of dw so that

[g} - L@? ]f)?] (10.3.26)

where R'/? is the symmetric positive square root of R, and Bj is a full-rank matrix
chosen in some canonical way. This shows a drastic difference from the situation
in the discrete-time setting, where D could vary even in rank over the family of
minimal Markovian representations. Hence we will not encounter the fine structure
of degeneracy of Sections 8.8 and 9.3 in the continuous-time setting.

We close this section with the continuous-time versions of the results in Sec-
tion 6.6.

Theorem 10.3.13. Let (H,{U;},X) be a Markovian representation with forward
realization 3 [Xo] and backward realization 3 [$o] and Markovian triplet (K, W, W).
Then, then given the representations of Corollary 10.3.3, the following statements
are equivalent

(i) X is observable,
(i) (C,A) is observable,
(iii) the factorization W = NM~1 of (10.3.5a) is coprime.
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Symmetrically the following statements are equivalent
(iv) X is constructible,
(v) (C,A") is observable,
(vi) the factorization W = NM ™! of (10.3.5b) is coprime.

In particular, degW < dim X with equality if and only if X is observable, and
degW < dim X with equality if and only if X is constructible. Moreover, W [W] is
minimal if and only if its degree is minimal.

Proof. We consider only the first part. The second follows by symmetry. The
equivalence of (ii) and (iii) follows from, e.g., [35, p. 41], so it only remains to show
that (i) and (ii) are equivalent. To this end, let us first consider the stationary case.
Setting ¢ = a’z(0), £ € X N (HT)L if and only if

a’z(0) L v'y(t) for allb € R™ and t > 0; (10.3.27)

i.e., E{y(t)z(0)'}a = 0 all t > 0. However, since E{y(t)x(0)'}a = CeA*Pa, this is
equivalent to

Pa € () kerCe?, (10.3.28)
t=0
and consequently, since P is nonsingular, XN(H*)+ = 0 if and only if ;2 ker Ce/? =
0; i.e., (C, A) is observable [62]. Next, consider the case that dy is a process with
independent increments. Then (10.3.27) needs to be replace by

a'z(0) Lb'[y(t+h)—y(t)] forallbeR™ andt >0,

where h > 0. This is the same as E{[y(¢t + h) — y(¢)]x(0)'}a = 0 all ¢ > 0, or,
equivalently,

t+h

Ce*Padt =0, forallt>0and all h > 0,

t
which, in turn is equivalent, to (10.3.28). Hence (i) and (ii) are equivalent also in
this case.

Moreover, in view of the representations K = MM~' W = NM~! and

W = NM~!, where the first is always coprime, the degrees of W and W do not
exceed that of K. Moreover, deg W = dim X if and only if W = NM ! is coprime,
and degW = dim X if and only W = NM~! is coprime. Finally, given a spec-
tral factor W, let X be a corresponding observable Markovian splitting subspace.
Then deg W = dim X. Since W is minimal if and only if X is minimal (Proposi-
tion 10.2.19), and X is minimal if and only if dim X is minimal (Corollary 7.6.3), W
is minimal if and only deg W is minimal. The proof of the corresponding statement
for W is analogous. 0

Corollary 10.3.14. Let (H,{U;},X) be a Markovian representation with Marko-
vian triplet (K, W,W). Then the following conditions are equivalent.
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(i) X is minimal,
(il) W is minimal and degW = dim X,

(iii) W is minimal and deg W = dim X.

Proof. By Definition 10.2.18, W is minimal if and only if condition (ii)’ on page 278,
or, equivalently, X L N7 holds. By Theorem 10.3.13, deg W = dim X if and only if
X is observable. Hence the equivalence of (i) and (ii) follows from Theorem 10.2.9.
The equivalence of (i) and (iii) follows by symmetry. 0O

We also have the continuous-time counterpart of Corollary 6.6.5.

Corollary 10.3.15. A stochastic realization ¥ is minimal if and only if (1) (C, A)
is observable, (ii) (A, B) is reachable, and (iii) (CP + DB, A) is observable, where
P is the unique solution of the Lyapunov equation AP + PA’ + BB’ = 0.

Note that minimality of a stochastic realization is a condition that involves
both the forward and the backward realization. Moreover, the minimal realizations
are characterized by the numerator polynomial matrix N, W and W having the
same zeros.

Theorems 10.3.13 and 10.2.9 suggest a procedure for determining a coprime
factorizaton of W = WK for any analytic rational spectral factor.

Corollary 10.3.16. Let W be an analytic rational spectral factor, let W = NM~1
be a coprime matriz fraction representation, and let M be the solution of the matriz
polynomial factorization problem

M(—s)'M(s) = M(—s)'M(s) (10.3.29)

with all its zeros in the right half plane. Then the coprime factorization problem
W = WK has the solution K = MM~ and W = NM ™', where the latter repre-
sentation is coprime if and only if W is a minimal spectral factor.

Proof. Since W = NM~! is coprime, the corresponding X is observable (Theo-
rem 10.3.13). Then K* and Q are right coprime (Theorem 10.2.8); i.e., the fac-
torization W = WK is coprime. Then W = NM~! is coprime if and only if X
is minimal (Theorem 10.3.13), which in turn holds if and only if W is minimal
(Theorem 10.2.9). 0O

10.4 Spectral factorization and Kalman filtering

In Section 7.7 we parametrized the family X of equivalence classes of minimal Marko-
vian splitting subspaces by a set P of covariance matrices; see Remark 7.7.6. One of
the main results of this section identifies the set P with the solution set of a certain
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linear matrix inequality and connects this with spectral factorization. This estab-
lishes a one-one correspondence between X and the family (of equivalence classes)
of minimal spectral factors, in harmony with Proposition 10.2.19.

Uniform choice of bases

Let (H, {Ut}, X) be an n-dimensional proper Markovian representation with forward
and backward realizations, ¥ and X, given by (10.3.24) and (10.3.25), respectively.
From (10.3.12a) we have, for ¢t > 0,

Ur(X)a'z(0) = a’eMx(0), for all a € R, (10.4.1)

where U(X) is the restricted shift (10.2.5).

Now, consider the partial ordering of minimal Markovian splitting subspaces
introduced in Section 7.7, and, in particular, the continuous-time version of Defini-
tion 8.6.1. Following Section 7.7, and in analogy with the theory of Section 8.6 for
the discrete-time setting, we introduce a uniform choice of bases for the family of
minimal Markovian splitting subspaces by first fixing a basis 24 (0) in X4 and then
choosing the basis #(0) in any other minimal X so that

a'z(0) = EX o'z, (0), for all a € R™. (10.4.2)
As discussed in Section 7.7, the covariance matrices
P =E{z(0)z(0)'} (10.4.3)

of the corresponding bases form a set P that is partially order so that P < P, if
and only if X; < X5 (Definition 7.7.1 and Proposition 7.7.7).There is a one-one cor-
respondence between P and X, the set of equivalence classes of minimal Markovian
splitting subspaces. In fact, in this ordering, P has a minimal element P_, corre-
sponding to the predictor space X_, and a maximal element P, , corresponding to
the backward predictor space X (Theorem 7.7.3).

Theorem 10.4.1. Consider the family of minimal Markovian representations of
a stationary increment process dy with rational spectral density. Then all forward-
backward pairs (£,3) of stochastic realizations (10.3.24)—(10.3.25) corresponding to
a uniform choice of basis (10.4.2) have the same matrices A, C, and C. Conversely,
for any realization (10.3.24) [(10.3.25)] there is a choice of basis x4 (0) in X4 so
that (10.4.2) holds.

Proof. Since dy has a rational spectral density, all finite-dimensional Markovian
splitting subspaces are finite-dimensional (Corollary 10.3.4 and Theorem 7.6.1).
Let X ~ (S,S) be an arbitrary minimal Markovian splitting subspace. We want
to prove that (A, C,C) corresponding to X equals (A, C,C,) corresponding to
X, ~ (S4,S,). First note that (10.4.2) may be written

a'z(0) = O*a’x4(0), for all a € R™, (10.4.4)
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where O is the restricted observability map of Corollary 7.6.5, which, in the present
finite-dimensional setting, is invertible (Corollary 7.6.6 and Theorem 10.2.9). More-
over, by Corollary 7.6.6, we have

Uy(X)0*a' 54 (0) = O*Uy (X4 )a' x4 (0),

and, since the left member equals Uy (X )a’z(0) because of (10.4.4), this is, in view
of (10.4.1), equivalent to

a'ez(0) = 0*a’ et (0).
Again applying (10.4.4), this is seen to be the same as
a' ez (0) = a’ e+t (0),

yielding a’e*P = a’eA+tP for all ¢ € R™ and t > 0, where P := E{x(0)z(0)'} is
nonsingular. This proves that A = A.
Next, recall from the proof of Theorem 10.3.11 that

V'O (0) = lim ES b/[y(h) — y(0)] = lim EXV[y(h) — y(0)]

for all b € R™. Since X is minimal, X | N* (Theorem 10.2.9), and hence, since
S, = (N)1, we have X C S, @ Ht. Therefore, since b'[y(h) — y(0)] L H,

V' Cw(0) = TmE>* ¥[y(h) — y(0)] = E* ¥/Cha+.(0) = ¥/ C1(0),

where the last equality follows from (10.4.2). This establishes that C = C.. A
symmetric argument shows that C' = C_. Then, taking X = X, it follows that
C, = C_, and hence C = C, for any minimal X. Finally, to prove the last
statement of the lemma, note that, since O* is invertible, x,(0) can be solved
uniquely in terms of x(0) from (10.4.4). If instead Z(0) is given, x(0) can first be

determined from (10.3.13). 0O

Spectral factorization, the Linear Matrix Inequality and set P

Since the matrices A, C',C' and R are invariant with the uniform choice of bases,
one should be able to determine them from the spectral density ®. To show that
this is indeed the case, insert (10.3.23a) into (10.2.27) to obtain

®(s) = [C(s] = A)T'B + D)[B'(—sI = A)~'C" + D]
=C(sI — A)"'BB/(—sI — A)"'C' + C(sI — A)~'BD’
+DB/(=s = A)7IC" + DD, (10.4.5)

Now, let P be the unique symmetric solution of the Lyapunov equation AP+ PA’ +
BB’ =0, given by (10.3.9), which we rewrite the form

BB' = (sI — A)P + P(—sI — A"). (10.4.6)
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Inserting this into (10.4.5) then yields
D(s) = Dy (s) + Dy (), (10.4.7)

where, setting C' := CP + DB’ as in (10.5.57) and DD’ = R as in (10.3.21),
- 1
O, (s)=C(sI —A)'C" + 31 (10.4.8)

An analytic function ® satisfying (10.4.7), where ® is a spectral density, is called
positive real, and hence we shall refer to (10.4.8) as the positive real part of ®. We
note that ®; can be determined from ® by partial fraction expansion.

From this construction we also have the following simple but important ob-
servation.

Proposition 10.4.2. For any rational analytic spectral factor W of @,
1
degW > deg @, = 3 deg @, (10.4.9)

where @ is the positive real part of ®. If W is a minimal spectral factor, degW =
deg @, .

Proof. Let (A,B,C,D) be a minimal realization of W. Then, if A is n x n,
deg W = n. From the construction above we have deg ®; < n, and hence deg W >
deg @ ;. From (10.4.8) we have deg ® = 2deg ®. In view of Theorem 10.3.13, to
prove the last statement we only need to show that the equality can be attained in
(10.4.9). To this end, let now (C, A, C, %R) be a minimal realization of ®. Then,
the Markovian splitting subspace X with the basis (0) given by (10.3.12a) yields
the stochastic realization (10.3.24) with transfer function (10.3.23a). Then, if A is
nxn,dimX =n = dim ®, and consequently deg W = n by Theorem 10.3.13 and
(10.4.9). O

Conversely, suppose that @ is given, and let (10.4.8) be a minimal realization
of ®+; i.e., (C,A) is observable and (A, (") is reachable, or, equivalently, (C, A)
and (C, A’) are observable. Then it follows from (10.4.7) that

ol el AN—1pv
O(s) = [C(s] — A)~' 1] {g C};] {( st ;4) C} (10.4.10)
However, in view of the identity
—AP — PA' = (s — A)P + P(—sI — A'),
we have, for all symmetric P
_ _ o ! _ _AN—=1pw
0=[C(sI —A)~" 1] AI_DCPPA ch} [( st IA) C], (10.4.11)
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which added to (10.4.10) yields

oT _ AN—=1pw

®(s) = [C(s] — A)~" 1] M(P) {( st IA) C} : (10.4.12)

where M : R — R(v+m)x(n+m) g the linear map

—AP - PA" (O — PC’

M(P) = [ G op & } . (10.4.13)

If therefore P satisfies the Linear Matriz Inequality
M(P) >0, (10.4.14)

there is a minimal factorization

B / /

M(P) = [D} [B" D'], (10.4.15)

D is unique modulo an orthogonal transformation from the left.

Inserted into (10.4.12), this yields

where the factor [B

W(s)W(-s)" = ®(s), (10.4.16)

where
W(s)=C(sI —A)~'B+D. (10.4.17)

Theorem 10.4.3 (Positive Real Lemma). The rational matriz function @4
with minimal realization (10.4.8) is positive real if and only if the Linear Matriz

Inequality (10.4.14) has a symmetric solution P.

Therefore the equations

AP+ PA' + BB =0 (10.4.18a)
PC' +BD' = (' (10.4.18b)
DD' =R (10.4.18¢)

are called the positive-real-lemma equations.

Proof. Suppose that P is a symmetric matrix satisfying (10.4.14). Then M (P)
can be factored as in (10.4.15) to yield a spectral factor (10.4.17). Hence

_ _ -1
[C(sT— A)~' 1] M(P) {( oI = 4) C} — W ()W (—s),
from which we subtract the identity (10.4.11) to yield
Dy (s)+ Py(—s)=W(s)W(—s). (10.4.19)
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Hence @ is positive real. Conversely, if ® is positive real, there is a spectral
factor W that we may take to be minimal so that (10.4.19). Let

W(s)=H(sI —F)"'B+D (10.4.20)

be a minimal realization. Moreover, let P be the unique solution of the Lyapunov
equation FP+PF'+BB’ = 0 and set G := PH'+BD’. Then, forming W (s)W(—s)
as in (10.4.5), we obtain (10.4.7), where now the positive part of ® becomes

1
Dy (s)=H(sl — A)7'G + 5DD'.
However, then there must be a nonsingular matrix 7" such that
(H,F,G) = (CT~', TAT~', TC").

Then, choosing T' = I, P satisfies the positive-real lemma equations (10.4.18), and
hence M(P) >0. O

Theorem 10.4.4. Given a minimal realization (10.4.8) of the positive real part
O, of the spectral density ®, let M be the linear map given by (10.4.13). Then
there is a one-one correspondence between the symmetric solutions of the the linear
matriz inequality (10.4.14) and the family of equivalence classes of minimal spectral

factors of ®. In fact, given a symmetric solution P of (10.4.14), take [g} to be

the unique (mod O) full-rank factor of M(P) as in (10.4.15) and let W(s) be given
by (10.4.17). Then W is a minimal spectral factor. Viceversa, given an equivalence
class [W] of W as in (10.4.17), there is a unique symmetric P > 0 solving (10.4.18)
and hence (10.4.14).

Proof. Let P be a solution of (10.4.14). If the matrix A is n X n, deg®; = n.
Then the spectral factor (10.4.17), obtained by the construction above, satisfies
degW < n. Hence, by Proposition 10.4.2, W is minimal. Conversely, given a
minimal spectral factor (10.4.17) with minimal realization (10.4.20), proceed as in
the end of the proof of Theorem 10.4.3 to show that there is a unique P such that
MP)>0. O

We are now in a position to prove the following theorem, which establishes
every symmetric solution P of (10.4.14) as a legitimate state covariance.

Theorem 10.4.5. The ordered set P of state covariances (10.4.3) is precisely the
set of all symmetric solutions of the linear matriz inequality (10.4.14).

Proof. By definition, each P € P corresponds to a minimal stochastic realization
(10.3.24). Therefore, Theorems 10.3.9 and 10.3.11 imply that P satisfies (10.4.18)
for some (B, D), and hence (10.4.14). Conversely, suppose that P satisfies the lin-
ear matrix inequality (10.4.14). Let W be a corresponding minimal spectral factor
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(10.4.17), prescribed by Theorem 10.4.4. Then, choosing an arbitrary dz of appro-
priate dimension, (10.2.43) defines a generating process dw, which together with
(A, B,C, D) yields a forward realization (10.3.24) with a state process (10.3.12a)
such that 2(0) has the covariance matrix P and is a basis in the corresponding
splitting subspace X (Theorem 10.3.9). Now, dim X = deg W, and hence, since W
is minimal, X is minimal (Corollary 10.3.14). Then, by Theorem 10.4.1, there is a
basis 24+ (0) in X and a corresponding stochastic realization X having parameters
(A,C,C) and a state process z; such that (10.4.2) holds. Hence P € P, as claimed.
ad

In particular, it follows from this theorem and Theorem 10.4.5 that two finite-
dimensional minimal Markovian splitting subspaces are equivalent (in the sense
defined in Section 7.7) if and only if they have the same analytic (coanalytic) spectral

factor W (W) mod O.

Theorem 10.4.6. The family P is a closed, bounded, convexr set with a mazximal
element Py and a minimal element P_. Here Py = E{x(0)x4(0)}, where x4 (0)
is the selected basis in the backward predictor space X4, and P— = E{z_(0)x_(0)},
where x_(0) is the uniformly chosen basis in the predictor space X_, i.e., a’xz_(0) =
EX- 'z, (0) for all a € R".

Proof. 1t follows immediately from the linear matrix inequality (10.4.14) that P is
closed and convex. Proposition 7.7.5 states that the partially ordered set P and X are
isomorphic. Therefore, since X has a maximal element, X, and a minimal element,
X_, given by (7.7.9), there are corresponding P, and P_ with the properties stated.
From this it also follows that P is bounded. 0O

The algebraic Riccati inequality

Recall that a rational spectral density ® is a rational m x m matrix function that
is positive semidefinite on the imaginary axis I and parahermitian in the sense that

As before, we assume that the positive real part &, has the minimal realization
-, 1
O, (s)=C(sI — A" + 5B (10.4.21)

where R := &(00).

From now on we shall also assume that the spectral density ® is coercive; i.e.,
® has no zeros on the imaginary axis [ including the points at infinity. In particular
this implies that R > 0. Then the set P can be identified with the symmetric
solutions of the algebraic Riccati inequality

A(P) <0, (10.4.22)
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where A : R™*™ — R™*" is the quadratic matrix function
A(P) = AP + PA' 4+ (C - CP)R'(C - CP) (10.4.23)

where (A4,C,C) are given by (10.4.21). In fact, since R > 0, M(P) can be block
diagonalized as

I T I 0] [-AP) 0

{o I]M(P){T’ I]{ 0 R}

T=—(C—-CP)R™,

from which it follows that M (P) > 0 if and only if A(P) < 0. Moreover, for any
Pe?,

where

p:=rank M(P) = m + rank A(P) > m.

Consequently, in view of (10.4.12), (10.4.15) and (10.4.17), those P € P that cor-
respond to square m X m specttral factors W, and hence to internal Markovian
representations, are precisely those that satisfy the Algebraic Riccati Equation

A(P) = 0. (10.4.24)
Proposition 10.4.7. Suppose R := ®(o0) > 0. Then
P={P| P =P; A(P) <0}. (10.4.25)

Moreover, the subset Py C P corresponding to internal Markovian splitting subspaces
s given by
Po={P|P =P; A(P)=0}. (10.4.26)

It is convenient in this situation to fix a representative in each equivalence
class of spectral factors by choosing the arbitrary orthogonal transformation in the
factorization of (10.4.15) so that (10.3.26) holds. Then (10.4.18b) can be solved for
Bl; i.e.,

B, = (C — PC) R™'/?, (10.4.27)

which inserted in (10.4.18b) yields
A(P) = —B3B,. (10.4.28)

Now, to each P € P there corresponds in a one-to-one fashion an element in X;
i.e., an equivalence class of minimal Markovian splitting subspaces with a forward
realization

dz = Azdt + Bydu + Bad
{m et Brou ot Badv (10.4.29)

dy = Czdt + RY?du
which is uniquely determined except for the arbitrariness of the possible external

part of the driving noise dw = du} . Clearly, the internal realizations (10.4.29) are

dv
precisely those for which By = 0 so that (10.4.24) holds.
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Kalman filtering

Let ¥ be a linear observable (but not necesserily minimal) stochastic system (10.3.24)
with state covariance P, and let H[B 4 (dy) be the subspace generated by the ob-

served process dy on the finite interval [0,¢]. Then the linear minimum-variance
estimate {Z(t) | t > 0} defined by

a'#(t) = ERoa) o/2(¢),  for all a € R™ and ¢ > 0, (10.4.30)
is given by the Kalman filter
di = Addt + K(t)[dy — Cidt], (0) =0, (10.4.31)

where the gain
K(t)=[Q(t)C" + BD'R™! (10.4.32)

is determined by the error covariance matrix function
Q(t) = E{fx(t) — £()][x(t) — 2(t)]'}, (10.4.33)

which satisfies the matrix Riccati equation

(10.4.34)

Q= AQ + QA — (QC" + BD')R~Y(QC' + BD') + BB’
QUO)="P

(See,e.g., [62].) It is also well-known and is demonstrated below (Corollary 10.4.10),
that, under the present conditions, Q(t) tends to a limit Qs > 0 as t — oo, thus
defining a steady-state Kalman filter

di = Azdt + Koo[dy — CZdt], (10.4.35)
where the gain K, is constant, the system is defined on the whole real line, and
d'ioo(t) = EVH o/2(t), for all a € R” and all ¢ € R. (10.4.36)

Let the stationary process represented by this system be denoted & (¢). Then,
because the innovation process

dv = RY?[dy — Ciodt] (10.4.37)

is a Wiener process (see, e.g., [80] for details), (10.4.35) defines a stochastic realiza-
tion

oo = Adoodt + Koo R™1/2d
{”” Toolt v (10.4.38)

dy = Cioodt + RY?dv

of dy on the real line. By assumption, the Markovian splitting subspace X defined
by ¥ is observable, and hence Proposition 7.4.13 and Corollary 7.4.14 imply that

EH X =X_. (10.4.39)
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Consequently, since
E™ a/z(0) = d’i0(0), for all a € R”, (10.4.40)

Z0o(0) is a generator of X_. As explained in Section 10.1, #,(0) is a basis if and
only if the model (10.4.38) is reachable. We shall prove that reachability of (10.4.38)
is equivalent to minimality of the underlying model X.

Proposition 10.4.8. An observable system % is a minimal realization of dy if and
only if its steady state Kalman filter (10.4.38) is reachable.

Proof. Let the dimension of X_ be n. Then all minimal X have this dimension
(Theorem 7.6.1). We have already seen above that (10.4.38) is reachable if and
only if the dimension of #(0) is n. However, dim X < dim 2(0) = dim £ (0), and
consequently (10.4.38) is reachable if and only if dim X < n, from which the stated
result follows. 0O

Now, suppose that the linear stochastic system 3, regarded as a realization
of dy, is minimal. Then, it follows from what has just been discussed that the
steady-state Kalman filtering estimate &, equals z_, the (forward) state process
corresponding to the predictor space X_ in a uniform basis. To see this, com-
pare (10.4.40) with (7.7.15) in Proposition 7.7.7, remembering that, by splitting,
EF A=E* Mforall A€ SO X.

With ¥ being an arbitrary minimal stochastic realization, we would like to
express the Kalman-filtering equations (10.4.32) and (10.4.34) in terms of the in-
variant parameters (A,C,C, R) of the realization (10.4.21) of ®,. To this end,
introduce a change of variables

() := E{2(t)2(t)'} = P — Q(t) (10.4.41)

and use the positive real lemma equations (10.4.18) to transform (10.4.32) and
(10.4.34) into
Kit)=[C-Ccu@r* (10.4.42)

and
I = A(II), II(0) =0, (10.4.43)

where A is defined by (10.4.23). The matrix Riccati equation (10.4.43) is invariant
in the sense that it is independent of the particular choice of model ¥, in harmony
with the property (10.4.43).

Proposition 10.4.9. The matriz Riccati equation (10.4.43) has a unique solution
fort € (0,00). Moreover, for each P € P,

0<T(r) <T({t) < P, 1<t (10.4.44)

Finally, as t — oo, II(t) — P- € Py.
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Proof. First note that P—TII(t) = Q(t) > 0 for all t > 0. This establishes the upper
bound. Next, differentiate (10.4.43) to obtain the matrix differential equation

I =TI+, 1(0) = A(0) = CR™C,

where I' := A — (C — CTI)) R~!C. Integrating this, we obtain
. t — —
fi(t) = / U(t, 7\ ORI, 7Y dr > 0,
0
where ¥ is the Green’s function satisfying

0

a\ll(t,T) =TV, 1), Y(r,7)=1.

Consequently, II is monotone nondecreasing and bounded from above. Therefore,
as t — oo, I(t) tends to a limit I, which must satisfy I, < P for all P € P.
However, A(Il) = 0; i.e., I, € Py C P. Consequently, P = P_, as claimed. O

In view (10.4.41), we immediately have the following corollary of Proposi-
tion 10.4.9.

Corollary 10.4.10. The matriz Riccati equation (10.4.34) has a unique solution
fort € (0,00), and Q(t) tends to a limit Qs > 0 as t — oo.

Analogously, starting from a minimal backward realization (10.3.25), we can
define a backward Kalman filter, the steady-state version of which can be identified
with the backward realization of X ;. This yields a dual matrix Riccati equation

I =A(I), M(0) =0, (10.4.45)

where

A(P)= AP+ (PA+(C—C(PYRY(C—C(P). (10.4.46)

A symmetric argument then shows that
() — P = (Py) ! (10.4.47)

and P, < P, or, equivalently, P < P, or all P € P.

10.5 Forward and backward stochastic realizations
(the general case)

In Section 10.3, given a Markovian representation (H, {U;}, X) of finite dimension
n, we constructed a state process {z(t); t € R} taking values in R” and forward and
backward differential equation representations for it. If (H, {U;}, X) is a Markovian
representation of a stationary process y, this construction leads to pair of forward
and backward realizations (10.3.17). Similarly if (H,{U;}, X) corresponds to a
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stationary increment process dy, the construction leads to a pair of realizations
(10.3.24)—(10.3.25). This corresponds to the situation where y (dy) has a rational
spectral density (incremental spectral density).

On the other hand, the geometric theory of Markovian representations is ab-
solutely independent of any restrictions of the dimension of X. Moreover, many
engineering problems involve random processes with nonrational spectra, e.g. tur-
bulence, wave spectra, gyroscopic noise, etc. The natural question to ask at this
point is thus the following. Given a Markovian splitting subspace of an infinite
dimension, when is it possible to obtain differential equation representations of the
type described above?

This is basically a representation problem in which one seeks a global descrip-
tion in terms of local or infinitesimal data. As such it has no meaningful solution
in general. Obtaining differential equation representations for a process with non-
rational spectrum necessarily involves restrictions of a technical nature (essentially
smoothness conditions) on the underlying spectral factors; such restrictions do not
occur in discrete-time setting of Chapter 8. The elucidation of these conditions is
one of the goals of this section. Note that there are several possible mathematical
frameworks for infinite-dimensional Markov processes as solutions of stochastic dif-
ferential equations, all of which coincide when specialized to the finite- dimensional
case. Here we shall work in a setting which looks most natural to us, but other
approaches are possible.

Forward state representation

Suppose that (H, {U;}, X) is an infinite-dimensional, proper Markovian representa-
tion with the forward generating process dw. As in Section 8.7 (p. 220) we want
to construct an X-valued stochastic process, where X is define from X via an iso-
morphism T : X — X such that (T¢,Tn)x = (&,n)x. To this end, we define X
as

X = (Ju) X, (10.5.1)
where J,, is defined (10.2.9); i.e.,

i = [ 7 tydu(r).

Now, recalling that (J;)"'X = H(K) and that (J;)~'J, = §, the (L?) Fourier
transform, §X = H(K) C H}; see (10.2.10) and Theorem 3.5.6. Consequently, f
vanishes on the negative real axis, so, as T* =T~ ! = Jw|x, we actually have

0
Tf = / F(—t)dw(?). (10.5.2)
We recall from Section 10.2 that

U(X) = EX Uy x (10.5.3)
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defines a strongly continuous contraction semigroup {U;(X); ¢ > 0} satisfying
(7.5.3). The infinitesimal generator

= fim JX) =1
h—0+ h

is a closed (unbounded) linear operator with a domain D(T") that is dense in X; see,
e.g., [129, 71]. Moreover, the adjoint I'* is the infinitesimal generator of the adjoint
semigroup {U;(X)*; ¢t > 0} [71, p. 251].

In analogy with the construction in Section 8.7, we define

A :=TI*T*, (10.5.4)

which is then the infinitesimal generator of a contraction semigroup which we denote
{eAt; t > 0}. Likewise, A* is the infinitesimal generator of the adjoint semigroup
which we denote {e4"*; t > 0}. Consequently,

e = TU,(X)*T* and et := TU,(X)T*. (10.5.5)

The domains D(A) and D(A*) are both dense in X.
Now, for an arbitrary £ € X, let f € X be the corresponding point in the state
space; i.e., f = T¢&. Then, in view of (10.5.2),

0 t
Uil = [ f(=n)dw(t +1t) = [ ft —7)dw(T). (10.5.6)

Then, since S = H™ (dw), (7.5.5a) yields

U, (X)¢ = / £(t = 7)du(r),

and consequently

A*t _Jft+71) forT >0,
() = {0 for 7 < 0. (10.5.7)

Therefore, whenever defined, A* f is the derivative of f in the L? sense.
Now, by a standard construction, define Z to be the domain D(A*) of the
unbounded operator A* equipped with the graph topology

(f,9)2 = (f,9)x + (A" f, A"g)x. (10.5.8)

Since A* is a closed operator with a dense domain, Z is a Hilbert space that is
densely embedded in X. The topology of Z is stronger than that of X, and therefore
all continuous linear functionals on X are continuous on Z as well. Consequently, we
can think of the dual space X* as embedded in the dual space Z*. Then, identifying
X* with X we have

ZCXcCzr, (10.5.9)

where Z is dense in X, which in turn is dense in Z*. We shall write (f, f*) to denote
the value of the linear functional f* € Z* evaluated at f € Z (or, by reflexivity,
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the value at f* of f regarded as a functional on Z*. Clearly, the bilinear form
(f, [*) coincides with the inner product (f, f*)x whenever f* € X. Since A*f is
the derivative of f, Z is a subspace of the Sobolev space H!(RT), and Z* is a space
of distributions (see, e.g., [5]).
In same way, we define Z as the space obtained by equipping D(T") with the
graph topology
(€&mz = (&mx + (I, Ipx. (10.5.10)

Then Z is continuously embedded in the splitting subspace X, and (10.5.9) corre-
sponds to
ZCcXCZ. (10.5.11)

Returning to the setting of (10.5.9), define @ : Z — X to be the differentiation
operator on Z. Then Qf = A*f for all f € Z, but, since |Qf||x < |||z, Q is a
bounded operator (in the Z-topology). Its adjoint @* : X — Z* is the extension of
A to X, because (f,Q*g) = (A*f, g)x. Since {eA’%; t > 0} is a strongly continuous
contraction semigroup, @ is dissipative; i.e., (Qf, f)x <0 for all f € Z, and I — Q
maps Z onto X; i.e.,

(I-Q)2=X (10.5.12)
[129, p. 250]. Moreover, in view of the dissipative property,
I = Q)% = IF1% + 1R (10.5.13)

and therefore I — @Q is injective. Consequently, (I — Q)™ : X — Z is defined on all
of X, and, as can be seen from (10.5.13), it is a bounded operator. Likewise, the
adjoint (I — Q*)~! is a bounded operator mapping Z* onto X. Finally,

I£1Z < 1= Q) f 1% < 2011 (10.5.14)

In fact, the first inequality is precisely (10.5.13), whereas the second follows from
the inequality (a —b) < 2(a + b)2.
For later reference, we state the following simple lemma.

Lemma 10.5.1. A subset M is dense in Z if and only if (I — Q)M is dense in X.

Proof. Suppose that (I — Q)M is dense in X. Then (10.5.12) and the first of the
inequalities (10.5.14) imply that M is dense in Z. Conversely, if M is dense in Z,
(10.5.12) and the second of the inequalities (10.5.14) imply that (I — Q)M is dense
inX. O

Let f € Z. Since Z is a subspace of the Sobolev space H!(R'), which is
contained in the space of continuous functions (with a stronger topology) [5, p.
195], we can evaluate f at each point, and consequently, (10.5.7) yields

F&) = () (0). (10.5.15)

However, X is our state space, and therefore we use (10.5.12) to reformulate (10.5.15)
as

FO) =1 = Q)" (I - Q)f1(0). (10.5.16)

2007/
page -



10.5. Forward and backward stochastic realizations (the general case) 309

In fact, since A* commutes with e4"*, then so does (I — Q). Now, since (I — Q)"
maps X to Z,

Bg = [(I-Q)'4)(0) (10.5.17)

defines a bounded map B* : X — RP. Let B : RP — X be its adjoint. Then
(10.5.16) may be written
f(t)=B*er I - Q)f, (10.5.18)

and therefore, if ey is the kth unit axis vector in RP,
fiut) = (B* eI = Q) f,en)rr = (I = Q)fseMBer)x, k=1,2,....p;

that is,
fe(t) = (g, e MBep)x, k=1,2,...,p, (10.5.19)

where g := (I — Q)f. This together with (10.5.6) yields, for each ¢ € Z, the
representation

P t
Uil = Z/ (9,67 Bey)xdwg(7), (10.5.20)
k=1Y >

where g = (I — Q)T¢.
Now define the X-valued stochastic integral

t
x(t) = / A7) Bdw(r) (10.5.21)
for each t € R in the weak sense described in Section 8.7 via the recipe
Pt
(g, z(t))x == Z/ (g, Bey)x dwy (7). (10.5.22)
k=17~

In fact, since (10.5.19) is square-integrable by construction, the right member of
(10.5.19) is well-defined. Then, for any & € Z, (10.5.20) yields

Ui& = (g, z(t))x, (10.5.23)

where g := (I — Q)T¢ is the corresponding function in X. Consequently, for each
& € Z thereis a g € X such that & = (g, z(0))x; i.e., z(0) is a (weak) exact generator
of Z. Moreover since Z is dense in X,

cd{{g,2(0))x | g € X} = X; (10.5.24)

i.e., x(0) is a (weak) generator of X that is not exact. Moreover, if f; :== (I—-Q)"'g;,
i = 1,2, a straight-forward calculation yields

E{(g1, 2(0))xc(g2, 2(0))xx} = (f1, f2))x = (91, Pga)x, (10.5.25)

where P : X — X is the state covariance operator

P=(I-A)""1-A9"" (10.5.26)
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Theorem 10.5.2. Let (H,{U;},X) be a proper Markovian representation with
the forward generating process w, and let X := (J,,)~*X. Let the operators A and
B be defined by (10.5.4) and (10.5.17), respectively, and let {x(t)}icr be the X-
valued stochastic process defined in the weak sense via (10.5.22). Then, if T is the
infinitesimal generator of Up(X),

{{g,2(0))x | g € X} =D(T) C X, (10.5.27)
where D(T) is dense in X. In fact, for any & € D(T), there is a g € X such that

Ui = (g, z(t))x, (10.5.28)

and it is given by g :== (I — A*)TE. The pair (A, B) is reachable in the sense that
Ng° ker B*eA™t = 0. Finally the covariance operator (10.5.26) satisfies the Lyapunov
equation

AP + PA* + BB* = 0. (10.5.29)

Proof. Tt only remains to prove that (A, B) is reachable and tha (10.5.29) holds. In
view of (10.5.18), g € Ny>o ker B*e”"* holds if and only if f = 0; i.e., g = 0, which
proves reachability. To prove that (10.5.26) satisfies the the Lyapunov equation
(10.5.29), recall A* f = Qf for all f € D(A*), where @ is the differentiation operator.
Let g1,92 € X. Then f; = (I — A*)"1g; € Z,i=1,2, and

(A" f1, fa)a + (f1, A" fa)x = /Ooo(flfé + fifs)dt = —f1(0)f2(0).  (10.5.30)
Also, in view of (10.5.18),
(g1, BB*g2)x = (B*(I — Q) f1, B*(I — Q) fo)rr = f1(0)f2(0)". (10.5.31)
Now adding (10.5.30) and (10.5.31) we obtain
(g1, (AP + PA* + BB*)ga)x = 0,

where P := (I — A)~Y(I — A*)~!, as claimed. O

Backward state representation

To develop a backward state representation, define the operator T to be restriction
of (J)~! to X, where J is given by (10.2.11); i.e.,

T = /jo F(=t)dw(?).

Then, setting X := TX, T : X — X is an isomorphism such that (T¢,Tn)y =
(¢,m)x. Since J;, defined by (10.2.12), equals J5F !, where § is the (L?) Fourier
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transform, §X = H(K*) C Hg , f vanishes on the negative real axis, so we actually
have

T f = /OO f(—t)dw(t). (10.5.32)
0
Moreover,
A:=1TTT* (10.5.33)

and its adjoint A* are the infinitesimal generators of two adjoint semigroups which
we denote

A= TU(X)T* and A = TU(X)*T*, (10.5.34)
and the domains D(A) and D(A*) are clearly dense in X.

For an arbitrary £ € X,
Ui :/ f(t —7)dw(r), (10.5.35)
t

where f = T¢, and therefore

U (X)*€ = ES/ f(=t —7)dw(r /f —t — 7)dw(T).

Consequently,

1 _ {f(—t+T) for 7 > 0, (10.5.36)

o
(™) 0 for 7 < 0,

so A* is a differentiation operator. Hence, defining 2 to be D(A*) equipped with
the corresponding graph topology and Z := T*Z to be the corresponding space of
stochastic variables, we may define an operator Q : Z — X such that Qf = A*f for
all f € Z. Moreover, for all f € Z, (10.5.36) yields

f(=t) = ("HO) = [T - Q) ™I -Q)f)0), t=0. (10.5.37)
Now, let B : RP — X be defined via its adjoint
Bg = [(I - Q)~'5)(0) (10.5.38)
Then, in view of (10.5.37),
J(=t) = B*eA (1 - Q)f
Therefore, analogously to the forward setting,
Fu(=t) = (g, eMBer)x, k=1,2,....p, (10.5.39)
where g := (I — Q)f. Consequently, in view of (10.5.35), for each ¢ € Z,
P oo _
ve=Y" / (5, e Bey) wdin(r) (10.5.40)
k=171

2007/
page -



312 Chapter 10. Stochastic Realization Theory in Continuous Time

with g := (I — Q)T¢ € X, which may also be expressed in the form

U = (g,z(t)) % (10.5.41)
(g, Z(t))x := Z/Oo<g,ef“téek>xdwk(7). (10.5.42)
k=171

Now the weakly defined X-valued stochastic process {Z(t) }+cr has the representation
Z(t) = / A= Bdw(r). (10.5.43)
t

Analogously to the forward setting, #(0) is a (weak) exact generator of Z and
a (weak) generator (that is not exact) of X in the sense that

A {(7,2(0))5 | g€ X} = X. (10.5.44)
Moreover, if f; := (I - Q)" 'gi, i = 1,2, a straight-forward calculation yields
E{(31,2(0) 1 (32, 2(0))x} = (Fu, o))t = (31, PGa)z (10.5.45)
where P : X — X is the state covariance operator
P=(I-A)"Y1-A)"" (10.5.46)

We can now establish the backward version of Theorem 10.5.2.

Theorem 10.5.3. Let (H, {U;},X) be a proper Markovian representation with the
backward generating process w, and let X := (Jg) 'X. Let the operators A and
B be defined by (10.5.33) and (10.5.38), respectively, and let {Z(t)}ier be the X-
valued stochastic process defined in the weak sense via (10.5.42). Then, if T is the
infinitesimal generator of Up(X),

{(3,2(0))x | g € X} =D(I'*) C X, (10.5.47)
where D(T'*) is dense in X. In fact, for any € € D(I'*), there is a g € X such that
Uil = (9,Z(t)) x (10.5.48)

and it is given by g := (I — A*)T¢. The pair (A, B) is reachable in the sense that
Nee ker B*eA™t = 0. Finally the covariance operator (10.5.46) satisfies the Lyapunov
equation

AP + PA* 4+ BB* =0. (10.5.49)

Remark 10.5.4. To establish a connec’gion k_)etween the forward and the ?a(zkward
setting, define the isomorphism R :=TT*: X — X. Then, if { =T*f =T*f,

f=Rf. (10.5.50)

Moreover, ~ -
ReMR* =, A*R = RA. (10.5.51)
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Stochastic realizations of a stationary process

Given an infinite-dimensional, proper Markovian representation (H, {U,;},X) of an
m-dimensional, stationary stochastic process {y(t)}+cr, is it possible to construct
a stochastic realization based on the forward state representation (10.5.21)? From
Theorem 10.5.2 it is clear that a necessary and sufficient condition for this is that

ye(0) e D), k=1,2,....m, (10.5.52)

where T is the infinitesimal generator of the semigroup {U;(X)}. In the same way,
Theorem 10.5.3 implies that there is a stochastic realization based on the backward
state representation (10.5.43) if and only if

y(0) € D(T*), k=1,2,...,m. (10.5.53)

Proposition 10.5.5. Let (H, {U;},X) be a proper Markovian representation with
analytic spectral factor W and coanalytic spectral factor W, and let T is the in-
finitesimal generator of the semigroup {Us(X)}. Then the condition (10.5.52) holds
if and only if the rows of iwW (iw) — N belong to Hg for some constant m X p matrix

N. Similarly, the condition (10.5.53) holds if and only if the rows of iwW (iw) — N
belong to Hg for some constant m x p matriz N.

Proof. Clearly condition (10.5.52) is equivalent to F*a’'W € D(A*) for all a € R™,
which in turn is equivalent to the condition that iwW (iw) — N belong to Hg for
some constant m X p matrix N [71, Lemma 3.1]. The second statement follows by
symmetry. 0O

Now, suppose condition (10.5.52) holds. Then it follows from (10.5.22) and
(10.5.23) that

t
y(t) = / Ce """ Bdw(r), (10.5.54)
where the bounded operator C': X — R™ is given by
dCg={(I-Q)FaW,g)x, forallaecRm. (10.5.55)
Likewise, if condition (10.5.53) holds, it follows from (10.5.40) that
y(t) = / CeAT=1 Bdw(r), (10.5.56)
t
where the bounded operator C' : X — R™ is given by
dCg=(I-Q)FdW,g)yg, forallaecR™. (10.5.57)
Theorem 10.5.6. Let (H,{U:},X) be a proper Markovian representation of an

m-dimensional, stationary stochastic process with spectral factors (W, W) and gen-
erating processes (dw, dw). If condition (10.5.52) holds,

y(t) = Cx(t), (10.5.58)
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where {x(t) }rer is the weak X-valued stochastic process (10.5.21). The pair (C, A)
is (completely) observable in the sense that Ng>q ker Cet = 0 if and only if X is
observable. Moreover,

A(t) := E{y(t)y(0)'} = CePC™, (10.5.59)

where P is given by (10.5.26) and satisfies the operator Lyapunov equation (10.5.29).
Likewise, if condition (10.5.53) holds,

y(t) = Cz(t), (10.5.60)

where {Z(t) }1er is the weak X-valued stochastic process (10.5.21). The pair (C, A)
is (completely) observable in the sense that Ny>q ker Cet = 0 if and only if X is
constructible, and

A(t) == E{y(t)y(0)'} = Ce** PC*, (10.5.61)
where P is given by (10.5.46) and satisfies the operator Lyapunov equation (10.5.49).

Consequently, for {y(t)}ier to have both a forward and a backward represen-
tation with respect to the splitting subspace X, we must have

yk(0) € D) N D), k=1,2,...,m.

The representations (10.5.58) and (10.5.60) follows from what has already
been said above. To prove the statements about observability and constructibility
we need to introduce a few concepts. Define M to be the vector space

M = span{EX 4 (t); t > 0,k =1,2,...,m}. (10.5.62)

Since EX yi(t) = Uy(X)yr(0), M is invariant under the action of Uy(X); i.e.,
U (X)M C M for all ¢ > 0. Moreover, D(I') is invariant under U;(X); this is
a well-known property of of a semigroup. Hence it follows from (10.5.52) that
M C Z. Now, if X is observable, M is dense in X (Corollary 7.4.12), but this
does not automatically imply that M is dense in Z (in the graph topology). In the
present case, however, this is true, as can be seen from the following lemma, noting
that

M :=TM = span{e? 'FWy; t >0,k =1,2,...,m} CM (10.5.63)

and that eA™* = TU,(X)T*. In the terminology of [5, p. 101], this means that the
Hilbert space Z, containing the vector space M and continuously embedded in the
Hilbert space X, is normal.

Lemma 10.5.7. Suppose that M is a subset of Z that is invariant in the sense that
eAPM € M for all t > 0, and suppose that M is dense in X. Then M is dense in
Z (in the graph topology).

Proof. Suppose that M C Z C X and that M is dense in X. Let M be the closure of
M in the graph topology. We know that M C Z, and we want to show that M = Z.
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To this end, define @ to be the restriction of Q to M. Then Q is an unbounded
operator defined on a dense subset of X, and, like @, it is closed and dissipative.
Hence the range of (I — Q) is closed [34, Theorem 3.4, p. 79]. Therefore, if we can
show that the range of (I — Q) is dense in X, we know that it is all of X. This
would mean that @ is maximal dissipative [34, Theorem 3.6, p. 81]. However, Q is
a dissipative extension of of @, and hence @ = Q. Then D(Q) = D(Q); i.e., M = Z,
as required.

Consequently, it remains to prove that (I — Q)M is dense in X. Since M is
dense in X, we only need to show that the equation (I — Q)f = g; i.e., f — f = —g,
has a solution f € M for each ¢ € M. However, for such a g, the differential
equation f — f = —g has the L? solution

f(t):/ e_Tg(t—i—T)dT:/ (47 g) (t)dm (7). (10.5.64)
0 0

where dm = e~ 7dr, so it remains to show that this f belongs to M. Since
e TM C M, by continuity,iA*Tg € M for each 7 > 0. The function 7 — e 7g is

therefore mapping R* into M. It is clearly strongly measurable, and, since e 7 is

a contraction, |le? "g|j5r < |lg/l57 Hence

oo
/0 leA T g|2 dim(r) < oo,

and consequently (10.5.64) is a Bochner integral [129, p. 133]. Hence, by definition,
f € M as required. O

To conclude the proof of Theorem 10.5.6, we first note that, since et and
(I — Q) commute,
a'Cettg = (I - Q)e™ 'F*(a'W), g)x
for all @ € R™. Hence, in view of (10.5.63), g € Ny>o ker Cet if and only if
(h,g) =0, forallhe (I—Q)M. (10.5.65)

Now, if (C, A) is observable; i.e., N;>o ker Cet* = 0, only g = 0 satisfies (10.5.65).
Hence (I — Q)M is dense in X. Therefore, M is dense in Z (Lemma 10.5.1); i.e.,
X is observable. Conversely, assume that X is observable. Then M is dense in
Z (Lemma 10.5.7), and consequently (I — @)M is dense in X (Lemma 10.5.1).
However, then only g = 0 can satisfy (10.5.65), and therefore (C, A) is observable.
This concludes the observability part of Theorem 10.5.6. The contructibility part
follows from a symmetric argument.

Stochastic realizations of a stationary-increment process

Suppose that (H, {U;}, X) is a proper Markovian representation of an m-dimensional,
stationary increment process dy, and that X ~ (S, S) has spectral factors (W, W)
and generating processes (dw, d).
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In Section 10.3 we were able to construct a forward stochastic realization
(10.3.24) for the finite-dimentional case by first observing that W can be decom-
posed as

W(s) =G(s)+ D, (10.5.66)

where the rows of G belong to Hg and D is an m X p matrix. A necessary and
sufficient condition for this to hold in the infinite-dimensional case is that dy is
conditionally Lipschitz with respect to S (Corollary 5.5.2).

In this case, as explained in Chapter 5 in more detail,

oS} eiwh -1

———JWMMw:Az@ﬁ+MMM—w@L

w

) -y = |

—o0
where {z(t)}+cr is the stationary process

sz/mawwmmw

— 00

By Theorem 10.2.3,
dz2(0)cEBSH  cE®S=8SnS=X
for all a € R™. Consequently,
dy = zdt + dw, (10.5.67)

where the components of z(0) belong to X. Moreover, z;(0), k = 1,2,...,m are
the conditional derivatives

_ 1 1 U:S _
4lt) = im LS ) (0], k=12,

with respect to S. B
Similarly, dy is conditionally Lipschitz with respect to S if and only if

W(s) =G(s)+ D, (10.5.68)

where the rows of G belong to Hg and D is an m x p matrix, in which case there
is a stationary process

Z(t) = /OO e“'G (iw)dw,

so that
dy = zZdt + Ddw, (10.5.69)
where z;(0), k =1,2,...,m belong to X and are the conditional derivatives of dy

with respect to S.

Theorem 10.5.8. Let (H,{U;},X) be a proper Markovian representation of an
m-dimensional, stationary increment process dy with spectral factors (W, W) and
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generating processes (dw,dw), let X ~ (S,S), and let T be the infinitesimal gener-
ator of the semigroup {U(X)}.

Then, if dy is conditionally Lipschitz continuous with respect to S, and if the
conditional deriwvatives z(0), k =1,2,...,m, belong to D(T'), then

dy = Ca(t)dt + Dduw, (10.5.70)

where {x(t) }+er is the weak X-valued stochastic process (10.5.21), D := W (o), and
the bounded operator C : X — R™ is given by

adCg={(I-Q)Fd(W-D),g)x, forallaecR™. (10.5.71)

The pair (C, A) is (completely) observable in the sense that Ny>oker CeAt = 0 if
and only if X is observable.

Similarly, if dy is conditionally Lipschitz continuous with respect to S, and if
the conditional derivatives zi(0), k = 1,2,...,m, belong to D(T'*), then

dy = Cz(t)dt + Ddw, (10.5.72)

where {Z(t)}ier is the weak X-valued stochastic process (10.5.21), D := W (00), and
the bounded operator C : X — R™ is given by

a'Cg={(I-Q)Fd(W —D),g)x, forallacR™. (10.5.73)

The pair (C, A*) is (completely) observable in the sense that Ny>q ker CeA't =0 if
and only if X is observable.

Proof. If z1(0),22(0),...,2z,(0) € D), it follows from (10.5.22) and (10.5.23)
that

t
z(t) = / Ce =7 Bdw(r), (10.5.74)

where the bounded operator C' : X — R™ is given by (10.5.71), and therefore z(t) =
Cz(t), which together with (10.5.67) yields (10.5.70), as claimed. The backward
representation (10.5.72) follows by a symmetric argument.

The proof of the statement of observability follows the same lines as that in
Theorem 10.5.6, now taking M to be

M := span{EX [y, (t + h) —yp(t)]; t > 0,k =1,2,...,m}
and observing that
M = span{E* z,(t); t > 0,k =1,2,...,m}.

The proof of the constructibility statement follows by symmetry. 0O
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10.6 Bibliographical notes

Basic references for the geometric theory this chapter are [80, 87, 86, 88]. Sections
10.1 and 10.2 follow [88] closely, and Section 10.3 follows [87, 88]. Theorem 10.4.1
in Section 10.4 is from [88].

The classical theory of stochastic realization, primarily dealing with spectral
factorization, the linear matrix inequality and the algebraic Riccati equation was
initiated by Kalman [58] and mainly developed by by Anderson [4] and Faurre [29].
Theorem 10.4.4 is due to Anderson [4] and solves the so-called “inverse problem of
stationary covariance generation” stated by Anderson in [4]. The theory around the
Positive Real Lemma is based on classical result due to Yakubovich [128], Kalman
[57] and Popov [107]. The geometry of the set P has been studied by Faurre et. al.
[29] and the geometric part of Theorem 10.4.6 is due to Faurre. The theory of the
Linear Matrix Inequality, the Algebraic Riccati Equation and the Algebraic Riccati
Inequality was developed to quite some completeness by Willems [125].

Section 10.5 is based on [85, 87] and, as for representations of stationary-
increment processes, [86]. The construction of shift realizations is analogous to
that in the infinite-dimensional deterministic realization theory of [6, 7, 34, 35, 49]
except that the framework is transposed to accommodate the appropriate relation
between observability (constructibility) and forward (backward) realizations. The
proof of Lemma 10.5.7, which appeared in [85], was originally suggested to us by
A. Gombani.
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Appendix A
Appendix

A.1 Hilbert spaces

The scope of this section is just to set notations and to recall the basic facts.
Recall that an inner product or (scalar product) on a vector space V is a
function

(-, ):VxV->C
which is
1. linear in the first argument

<a$+ﬁy7z>:a<xaz>+ﬁ<yaz> xay,ZEV

2. antisymmetric

(y,2) = (z,y)
where the overline denotes complex conjugate,
3. positive, in the sense that
|z]|? ;= (z,z) >0 for all x # 0.

The quantity ||z|| is called the norm induced by the inner product ( -, - ). Every
inner product satisfies the Schwartz inequality

[{z o) < ll=[ [yl

It is easy to check that || - || satisfies also the axioms of a norm and in particular
the triangle inequality

lz+yll <zl +llyll  zyeV.

A Hilbert space is an inner product space (H, { -, - )) which is complete with respect
to the metric induced by the inner product. In other words every Cauchy sequence
has a limit in H. Examples of Hilbert spaces which are used frequently in this book
are :

393

2007/
page -



394 Appendix A. Appendix

1. The space of square summable m-dimensional sequences, (2,. The elements
of this space are sequences © = {x(t) }+cz of real (or complex) m-dimensional
vectors x(t), which we shall always write as row vectors, indexed by the integer-
valued parameter t, satisfying

+oo

llz||? == Z x(t) z(t)* < o0

t=—o00

where * denotes complex conjugate transpose. This norm is sometimes called
the “energy” of the signal z. It is induced by the inner product

—+oo

(@,y) == > x(t)y(t)".

t=—00
A simple proof that £2, is complete can be found in YOUNG’s book [132].

2. The Lebesgue space L2,.

Let [a,b] be an interval (not necessarily bounded) of the real line. We shall
denote by L2 ([a,b]) the space of functions with values in a m-dimensional
vector space which are square integrable on [a, b] with respect to the Lebesgue
measure. The values, f(t), of the functions will also be written as row vectors.
It is well-known that this space is a Hilbert space under the inner product

b
(f.9) = / () g(t)*dt

No subscript will be used to denote the scalar 2 and L? spaces. The reason for
using a row-vector notation for these spaces is that their elements naturally appear
as multipliers in the combination of vector random quantities. Other important
examples of Hilbert spaces (e.g. the Hardy spaces H2) will be introduced in the
next sections.

In this book the term subspace of a Hilbert space H, will in general mean
closed subspace. The sum of two linear vector spaces X + Y, is, by definition, the
linear vector space {x +y | x € X,y € Y}. It may happen that, even when X
and Y are both (closed) subspaces, their sum fails to be closed. This may happen
only when both X, Y are infinite dimensional. A classical example of sum of two
infinite-dimensional subspaces which is not closed, can be found in [45, p. 28.]. The
(closed) vector sum of X and Y, denoted X V'Y, is the closure of X +Y.

The symbols +, V, + and ¢ will denote sum, (closed) vector sum, direct
sum (ie. X+Y = X + Y with the extra condition that X N'Y = {0}), and
orthogonal direct sum of subspaces. An orthogonal sum of subspaces is always
closed. The linear vector space generated by a family of elements {xo}taca C H,
denoted span{x, | a € A} is the vector space whose elments are all finite linear
combinations of the generators {x,}. The subspace generated by the family {xa}aca
is the closure of this linear vector space, and is denoted by span{z, | « € A}.
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Important examples of subspaces of ¢2, are the subspaces of causal signals,
¢2F which are zero for negative values of ¢ (f(t) = 0, ¢t < 0) and the anticausal

m

signals, ¢2", wich are instead zero for positive values of t, (f(t) = 0, t > 0). These
two subspaces have a non-empty intersection which is isomorphic to R™ (or to
C™). The orthogonal complement, ¢27+, of 25 in 2 is the subspace of strictly
anticausal functions which are zero also for t = 0. Evidently we have the orthogonal
decomposition

2 o= 02 o2 (A.1.1)

We shall often have the occasion of dealing with series of orthogonal random
variables. A simple but basic result on convergence of these series is the following.

Lemma A.1.1. A series of orthogonal elements in a Hilbert space,
o0
Zxk; Tk L L, k%jv
k=0
converges if and only if
o0
> llakl? < oo (A.1.2)
k=0
i.e., the series of the square norms of the elements converges.

Proof. In fact the series converges if and only if
m n—1
12 @k=> ol =0
k=0 k=0

as n,m — oo which is the same as || >_;- x> — 0 which in turn is equivalent to
S lzel|* = 0asn,m — oo, O

Let {er} be an an orthonormal sequence in a Hilbert space H. Since, for an
arbitrary x € H, the “approximation error”

N N

lz = > (e, enexll® < all* =D 1w, ex) [

k=0 k=0

is non-negative, we have

N
Z| (z, ex) |2 < ||CEH2 for all N
k=0

and hence the series Y ;- (z, er) e, converges. An immediate consequence of this

fact is that the sequence of the Fourier coefficients f(k) := (x, ex), k=1,...isin
2.
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Operators and their adjoints

A linear operator T from a Hilbert space H; to another Hilbert space Ha, is a linear
map between the two spaces. In general T' may not be defined on the whole of Hy
(think for example of the differentiation operator in L2,). If this is instead the case,
one says that T is defined on H;. The simplest linear operators to work with are
the continuous, or bounded operators, which are defined on the whole space and
satisfy an inequality of the type

[Tzlle <klafr,  @eH

for some constant k, the subscripts referring to the different norms in the two
Hilbert spaces. As one can see, a continuous linear operator is in reality uniformly
continuous. The infimum of the k’s for which the inequality holds is called the norm
of the operator T and is denote by ||T||.

Proposition A.1.2. Let T : H — H be a bounded operator, then

T
i) =sup ALy em
£
or, equivalently
(Tf, 9)
IT|| = sup , f,geH.
A1l

If T is bounded, it is easy to see that there is a unique bounded linear operator
T* : Hy — Hy, which satisfies

(Tx,z)o = (x,T"2)1 Ve € Hy, z € Hy

The operator T* is called the adjoint of T. Adjoints of unbounded operators may
also exist, under suitable conditions. A linear operator from H into itself, for which
T* =T is called selfadjoint. On a finite dimensional space the concept of adjoint
corresponds to taking the transpose (or the Hermitian conjugate) of the matrix
representing the operator with respect to an orthonormal basis (warning: this is
not true if the basis is not orthonormall).

The image or range of an operator T, is the linear manifold Im T := {Tz |
x € Hy}. This manifold needs not be closed, i.e. a subspace of Hy. If this is
the case T is said to have closed range. The kernel or nullspace of an operator T,
Ker T := {z | Tz = 0}, is instead always closed. Operators for which Im T' = Hy
will be called densely onto. The following simple but important result, is sometimes
called the Fredholm alternative

Theorem A.1.3. Let T : Hy — Hs be a bounded operator from the Hilbert space
H; to the Hilbert space Hay, then

H; =Ker T®Im T (A.1.3)
Hy=KerT*"®Im T (A.14)
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A bounded operator T' is left-invertible if there exists a bounded operator S
such that ST = I; and right-invertible if there exists a bounded operator R such
that TR = I5. Clearly, right-invertibility implies that 7" is onto Hy while left-
invertibility implies that T is injective (i.e. one-to-one). In fact it can be shown
that a bounded operator T is right-invertible if and only if it is onto. However the
dual statement for left-invertibilty is in general false.

Theorem A.1.4. A bounded linear operator from one Hilbert space to another is
left-invertble if and only if it is injective and has closed range.

If T is both left- and right- invertible it is called invertible tout-court. Note
that left- or right- inverses are in general non-unique. However a two-sided inverse
is unique.

A linear map T between two Hilbert spaces preserving the inner products, i.e.
a map for which

<T1'5Ty>2 = <$,y>1, T,y € Hl

is called an isometry. An isometry is always an injective map. The following basic
result is used repeatedly in this book.

Theorem A.1.5. Every isometry defined on a family of elements {x, | o € A} of a
Hilbert space H can be extended by linearity and continuity to the whole Hilbert space
span{x, | « € A} linearly generated by the family {x.}, preserving the property of
isometry. The isometric extension is unique.

One can find a proof of this result in [109, p.14-15].

Note that isometric operators satisfy the relation (z, T*Txz); = (x, )1, from
which T*T = I (the identity operator in Hy). If T is surjective (TH; = Hs) one
sees that

T =T"".

A surjective isometry is called a unitary operator. Two linear operators A : H; —
H; and B : Hy — Hs which are related by

A=T7'BT

where T' is unitary, are unitarily equivalent. Unitary equivalence is a relation which
preserves the fundamental characteristics of a linear operator, among which the
spectrum. The Fourier Transform which will be defined shortly, is an example of a
unitary operator.

A subspace X is invariant for the operator T if TX C X. If a subspace X
is invariant for T" we denote by T|x the restriction of T' to the subspace X. Recall
that a subspace X is said to be reducing for a linear operator T if it is invariant
for T" and there is a complementary subspace Y, i.e.

H=X+Y
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which is also invariant. In this case T has, with respect to this decomposition, a
matrix representation

0 Ty
Lemma A.1.6. Let T be a linear operator on a Hilbert space H. Then
TX c X & T*X*+ c X+
If T is self-adjoint, both X and X+ are reducing for T.

Proof.
For X is T-invariant iff (T'z,y) = 0 for all z € X and y € X*. Then just
apply the definition of adjoint. 0O

A.2 Subspace algebra

It is well-known that the family of subspaces of a vector space forms a lattice (i.e. a
partially ordered set where any pair of elements has an inf and sup) with respect to
the operations of intersection (N) and vector sum (V). Note that while the Boolean
operations on sets are always distributive, i.e. (AUB)NC =(ANC)U(BNC)
for any sets A, B,C, this does no longer hold for subspace operations when the
set-theoretical operation of union is substituted by vector sum.

It is well-know that the lattice of subspaces of a vector space is not distributive.
If the vector space is finite-dimensional, this lattice is modular, in the sense that, if
A, B, C are subspaces and A D B, then

ANBVC)=(ANB)V(ANC)=BV(ANCQC). (A.2.1)

The modularity condition can obviously also be stated exchanging C and B and
requiring A D C, in which case the last member should be substitud by (ANB)VC.
For arbitrary subspaces the left member in (A.2.1) contains, but needs not be equal
to, (ANB)V (ANC). It is easy to construct counterexamples in R2.

The non modularity in an infinite dimensional space has to do with the fact
that the vector sum of two subspaces may not be closed, see [?, p. 175]. By
substituting “sum” in place of “vector sum” we can obtain somewhat more general
statements.

Proposition A.2.1. Let A, B, C be vector subspaces. If one of them is contained
in any of the others, the distributive law

ANnB+C)=(ANB)+(ANC) (A.2.2)

holds. In particular an analogous statement holds if B, C are closed orthogonal
subspaces when the sum is replaced by orthogonal direct sum.
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Proof. First note that if either B C C or B D C, we clearly have AN (B + C) =
(A NB)+ (ANC) since one of the two subspaces in the last sum is contained in
the other.

Now, suppose that A D B. If « € AN (B + C) then a = 3 + v for some
0 € B and v € C. Since 8 must belong to A, v = a — 8 € A as well, whence
a=0+v€ (ANB)+ (ANC). Hence we have shown that the left member of
(A.2.2) is contained in the right member and therefore (A.2.2) holds.

Next, suppose that A C B. Then

A=ANBCANB+C)CA

which implies that A = AN (B + C). On the other hand, A = A + (AN C) which
is the same as A = (AN B) + (A N C). Substituting in the previous identity one
gets (ANB)+(ANC)=AnN(B+ C). Since, in the two last arguments, B and C
can be interchanged, the proof of the first assertion is complete. The last statement
follows since orthogonal direct sum is a particular case of sum of subspaces. 0O

Corollary A.2.2. Let A,B,C be (closed) subspaces. If one of them is contained
in any of the others and one, but not necessarily the same, is finite-dimensional,

the distributive law
ANBVC)=(ANB)V(ANC) (A.2.3)

holds.

Proof. 1t only remains to show that (A.2.2) implies (A.2.3) when A D B, if one of
the subspaces A, B, C is finite-dimensional. If either B or C is finite-dimensional,
their sum is closed and coincides with B V C, and required condition holds. If is
A is finite-dimensional, then a fortiori B is, and again we see that the required
condition holds. 0O

The dual of a lattice expression is obtained by interchanging N and V and
reversing the ordering, i.e., exchanging C for D everywhere. In particular, equality
signs are preserved. If a lattice equation is true so is its dual. For example, the
following two equations (both stating the unimodularity law) are dual to each other

ANn((AnB)vVC)=(AnNB)V(ANC)
(AVB)N(AVC)=AV((AvB)NnCQC).

The dual of Proposition A.2.1 can be stated by saying that the inclusion
AvBNC)Cc(AVB)N(AVC)

becomes an equality if (at least) one of the subspaces A, B, C is contained in any
of the others and at least one of them is finite-dimensional.

When the vector space is actually a Hilbert space H, then the family of (closed)
subspaces of H forms a orthocomplemented lattice . The duality relations involving
orthogonal complement are described in the following Proposition.
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Proposition A.2.3. For any family of subspace X of a Hilbert space, the following
identities hold,
(VaXa)T =Na X3, (NaXa)t = Vo XE (A.2.4)

The following lemma describes other situations where some weak form of dis-
tributivity can be proven to hold.

Lemma A.2.4. Let A,B, C be subspaces of a linear vector space with ANC =0
and BNC =0. Then
ANB+C)=ANB, (A.2.5)

(A+C)Nn(B+C)=(AnB)+C. (A.2.6)
Assume in addition that the vector space is a Hilbert space and that A 1 C and

B L C, then (A.2.5) and (A.2.6) hold with orthogonal direct sum @ in place of
direct sum.

Proof. To prove the first statement, notice that the first member in (A.2.5) cer-
tainly contains the intersection A N B. Now all elements of the first subspace are
vectors @ € A which can be written also as o = 8+, 8 € B, v € C, so that
a—fF =r,ie v € A+ B. But this can only happen if v = 0 since the only vector
that C may have in common withth A + B is zero. Therefore all elements of the
first member are vectors of A, a = (3 for some € B. This establishes (A.2.5).

For the second equality, it is again obvious that the left-hand member contains
the expression on the right. The opposite inclusion is proved by noting that any
A€ (A+C)N(B+ C) must be of the form A =a+& =B+ &, & & € C so that
a— =& —& € C. Since however (A vV B) N C is zero we must have o« = § and
&i=&G=¢sothat \=a+£€(ANB)+C. O

The shift acting on subspaces

We shall collect below a number of simple but useful technical facts describing how
a unitary operator commutes with the most common subspaces operations on a
Hilbert space.

Proposition A.2.5. Let U be a unitary operator acting on a Hibert space H and
X, Y, Z be subspaces of H. Then

1. XCY&UXCUY.

2. X =NaecaXa < UX =NaeaUX, for an arbitrary family of subspaces X, .
3. span{Uzx, | o € A} = Uspan{z, | a« € A} for any familiy of elements
T, € H.

4. X =VaeaXy & UX = VoecaUX,, for an arbitrary family of subspaces X4, .
The statement also holds if in place of vector sums one has direct sums or
orthogonal direct sums.
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Proof.

1. The direct implication = is valid for an arbitrary function. The converse
follows, for the same reason, by applying U* to the subspace inclusion on the
right.

2. This statement follows from general properties of the pre-image f~! of an
arbitrary function f. Precisely, f~! is a Boolean algebra isomorphism with
repect to set-theoretical operations, in particular

fﬁl(maEAXa) = mozEAfil(Xa)
for an arbitrary family of sets X.

3. This is just the statement that U has closed range which is obvius since
U] = [|l]-

4. The equality on the right is clearly true for the vector space linearly generated
by the X,’s. It extends to the closures in force of the previous result.

A.3 Some facts from linear algebra

The Moore-Penrose pseudoinverse

Every A € C"*™ is a one-to-one and onto map from the orthogonal complement
of its nullspace (Ker A)* = Im A* to its range, Im A. Hence the restriction of A
to Im A* as a map onto Im A has an inverse. The Moore-Penrose generalized- or
pseudo- inverse, AT, of A is introduced by solving the equation Az =y, y € C»
in the least square sense as follows. One first projects y onto Im A obtaining a
vector § € Im A; then there is one and only one vector o € (Ker A)* which solves
Az = 4. The solution g = AT, can be shown to be the unique solution of the least
squares problem min, ||Az — y||, of minimum norm. The formal characterization of
AT following from this definition is stated in the following lemma (whose proof can
be found in the literature).

Lemma A.3.1. For any A € C"*™ the matriz AT is the unique matriz in C™*"
which satisfies the following four properties

ATAAT = AT, AATA=A (AAT)* = AAT, (ATA)*=ATA (A31)
This matriz is called the Moore-Penrose pseudoinverse of A.

Observe that when A is square nonsingular A* = A~1.
The following properties follow directly from the four basic relations (A.3.1).
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1. Let A € R™™ T; € R"™™ and Ty € R™*™ with T3 e T, orthogonal matrices.
Then
(TVATy)" = Ty, P AT = Ty AT T (A.3.2)

2. Let

_ Al 0 nxm
A[ 0 O}ER

with A; € RP*P invertibile. One has,

A+[A§ 8]. (A.3.3)

1 0 \%
kit
be the singular value decomposition of A with X; the diagonal matrix of
nonzero singular values. Then

A=V %] {Egl 8} {gé]. (A.3.4)

For a more complete treatment of the subject the reader should consult [10].

Lyapunov equations

Proposition A.3.2. Consider the discrete matrixz Lyapunov equation
X =AXA +Q. (A.3.5)

Assume Q = BB’; then any two of the following statements imply the remaining
one

i) (A, B) is a reachable pair;
it) matriz A has all eigenvalues strictly inside the unit circle i.e. |M{A}] < 1;

iii) (A.3.5) admits a symmetric positive definite solution.

If |IMA}| < 1, the solution of (A.3.5) is unique and is given by

P:iiMBHm%. (A.3.6)
0

Proof. The last sentence actually follows from a lemma of a slightly wider scope.

Lemma A.3.3. The Lyapunov equation (A.3.5) has a unique solution for an
arbitrary Q € R™ ™ if and only if the spectrum of A does not contain reciprocal

elements, i.e. A\ € 0(A) = 1/, ¢ o(A).
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Proof. The linear map from R™*" in to itself
X—X-AXA (A.3.7)

has eigenvalues 1 — )\kf\j where the {\;} are the eigenvalues of A. In fact, if ay is
the eigenvactor of A corresponding to A, one readily sees that

ES
ij = ak a]-

is the “eigenmatrix” of (A.3.7) corresponding to the eigenvalue 1—\g ;. It is obvious
that (A.3.7) is injective (and hence also surjective) iff it has no zero eigenvalues, i.e.
1—XgA;#0. 0O

Therefore, whenever condition ii) holds, there always exist a unique solution
of (A.3.5). Since the (convergent) series (A.3.6) is a solution, it is the only solution.

That i) and ii) imply iii) is obvious, since P > ZZ;Ol A*BB' (A", which is
the reachability Gramian of (A, B).

That i) and iii) imply ii) can be seen by contradiction. In fact, assume that
A has an eigenvalue )y of modulus greater or equal to one with a corresponding
eigenvector a (in general complex). It follows from iii) that

a*Pa = |\o|* a*Pa + a* BB'a,

that is,
OAﬂ%F)fPa:aﬁﬂym (A.3.8)

where the left member is < 0 since a*Pa > 0, while the term on the right is > 0. It
follows that both must be zero. In particular, a*B = 0 so there is an eigenvector a
of A that is orthogonal to the columns of B. This contradicts reachability of (4, B).
Hence |A\g|? must be < 1.

A similar argument shows that ii) and iii) imply i). In fact, assuming that
there is some vector a # 0 orthogonal to the columns of [BAB... A" 1B], one
easily shows, using Cayley-Hamilton’s Theorem, that a must also be orthogonal to
the columns of A*B for all k. Hence

+oo
a* Z A*B B'(Aa=a*Pa=0,
0

which contradicts the strict positivity of P. 0O
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