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ERGODICITY AND STABILITY OF THE CONDITIONAL
DISTRIBUTIONS OF NONDEGENERATE MARKOV CHAINS'

BY XIN THOMSON TONG AND RAMON VAN HANDEL
Princeton University

We consider a bivariate stationary Markov chain (Xp, Yn),>¢ in a Pol-
ish state space, where only the process (¥y,),,>( is presumed to be observable.
The goal of this paper is to investigate the ergodic theory and stability prop-
erties of the measure-valued process (I1y), >0, where I, is the conditional
distribution of X, given Yy, ..., Y,. We show that the ergodic and stability
properties of (IT,),>( are inherited from the ergodicity of the unobserved
process (Xy),>( provided that the Markov chain (X, ¥,),>¢ is nondegen-
erate, that is, its transition kernel is equivalent to the product of independent
transition kernels. Our main results generalize, subsume and in some cases
correct previous results on the ergodic theory of nonlinear filters.

1. Introduction. In this paper we will consider a bivariate Markov chain
(Xn, Yn)n>o0 taking values in a Polish state space. Only the process (Y),>0 is
presumed to be directly observable to us, and we aim to estimate the state X,
of the unobserved process given the observed data Yy, ..., Y, to date. This is the
quintessential setup in problems with partial information, and models of this type
can therefore be found in a wide range of applications [6].

We will be concerned, in particular, with the ergodic theory and stability prop-
erties of the measure-valued process (I1,),>0 defined by the conditional distribu-
tions I1, =P(X,, € - |Yy, ..., Y,), which is called the nonlinear filter. It is not diffi-
cult to show that, in general, the processes (I1,, Y;,),>0 as well as (I, Xn, Yn)n>0
are themselves Markovian, and a typical question that we will aim to answer is
whether ergodicity of the underlying model (X,,, ¥;,),>0 implies ergodicity of the
extended Markov chain (I1,, X,,, Y,),>0 in a suitable sense. Questions of this type
date back at least to the work of Blackwell [2] and Kunita [14]. Beside the in-
trinsic probabilistic interest in the development of a conditional ergodic theory of
Markov chains, ergodicity of the filter has substantial practical relevance to under-
standing the performance of nonlinear filtering and its numerical approximations
over a long time horizon; cf. [5, 14, 21], and see [8, 20] for further references.

Much of the literature on the topic of this paper is concerned with the setting of
a classical hidden Markov model whose dependence structure is illustrated in Fig-
ure 1(a); here the unobserved process (X,),>0 is assumed to be itself Markovian
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FIG. 1. Dependence structure of (a) a classical hidden Markov model [6]; (b) a generalized hidden
Markov model [10, 11]; (¢c) a hidden Markov model with correlated noise [3]; (d) a general Markov
model.

and the observations (Y},),>¢ are conditionally independent.2 In this special case
(ITy)n>0 is also Markovian, and two basic questions have been considered.

(1) Does (I1,),>0 possess a unique invariant measure, assuming (X, ),>o does?

For the second question, let P and P be the laws of the Markov chain (Xn, Y=o
with initial laws P(Xp € -) <K P(Xp € -), and let I1,, = P(X,, € - | Yy, ..., Y3).

n—oo

(2) Is (IT,) >0 asymptotically stable in the sense that ITL,(f) — I, (f)] —>
0 in P-probability for every bounded continuous function f?

These and related questions were studied in great generality by Kunita [14, 15],
Stettner [19], and Ocone and Pardoux [17] (see [1, 4, 8, 20] for further references).
Kunita and Stettner state that the answer to the first question is affirmative provided

2The continuous time version of this model, known as a Markov additive process, is also widely
studied in the literature in various special cases (such as white noise or counting observations; see
[25] for a unified view). We have restricted ourselves in this paper to discrete time models for sim-
plicity. All our results are easily extended to the continuous time setting as in [20], Section 6.
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that the stationary process (X, ),z is purely nondeterministic, that is,

() F%,, is P-trivial,

n>0

where P is the stationary law of the two-sided process (X, Y,),ez and S’V)f =
o {X :—00 < k <n}. Ocone and Pardoux state that the answer to the second ques-
tion is affirmative under the same assumption. Unfortunately, the proofs of these
results contain a serious error, as was pointed out by Baxendale, Chigansky and
Liptser [1]. Indeed, the crucial step in the proofs is the identity

N Fy Ve, 258, Pas,

n>0

where EFg =o{Yr:—00 < k <0}. It is tempting to exchange the order of the in-
tersection N and supremum V of o -fields, which would allow us to conclude this
identity from the assumption that (X,),ez is purely nondeterministic. But such
an exchange cannot be taken for granted (see [7], page 30) and requires proof. In
the filtering setting, various counterexamples given in [1, 22] show that the an-
swers to the above questions may indeed be negative even when (X},), ¢z is purely
nondeterministic, in contradiction with the conclusions of [14, 15, 17, 19].

Before we proceed, let us briefly recall a simple counterexample from [1, 22]
that will be helpful in understanding the problems addressed in this paper.

EXAMPLE 1.1. Let (§,),ez be an i.i.d. sequence of random variables taking
the values {0, 1} with equal probability under P, and define

Xn = (&, Sn+1), Y, = |$n+1 —&nl.

Then (X;,)nez is an ergodic Markov chain in {00, 01, 10, 11} that is purely nonde-
terministic by the Kolmogorov zero—one law, and (X, ¥;,),>0 is a hidden Markov
model as in Figure 1(a). But clearly &, = (§; + Y1 +--- + Y,,—1) mod 2, so that

S X))+ U1 =X,)

2 b
where we defined P(-) = P(- | X = 00). Thus the filter is not asymptotically stable,
and one may similarly establish that it admits distinct invariant measures.

13—21.8.

() =fXy), T(f)=

One feature of the model of Example 1.1 is that it possesses degenerate observa-
tions in the sense that Y, is a function of X,, without any additional noise. The phe-
nomenon illustrated here turns out to disappear when some independent noise is
added to the observations, for example, Y;, = |£,+1 — &, | + 1, Where (1,),e7 1S an
i.i.d. sequence such that the law of ng has a nowhere vanishing density. In [20], one
of the authors developed this idea to establish ergodicity and stability properties
of the nonlinear filter under very general assumptions. To this end, let (X, Y,)nez
be a stationary hidden Markov model under P, and assume that:
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(1) (X,)nez is absolutely regular: E(||P(X, € - | Xo) — P(X,, € )|ITv) — 0.
(2) The observations are nondegenerate: P(Y, € A|X,) = [, &(X,, y)p(dy)
for some strictly positive density g(x, y) > 0 and reference measure ¢.

Then the above exchange of intersection and supremum of o -fields is permitted,
and the filter is stable [20] and uniquely ergodic [22]. Intuitively, nondegeneracy
(which formalizes the notion of “noisy” observations) rules out the singular obser-
vation structure that causes the exchange of intersection and supremum to fail in
Example 1.1. However, this intuition should not be taken too literally, as a more
difficult example in [22] shows that the result may still fail if absolute regularity
is replaced with the weaker purely nondeterministic assumption. Therefore, the
assumptions in [14, 15, 17, 19] (which implicitly assume nondegeneracy, though
this is not used in the proofs) are genuinely too weak to yield the desired results.

The results discussed above all assume the classical hidden Markov model set-
ting illustrated in Figure 1(a). Such models are quite flexible and appear in a wide
array of applications [6]. Nonetheless, there are many applications in which the
need arises for more general classes of partially observed Markov models. For
example, two common generalizations of the classical hidden Markov model are
illustrated in Figure 1(b) and (c). The model of Figure 1(b) is a generalized hidden
Markov model [10] or an autoregressive process with Markov regime [11]. This
model is similar to a hidden Markov model in that the dynamics of (X,),>0 do
not depend on the observations (Y}),>0; however, here the observations are not
conditionally independent but may possess their own dynamics. Such models are
common in financial mathematics, where (Y,),>0 might represent a sequence of
investment returns while (X,,),>0 models the state of the underlying economy. On
the other hand, in the model of Figure 1(c) there is feedback from the observations
to the dynamics of the unobserved process (X;),>0. Such models arise when the
noise driving the unobserved process and the observation noise are correlated.

In these more general models, the process (I1,),>0 is no longer Markovian, but
the pair (I1,, Y, )»>0 is still Markov. It is therefore natural, and of significant inter-
est for applications, to investigate the ergodicity of (I1,, Y¥,),>0 and the asymptotic
stability of (IT1,),>0 in a more general setting. It has been shown by Di Masi and
Stettner [10] for the model of Figure 1(b), and by Budhiraja [3] for the model of
Figure 1(c), that these problems can be reduced to establishing the validity of the
exchange of intersection and supremum of o -fields along the lines of the earlier
approach for classical hidden Markov models in [14, 15, 17, 19]. The generaliza-
tion of the positive results in [20] is far from straightforward, however.

To illustrate one of the complications that arises in generalized models, let us
consider the setting of Budhiraja [3]. Budhiraja considers a model of the form

Xl’l:f(Xﬂ—lv Yl’l—laén)a Yn:h(Xn)"i_nn,

where (§,),>1 and (17,),>0 are independent 1.i.d. sequences. It is assumed that f, &
are continuous functions and that 7y possesses a bounded and continuous den-
sity with respect to some reference measure ¢. This is evidently a hidden Markov
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model with correlated noise of the type illustrated in Figure 1(c). The main result
in [3] states that if this model admits a unique stationary law P and if (X;),cz
is purely nondeterministic, then (I1,, Y;),>0 possesses a unique invariant mea-
sure. Budhiraja’s proof contains the same gap as in [14, 15, 19]; indeed, the result
is clearly erroneous in light of Example 1.1. Nonetheless, it seems reasonable to
guess that if we assume nondegeneracy of the observations (i.e., that the density of
no is strictly positive) and absolute regularity of the unobserved process, then the
result will hold as in [20]. Even this, however, turns out to be false.

EXAMPLE 1.2. Define the {00, 01, 10, 11}-valued process (X, ),ez and real-
valued process (Y} ),ez such that X is uniformly distributed in {00, 01, 10, 11},
X X3y = (X3, 1Xoy = Tt VD)), Yo =g,

n—1»
where (,)nez are i.i.d. N(0, 1)-distributed random variables. Then the process
(Xns 110,00[(Yn—1))nez has the same law as the classical hidden Markov model of
Example 1.1, so stability and unique ergodicity of the filter must fail.

Even though the observations are ostensibly nondegenerate in this example, the
feedback from the observations affects the dynamics of the unobserved process in
a singular fashion that recreates the problems of Example 1.1. We thus need at
least a different notion of nondegeneracy in order to rule out such phenomena.

The goal of this paper is to develop a general ergodic and stability theory for
nonlinear filters that subsumes all of the models discussed above. Indeed, we do
not impose any structural assumptions other than that (X, Y;),>0 is a Markov
chain that possesses a stationary law P [as is illustrated in Figure 1(d)]. The main
assumptions of this paper generalize those of [20]; we assume that the model is:

(1) absolutely regular: E(|[P((X,, Yy) € - |Xo, Y0) — P((Xn, Yn) € )[ITVv) = 0;
(2) nondegenerate: there exist kernels Py, Q and a density g(x’, y’,x,y) > 0
so that P((X,41, Yug1) € AlX,, Yn) = fA 8(Xn, Yn, x, y) Po(Xy,dx)Q(Yy, dy).

The latter assumption states that the dynamics of the observed and unobserved pro-
cesses can be made independent (on finite time intervals) by an equivalent change
of measure. It is easily seen that the notion of nondegenerate observations for the
classical hidden Markov model is a special case of this assumption; on the other
hand, the present assumption also rules out the phenomenon observed in Exam-
ple 1.2. This general nondegeneracy property appears to be precisely the right as-
sumption required to generalize the results of [20], and seems very natural in view
of Examples 1.1 and 1.2. The absolute regularity assumption on (X, ¥,),cz can
in fact be weakened somewhat; see Sections 2.4 and 2.5 for a precise statement.
With the above assumptions in place, we will show that Kunita’s exchange of
intersection and supremum of o -fields is permitted in our setting, and we can con-
sequently develop general asymptotic stability and unique ergodicity results. The
intuition behind the proofs is similar in spirit to the classical hidden Markov model
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setting in [20, 22], and we refer to those papers for a discussion of the basic ideas.
Nonetheless, to our surprise, key parts of the proofs in [20] break down completely
in the generalized setting of this paper and almost all arguments in [20] require sub-
stantial modification, as we can no longer exploit many simplifying properties that
hold trivially in classical hidden Markov models. The proofs in the present paper
rely on the ergodic properties of nondegenerate Markov chains that are developed
in Section 3 below. Though this paper is almost entirely self-contained, the reader
may find it helpful to familiarize herself first with the simpler setting of [20].

This paper is organized as follows. Section 2 introduces the general model used
throughout the paper and states our main results. We also give useful sufficient con-
ditions for the models in Figure 1(a)—(d). Section 3 develops the ergodic properties
of nondegenerate Markov chains that play a central role in our proofs. Sections 4—7
are devoted to the proofs of our main results. Appendices A and B collect auxiliary
results and a notation list that is used throughout the paper.

2. Preliminaries and main results.

2.1. The canonical setup. Throughout this paper we consider the bivariate
stochastic process (X, Y, )nez, Where X, takes values in the Polish space E and
Y, takes values in the Polish space F. We realize this process on the canonical path
space Q2 = QX x QY with QX = EZ and QY = FZ, such that Xn(x,y)=x(n) and
Y, (x, y) = y(n). Denote by & the Borel o-field of €2, and define

F¥ =o(Xy:kel), FY =o{Vi:kel), F=FFvI¥
for I C Z. For simplicity of notation, we define the natural filtrations

FX =¥ Fy=F onr  Fn=Foom (€D

n 1—o0,n]?

and the o -fields
X _ qX Y _q¥ X _gX Y — g7
F* =37, F :?Z’ ?+:?[0,m[’ 374_:37[0?00[,

Finally, we denote by Y the F Z_valued random variable (Y})cz, and the canonical
shift ®: Q2 — Q is defined as O(x, y)(m) = (x(m + 1), y(m + 1)).

For any Polish space Z, we denote by B(Z) its Borel o-field and by P(Z)
the space of all probability measures on Z endowed with the weak convergence
topology [thus P(Z) is again Polish]. Let us recall that any probability kernel
p:Z x B(Z') — [0, 1] may be equivalently viewed as a P(Z’)-valued random
variable z — p(z, -) on (Z, B(Z)). For notational convenience, we will implicitly
identify probability kernels and random probability measures in the sequel.
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2.2. The model. The basic model of this paper is defined by a Markov transi-
tionkernel P: E x F x B(E x F) — [0, 1] and a P-invariant probability measure
mon (E x F,B(E x F)), which we presume to be fixed throughout the paper. We
now define the probability measure P on (€2, ¥) such that, under P, the process
(X», Yn)nez 1s the stationary Markov chain with transition kernel P and station-
ary distribution 7r. We interpret Y;, to be the observable component of the model,
while X, is the unobservable component.

As (X, Yu)nez is a stationary Markov chain under P, the reverse time process
(X_pn, Y_p)nez is again a stationary Markov chain. We fix throughout the paper
aversion P':E x F x B(E x F) — [0, 1] of the regular conditional probability
P((X_1,Y_1) € -|Xo, Yo). Thus, by construction, the process (X_,, Y_j,),ecz is a
stationary Markov chain with transition kernel P” and invariant measure 7.

In addition to the probability measure P, we introduce the probability kernel
P : E x F x ¥ — [0, 1] with the following properties: under P>,

(1) (Xu, Yu)n>0 is Markov with transition kernel P and initial measure §; ® ,,;

(2) (X—n, Y_»)n>0 is Markov with transition kernel P” and initial measure §; ®
Sws

3) (Xu, Yu)n>0 and (X_,, Y—_,)n>0 are independent.
Clearly P** is a version of the regular conditional probability P(- | Xg, Yp). Finally,
for any probability measure v on (E x F, B(E x F)), we define

P'(A) = f Io(x, y)P>¥(dx,dy)v(dz, dw) forall A eJ.
Note, in particular, that P” coincides with P by construction.

2.3. The nonlinear filter. As X, is not directly observable, we are interested
in the conditional distribution of X, given the history of observations to date
Yo, ..., Y,. To this end, we define for every probability measure u on E x F and
n > 0 the nonlinear filter TT} : Q¥ x B(E) — [0, 1] to be a version of the regular
conditional probability P* (X, € - |f7"[’6’n]). The nonlinear filter is the central object
of interest throughout this paper.

We now state some basic properties of the nonlinear filter. The first property
establishes that the filter can be computed recursively.

LEMMA 2.1. There is a measurable map U :P(E) x F x F — P(E) such
that T = U(Hﬁf_l, Yo—1,Y,) Pras. for everyn > 1 and nu € P(E x F).

REMARK 2.2. In the proof of our main results, it will be convenient to assume
that the identity 1) = U (HZL_I, Y,_1, Y,) holds everywhere on Q¥ and not just
P*-a.s. This corresponds to the choice of a particular version of the nonlinear filter.
However, as none of our results will depend on the choice of version of the filter,
there is clearly no loss of generality in fixing such a convenient version for the
purposes of our proofs, as we will do in Section 5.
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We now consider (I} Jn>0 as a P(E)-valued stochastic process. The second
property establishes that this measure-valued process inherits certain Markovian
properties from the underlying model (X, Y;)n>o0.

LEMMA 2.3. There exist Markov transition kernels I" on P(E) x F and A on
P(E) x E x F such that the following hold: for every u € P(E x F),

(1) (114, Y, )n>0 is a Markov chain under P* with transition kernel I'; and
() (114, X,, Y, )n>0 is a Markov chain under P* with transition kernel A.

For any m € P(P(E) x F), define the barycenter bm € P(E x F) as
bm(A x B) :/v(A)IB(w)m(dv,dw).
We finally state some properties of I'- and A-invariant measures.

LEMMA 2.4. For any I -invariant probability measure m € P(P(E) x F), the
barycenter bm is a P-invariant probability measure. Conversely, there exists at
least one T'-invariant probability measure with barycenter 1.

Similarly, for any A-invariant probability measure M € P(P(E) x E x F), the
marginal M(P(E) x -) is a P-invariant probability measure. Conversely, there ex-
ists at least one A-invariant probability measure with marginal 7.

In general, there may be multiple I'-invariant measures with barycenter 7, etc.
Our main results will establish uniqueness under suitable assumptions.

REMARK 2.5. For the purposes of this paper it suffices to establish the above
results for the case where Assumption 2.8 below is assumed to hold. In this setting,
these results will be proved in Sections 6.1 and 7.1. In fact, the results in this
subsection hold very generally as stated without any further assumptions, but the
proofs in the general setting are somewhat more abstract. Such generality will not
be needed in this paper, and we therefore leave the generalization of the proofs
(along the lines of [22], Appendix A.1) to the interested reader.

2.4. Main results. 'We begin by introducing the fundamental model assump-
tions that are required by our main results. Let us emphasize that we will at no
point in the paper automatically assume that any of these assumptions is in force;
all assumptions will be imposed explicitly where they are needed. Some useful
sufficient conditions will be given in Section 2.5 below.

ASSUMPTION 2.6 (Marginal ergodicity). The following holds:

/ 1P (X, € ) — P(X, € ) [ty (dz, dw) 2= 0.
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ASSUMPTION 2.7 (Reversed marginal ergodicity). The following holds:

/ 1P (X € ) — P(X_p € )l (dz, dw) =5 0.

ASSUMPTION 2.8 (Nondegeneracy). There exist transition probability ker-
nels Py: E x B(E) — [0,1]and Q: F x B(F) — [0, 1] such that

P(z,w,dz,dw') =gz, w, 7, w)Py(z,dz)O(w, dw")

for some strictly positive measurable function g: E X F x E x F — ]0, oo[.

We now proceed to state the main results of this paper. Our results address in
turn each of the problems discussed in the Introduction: the exchange of inter-
section and supremum of o -fields, asymptotic stability of the nonlinear filter and
unique ergodicity of the processes (T1l), Y,)n>0 and (T, X, Y)n=0-

Our first result establishes the validity of Kunita’s exchange of intersection and
supremum, and its time-reversed cousin, in the generalized setting of this paper.

THEOREM 2.9. Suppose that Assumptions 2.6-2.8 are in force. Then

NFLVIy o =FL and (FyvFE, =5,  Pas

n>0 n>0

Our second result concerns filter stability which can be established in our setting
(as in [20]) in a very strong sense: pathwise and in the total variation topology.

THEOREM 2.10. Suppose that Assumptions 2.6-2.8 are in force. Let (L be a
probability measure on E x F such that u(E x -) L 7w (E X -) and

n— oo

EX(|P*(X, € - 1Y0) —P(Xp € )| ry) — 0.

n—oo

Then ||T1} — 7 [ty —— 0 P*-a.s. [and P-a.s. if w(E x -) ~w(E X -)].

REMARK 2.11. The assumptions of Theorem 2.10 may be more intuitive
when phrased in terms of the filtering recursion in Lemma2.1.Let p: F x B(E) —
[0, 1] be a probability kernel, and define the random measures (I1,),>0 by the re-
cursion

o = p (Yo, -), I, =Uu-1, Yn-1, Yp).

Suppose that the dynamics of (X,),>0 are such that the random initial law p is in
the domain of attraction of the stationary distribution 7 in the sense that

n—0o0o

PP (x, €.y —P(X, €)|py ——> 0 in7w(E x dw)-probability.
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Then [T, — IT7 ||Tv 2% 0 P-as. Indeed, this follows immediately from Theo-
rem 2.10 by setting u(dz, dw) = p(w, dz)m(E x dw). Therefore, we may inter-
pret Theorem 2.10 as follows: the filtering recursion of Lemma 2.1 is asymptoti-
cally stable inside the domain of attraction of the stationary distribution.

The result of Theorem 2.10 is easily extended to show |1}, — I Itv 20
P?-a.s. whenever all three initial measures u, v, y are in the domain of attraction

of the stationary distribution in the above sense, using Corollary 3.6 below.
Our third result concerns uniqueness of the I"-invariant measure.

THEOREM 2.12. Suppose that Assumptions 2.6-2.8 are in force. Then there
exists a unique I -invariant probability measure with barycenter 7. In particular,
if P has a unique invariant probability measure, then so does T".

Our fourth result concerns uniqueness of the A-invariant measure. The situation
here is a little more complicated; Assumptions 2.6-2.8 only ensure uniqueness
within a restricted class of measures (cf. [15]), while a somewhat stronger variant
of Assumption 2.6 yields uniqueness in the class of all probability measures.

THEOREM 2.13. Suppose that Assumptions 2.6-2.8 hold. Then there exists a
unique A-invariant probability measure with marginal w on E x F in the class

{M € P(P(E) x E x F): for every A € B(P(E)), B B(E),C € B(F),

M(A x B x C) =/U(B)IAXc(v, w)M(dv, dz, dw) t.
If, in addition, we have
1P, €~ POX, € lltvin(dz, dw) 2% 0

for every probability measure u on E x F such that u(E x -) =x(E X -), then
there exists a unique A-invariant probability measure with marginal w among all
probability measures in P(P(E) x E x F). If we assume even further that P has
a unique invariant probability measure, then so does A.

The following sections are devoted to the proofs of these results: Theorems 2.9,
2.10, 2.12 and 2.13 are proved in Sections 4, 5, 6 and 7, respectively.

2.5. Sufficient conditions. Our main results rely on the fundamental Assump-
tions 2.6-2.8. In most applications, the form of the transition kernel P is explicitly
(or semi-explicitly) given. Existence and uniqueness of an invariant measure 7 and
the ergodicity Assumption 2.6 can often be verified in terms of P only (cf. [16]),
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while the nondegeneracy Assumption 2.8 can be read off directly from the explicit
form of P. On the other hand, explicit expressions for the invariant measure 7 or
the reversed transition kernel P’ are often not available, so that Assumption 2.7
may be difficult to verify directly. The goal of this section is to provide sufficient
conditions for our main results that are easily verified in practice.

2.5.1. General sufficient conditions. Our main sufficient condition is absolute
regularity (cf. [23]), of the process (X}, Y»)nez, Which was the assumption stated
in the Introduction. This is slightly stronger than Assumptions 2.6 and 2.7, but has
the benefit that it is automatically time-reversible and therefore easily verifiable.

LEMMA 2.14. Suppose that (X, Yn)nez is absolutely regular,
/||P“”((Xn, Yy) € ) — 7| py7t(dz, dw) 2= 0.

Then both Assumptions 2.6 and 2.7 hold true.

PROOF. Absolute regularity trivially yields Assumption 2.6. On the other
hand, the absolute regularity property of a stationary Markov chain is invariant
under time reversal by [20], Proposition 4.4, so that Assumption 2.7 follows. [

Similarly, the convergence assumption in Theorem 2.10 also admits a slightly
stronger but potentially more easily verified counterpart.

LEMMA 2.15. Suppose that Assumption 2.6 holds. Let (1 be a probability
measure on E x F such that |P*((X,, Y,) € ) —7|tv = 0 as n — oco. Then

n—oo

EX([PH(X, € - [Y0) — P(Xp € )] py) —=3 0.

PROOF. Define the quantity
Ap(x,y) =P (Xg € ) = P(Xg € )|ITv-
By the stationarity of P, the Markov property and || Ay — 1||co < 1, we can estimate
EX ([P (X sk € - 1Y0) = P(Xpk € )| y)
<EF(IP* 1 (X € ) — P(Xx € ) lv)
= E(Ap (X, Yi)) + {EF (Ap (X, Yn) = 1) = E(Ar(Xy, V) — 1)}
<E(IPP70 (X € ) = P(Xg € )lltv) + [PH((Xn, Ya) € ) =7 |1y

This expression converges to zero as k, n — oo by our assumptions. [
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2.5.2. Generalized hidden Markov models. We now consider the special case
where the underlying model (X, Y, ),ez is a generalized hidden Markov model,
whose dependence structure is illustrated in Figure 1(b). Under Assumption 2.8,
this dependence structure is enforced by the additional requirement that

/g(z,w,z’,w’)Q(w,du/):l forallwe F,z,7 € E.

This implies that (X,),cz is itself Markovian under P with transition kernel Py,
and the probability measure mg = 7 (- x F') must then be Pp-invariant. In this set-
ting, it suffices to consider the ergodic properties of the unobserved process, pro-
vided that the reference transition kernel Q(w, dw’) does not depend on w.

LEMMA 2.16. Suppose that Assumption 2.8 holds with Q(w, dw’) = ¢(dw’)
for some probability measure ¢ on F, and that (X,,, Y;)nez is a generalized hidden
Markov model in the above sense. If (X,,)ne7 is absolutely regular

/ 1P} (2, ) — molltvro(dz) "= 0,

then both Assumptions 2.6 and 2.7 hold true.

PROOF. We reduce to the case of Lemma 2.14. A stationary Markov chain is
absolutely regular if and only if for almost every pair of initial conditions, there is
a finite time n at which the laws of the chain are not mutually singular (e.g., this
is a special case of Theorem 4.1 below). Therefore, our assumption implies that
for 7o ® mo-a.e. (z,z’), there is an n > 0 such that Pj'(z,) and P} (2, -) are not
mutually singular. But as Q(w, dw’) = ¢(dw’) and by Assumption 2.8, we have
P"(z,w,") ~ P§(z,)®¢and P"(z',w’,) ~ P} (z/, ) ®¢ forevery z, w, z/, w'. It
follows that for 7 ® w-a.e. ((z, w), (z/, w’)) there is an n > 0 such that P"(z, w, -)
and P" (7', w’,-) are not mutually singular. We have therefore shown that the ab-
solutely regularity assumption of Lemma 2.14 holds. [J

REMARK 2.17. By the generalized hidden Markov structure P> (X, € -) =
Py (z,-) is independent of w, so that Assumption 2.6 follows immediately from
the absolute regularity of (X,),ez. Unfortunately, the generalized hidden Markov
property is not invariant under time reversal, so this argument does not guarantee
that Assumption 2.7 holds. The additional assumption that Q(w, dw’) = ¢(dw’)
allows us to circumvent this problem by reducing to the case of Lemma 2.14.

We also have a counterpart of Lemma 2.15.

LEMMA 2.18. Suppose the assumptions of Lemma 2.16 hold. Let . be a prob-
ability measure on E x F so that ||u(- x F) P} — mollty — 0 as n — co. Then

n—oo

E*(|P*(X,y € - 1Y0) — P(Xy € )| py) — 0.
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PROOF. We reduce to the case of Lemma 2.15. As Q(w, dw’) = ¢(dw’), we
obtain 7 ~ 7wy ® ¢ and wP" ~ u(- x F)Pél ® ¢ for all n > 0 by Assumption 2.8.
Choose S, € B(E) such that u(- x F)Py(-NS,) < mo and mo(Sy;) = 0 for all n
[so S, defines the Lebesgue decomposition of w(- x F)Py with respect to mo].
Then clearly uP"(- N S, x F) < 7 and 7w (S;, x F) = 0. Therefore

I P — ity < P (Sy x F)||vn P¥ — ||y + 20 P" (S5 x F)
< llvaP* =7 lltv + e x F)P§ — mollTv,

where we have defined v, = uP"(- NS, x F)/uP"(S, x F). Butas (X,, Y,)uez
is absolutely regular (cf. Lemma 2.16) and v,, < 7, the first term converges to zero
as k — oo. Letting n — 00 and applying Lemma 2.15 yields the result. [l

2.5.3. Hidden Markov models with correlated noise. 'We now turn to the spe-
cial case where the underlying model (X,,, Y;,),ez is a hidden Markov model with
correlated noise, whose dependence structure is illustrated in Figure 1(c). Under
Assumption 2.8, this dependence structure is enforced by the following require-
ment: there is a probability measure ¢ on F such that Q(w, dw’) = ¢(dw’), and
there are measurable functions gy : E X F x E — Ry and gy : E x F — R such
that

gz, w, 7, w) =gx(z,w, gy (@, w), fgy(z, w)p(dw) = 1.

Unlike in the case of a generalized hidden Markov model, in the present model the
probabilities P> (X, € -) do depend on w. Nonetheless, in the present case the
unobserved process (X, ),ez s still Markov under the stationary measure P with
respect to its own filtration, with transition kernel Py given for A € B(E) by

oz, A) = / P w, A x F)gy(z, w)g(dw).

To see this, note that 7 (dz, dw) = gy (z, w)w(dz X F)p(dw) by our assumption
on P and 7 P =, so we can compute P(X,,; 1 € A|3‘,’f) = Py(X,, A).

REMARK 2.19. Unlike in the case of a generalized hidden Markov model,
where Q(w, dw’) = ¢(dw') is an additional assumption, in the present setting the
assumption Q(w, dw’) = ¢(dw’) entails no loss of generality. Indeed, the hid-
den Markov structure with correlated noise can be generally formulated by the
requirement that P(z, w,dz’,dw’) = Px(z,w,dz')Py(z',dw’) for some proba-
bility kernels Px and Py. It is easily seen that any such model that also satisfies
Assumption 2.8 must have the above form for a suitable choice of ¢.

The idea is now that in the present setting, it suffices to consider the ergodic
properties of the unobserved process (i.e., the transition kernel Fp).
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LEMMA 2.20. Suppose that Assumption 2.8 holds and that (X,, Yn)uez is a
hidden Markov model with correlated noise in the above sense. If also

J 13 @) = molivmow) “= 0.
where Ty = (- x F), then both Assumptions 2.6 and 2.7 hold true.

PROOE. Note that forall (z, w)e E x F, B e B(E x F) and n > 1 we have

P B = [ { | B dner 111)¢(d111)}gx(2, w, ) Po(z, d2).
B
Therefore, we have forn > 1

/ 1P (2, w, ) — 7ty (dz, dw) < / 12772, — molly.

The result now follows directly from Lemma 2.14. [J

In the present setting (as in the case of a classical hidden Markov model), the
most natural initial measures p are those that are compatible with the observation
model in the sense that u(dz, dw) = gy (z, w)uo(dz)e(dw) for some probability
measure (o on E. This yields the following counterpart of Lemma 2.18, whose
proof (by reduction to Lemma 2.15) is trivial and is therefore omitted.

LEMMA 2.21. Suppose the assumptions of Lemma 2.20 hold. Let uo be a
probability measure on E such that || o Py — molltv — 0 as n — oo. Then

n—oo

EX(|P* (X, € - Y0) —P(X, € -)||TV) — 0,
where we have defined u(dz, dw) = gy (z, w)uo(dz)p(dw).

REMARK 2.22. Let us note that in all of the special cases discussed above the
process (X, Y,)nez is absolutely regular so that Assumptions 2.6 and 2.7 hold by
virtue of Lemma 2.14. Absolute regularity of (X, Y;;),ez is not necessary, how-
ever, for Assumptions 2.6 and 2.7 to hold. For example, in the trivial case that As-
sumption 2.8 holds with g = 1, it is easily seen that Assumptions 2.6 and 2.7 hold
if and only if the unobserved process (X, ),cz is absolutely regular, while the pair
process (X, Y,)nez need not even be ergodic [e.g., when Q(w, dw’) = 8, (dw’)].
Thus Assumptions 2.6 and 2.7 are strictly weaker than the absolute regularity of
the pair process (X, Y;,)nez. Nonetheless, the latter assumption is very mild and
will likely hold in most applications of practical interest.

3. Nondegenerate Markov chains. The nondegeneracy Assumption 2.8 will
play an essential role in our theory. Before we can turn to the proofs of our main
results, we must therefore begin by establishing some general consequences of the
nondegeneracy assumption that will be needed throughout the paper.
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3.1. Product structure of the invariant measure. Assumption 2.8 states that
the transition kernel P of the Markov chain (X, Y,),ecz is equivalent to a prod-
uct of transition kernels of two independent Markov chains. Our first question is,
therefore, whether this forces the invariant measure 7 to possess a similar product
structure; that is, if a stationary Markov chain is nondegenerate, then is its invari-
ant measure necessarily equivalent to the product of its marginals? In general, of
course, the answer is negative (e.g., consider the case where P is the identity and
7 is any probability measure that is not equivalent to a product measure). How-
ever, we will presently show that if, in addition to nondegeneracy, we assume that
the marginal process (X;),ecz 1s ergodic in a suitable sense, then 7 is forced to
possess the desired product structure.

We need two lemmas. The first states that the nondegeneracy of the transition
kernel P implies that the iterates P" are also nondegenerate; in fact, we show that
P((Xy, Yy) € -1 X0, Yo) ~ P(X,, € -|X0) @ P(Y,, € - [Yp).

LEMMA 3.1. Suppose that Assumption 2.8 is in force. Choose fixed ver-
sions ¥ (w, dz), nX(z, dw) of the regular conditional probabilities P(Xg € - |Yp),
P(Yy € - | Xo), respectively, and define the probability kernels

Pz, A)=f1A(z/)P"(z,w,dz’,dw’)nx(z,dw),

PY(w, B) = f 13 W) P (2, w,d7, dw)r” (w, dz).
Then we have for alln e N
P"(z,w,d7,dw") = Gu(z, w, 7/, w)PX(z,dZ) P, (w,dw),

where G,  E x F X E x F — ]0, oo[ are strictly positive measurable functions.

PROOF. From the Assumption 2.8, it follows directly that
P"(z,w,d7',dw’) = g,(z, w, 7z, w) P (z,dZ) 0" (w, dw)

for some strictly positive measurable function g,,: E X F x E x F — ]0, co[. But
then the result follows directly from the definition of PX, P with

Gu(z,w, 7/, w)

= g}’l(Z, w, Z/7 w/)

X (/ gn(z, W, 2, W) Q" (W, dw)n X (z,dD)

—1
ngn(i,w,Z’, w’)Pg(z,dz’)nY(w,dz)) .

The proof is complete. [
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The second lemma states that if the unobserved process (X,),cz is ergodic in a
suitable sense, and if the nondegeneracy assumption holds, then every P-invariant
function is independent of its unobserved component.

LEMMA 3.2. Suppose that Assumption 2.8 is in force, and that
J1P¥ @) =76 x Pllvr(dz x P “= 0,

Then for any bounded measurable function f:E x F — R that is P-invariant
(i.e., f = Pf), there exists a bounded measurable function g: F — R such that
f(z,w)=g(w) for m-a.e. (z,w) € E x F.

PROOF. As f is P-invariant, the process (f (X, Y,))n>0 is a martingale un-
der P. By stationarity and the martingale convergence theorem,

k— 00

E(|f(Xn, Yn) — f(Xo, YOI) =E(If Xpsk, Ysr) — f Xk, Yi)|) — 0.

In particular, we have
/Pz’w(f(Xo, Yo) = f(Xy, Yy) foralln > 0)n(dz, dw) = 1.

Therefore, we may choose a set H; € B(E x F) with w(H) = 1 such that
PoY(f(z,w) = f(Xp, Yy) foralln >0)=1 for all (z, w) € Hj.

Next, let p: F x B(E) — [0, 1] be a version of the regular conditional probability
P(Xo € - |Yp). Then by our assumption and the triangle inequality,

/ 1PX(z, ) — PX(Z, )ltvpw, d2)p(w, dz)m(E x dw)

< 2/ I1PX(z,) — (- x F)|lrvm(dz x F) == 0.

Therefore, using Fatou’s lemma, we can choose a set Hy € B(E x E x F) of
(p ® p) (E x -)-full measure such that

liminf|| PX(z,) — PX (7, )ltv=0  forall (z,7, w) € Hy.
n—oo
Now define the set H € B(E x E x F) as follows:
H={z7,w)eEXExF:(z,w),(,w)e H}NH,.

Then it is easily seen that the set H has (p ® p)7w (E x -)-full measure.
We now claim that f(z, w) = f(z’, w) for every (z,z’, w) € H. To see this, let
us fix some point (z, 7/, w) € H, and choose n > 0 such that

I1PX(z, ) — PX(Z, )y < 1.
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Thus PnX (z,-) and PnX (Z/, -) are not mutually singular. By Lemma 3.1
Pn(Z, w, ) ~ PnX(Zy ) ® PnY(wa ’)s Pn(Z/’ w, ) ~ P”)((Z/v ) ® PnY(w’ )

Therefore, P"(z, w, -) and P"(z’, w, -) are not mutually singular. But note that, by
the definition of H, P"(z, w, -) is supported on the set

Ei={Z w)€eEXF:f(z,w)= f(Z, W)},
while P"(z', w, -) is supported on the set
Ery={(Z,w) e E x F:f(z/, w) = f(Z,w)}.

Thus the fact that P"(z, w,-) and P"(z/, w, -) are not mutually singular implies
that E; N E, £ &, which establishes the claim.
To complete the proof, define g(w) = [ f(z, w)p(w, dz). Then

f 1f (2 w) — g(w) | (dz, dw)

< / | f(z,w) — £, w)p(w,dz2)p(w,d )7 (E x dw) =0.

Thus f(z, w) = g(w) for w-a.e. (z, w) € E x F as desired. [

We can now prove the main result of this subsection: if the nondegeneracy
assumption holds, and if, in addition, the unobserved component (X),c7 is er-
godic, then the invariant measure 7 is necessarily equivalent to the product of its
marginals. Note that the ergodicity assumption in this result automatically holds
when Assumption 2.6 is in force.

PROPOSITION 3.3. Suppose that Assumption 2.8 is in force, and that
/||PnX(z, ) —7(- x F)|lryr(dz x F) 2= 0.

Then there exists a strictly positive measurable function h: E x F — ]0, oo[ such
that m(dz,dw) = h(z, w)m(dz x F)n(E x dw).

PROOF. We begin by noting that
(A x F)= /J‘t(dz x F)PX(z,A),  7(E x B) :/n(E x dw)PY (w, B)

by the invariance of 7. Now let C € B(E x F) be a set such that 7 (C) = 0. As
7 P" = 7, it follows from Lemma 3.1 that

/ 1c(Z, w)PX(z,dZ)PY (w,dw)w(dz, dw) =0
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for all n € N. But note that
flc(z, w)m(dz x F)nw(E x dw)
_ / 1c(Z, w)n(dZ x F)PY (w, dw')x(dz, dw)
< [1P¥ @) =7 x Plvr(dz x F)
+ / 1c(Z, w)PX(z,dZ)PY (w,dw)m(dz, dw).
Letting n — oo and using the ergodicity assumption gives
/lc(z, w)(dz x F)w(E x dw) =0.

As this holds for any set C such that 7(C) = 0, we have evidently shown that
m(dz x F)n(E x dw) < w(dz,dw). Conversely, choose a set C such that

/lc(z, w)(dz x F)w(E x dw) =0.
Then, by Lemma 3.1, we have
/P”(z, w,C)r(dz X F)w(E x dw) =0

for all n € N. By the Birkhoff ergodic theorem,

1 N
v Z P'(z,w,C) N=oo f(z, w) formr-ae. (z,w) € E x F,

n=1

where f is a P-invariant function with 7 (f) = w(C). Moreover, by Lemma 3.2
we have f(z,w) = g(w) for wr-a.e. (z,w) € E x F for some function g. But as
we have already shown that 7 (dz x F)7m(E x dw) < 7w (dz, dw), these statements
hold w(dz x F)m(E x dw)-a.e. also. Therefore,

1 N
0= ~ Z_: / P"(z,w, C)(dz x F)m(E x dw)

o /g(w)yr(E x dw) = / f(z, w)m(dz,dw) =m(C).

As this holds for any C such that [1¢(z, w)n(dz X F)n(E x dw) =0, we evi-
dently have w(dz, dw) < m(dz x F)n(E x dw), and the proof is complete. [
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3.2. Reversed nondegeneracy. One important consequence of Proposition 3.3
is that, if the unobserved process (X, ),z is ergodic and the transition kernel P is
nondegenerate, then the nondegeneracy Assumption 2.8 holds also in reverse time
(i.e., the backward transition kernel P’ must be nondegenerate also). In particular,
this implies that the Assumptions 2.6-2.8 are invariant under time reversal.

LEMMA 3.4. Suppose that Assumption 2.8 is in force, and that
[ 1P @) =7 x Pllryr(dz x F) “=S 0.
Then P’ is also nondegenerate; that is, there exist transition probability kernels
Py:E x B(E) — [0, 1] and Q": F x B(F) — [0, 1] such that
P'(z,w,dZ,dw") = g'(z, w, 2', w) Py(z, dZ") Q' (w, dw")

for some strictly positive measurable function g':E x F x E x F — 10, oo[.
PROOF. Note that by Proposition 3.3 and Assumption 2.8
E((Xo, Yo, X1, Y1) € B) =/Bh(X(),yo)g(XO,yo,X1,yl)p(dXO,dm)K(dyo,dyl),

where p(dx,dx") =7 (dx x F)Py(x,dx"), k(dy,dy") = (E xdy)Q(y,dy’), and
where g, h are strictly positive measurable functions. Let us now fix any versions
r(x1,dxg) and k(y,dyg) of the regular conditional probabilities p(Xg € - |X1)
and « (Yp € - |Y7), respectively. Then by the Bayes formula,
_ Jah(z, w)g(z, w, Xy, Y1)r(X1, d2)k(Y1, dw)

S h(z, w)g(z, w, X1, YDr(X1,do)k(Y1, dw) -

As P’ is a version of P((Xy, Yp) € -|X1, Y1), the result follows. [

P((Xo, Yo) € A|X1, Y1)

3.3. Equivalence of the observations. We now turn to a different consequence
of the nondegeneracy assumption. It is easily seen that when Assumption 2.8 holds,
the laws of (Yo, ..., ¥,) under P=¥ and P are equivalent forany z,7' € E, w €
F, n < oo. That is, the laws of the observed process under different initializations
of the unobserved process are equivalent on any finite time horizon. To prove our
main results, however, we will require such an equivalence to hold on the infinite
time horizon. The following result is therefore of central importance.

PROPOSITION 3.5. Suppose that Assumption 2.8 holds. Let &, &’ be proba-
bility measures on (E,B(E)), let n be a probability measure on (F,B(F)) and
let viE x F— ]0,00[ and v': E x F — 10, oo[ be strictly positive measurable
functions. Define the probability measures on (E x F, B(E x F))

v(dx,dy) =v(x, »)Edx)n(dy),  vV(dx,dy)=v'(x,y)E dx)ndy).
Ifliminf, o0 |P”(X, € -) — PV (X, € ) ||Tv = 0, then Py ~ P”'|ﬂ.
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PROOF. Choose any A € 3:{ such that PY'(A) = 0. It suffices to prove that
PY(A) = 0. Indeed, this shows that P"| Y < P”llﬂ, while the reverse statement

follows as the assumptions are symmetric in v and v’.
Fix for the time being n € N. Note that by construction

Ia(x, y) =1a(y(0), ..., y(n), (y(k))k>n)-
Let us define the measurable function
a(yo, - Yn, Xp) =E" (L4 (vo, ..., yns Yidk=1))-
Then, by the Markov property,
a(Yo,.... Yy, X)) =PP(AIF] vV Fo,y).  PPaas.
for any initial probability measure p. In particular,
a(Y, ..., Yy, X)) =0,  P"-as,

Let Q" be the law of the Markov chain (Yj)r>0 with initial measure 1 and transi-

tion kernel Q, and Pg be the law of the Markov chain (X )x>0 with initial measure
&’ and transition kernel Py. By our assumptions,

n—1
PV (A) = (P ® Q")[IAU/(XO, Yo) [ ] e(Xi. Yi, Xy, Yi+1):|
i=0

for every A € 3"[)6’”] \Y, 3"[167”]. In particular, the law of (Yy, ..., Yy, X;) under P’
and the law of Q" |5r[y0 ] ® &' P§ are equivalent. Therefore,

Cl(Y(),...,Yn,Xn)ZO, (Qn|3~[)(’)n] ®S/P6‘)—a.s.

Choose S, € B(E) such that (§ P§)(- N S,) K &' P§ and (§'Pi)(S5) =0 (so S,
defines the Lebesgue decomposition of & Pj with respect to £’ P). Then

Is,(Xna(Yo,.... Yo, X) =0, (Qlyr ®EPf)-as.

Therefore,

a(YO,,Yn,Xn)SISz(Xn)’ (Q’”g‘[{)nJ@sPOn)_as
But, as above, we find that the law of (Yy, ..., Y,, X;) under P’ is equivalent to
Q"|5r ® & Py. Therefore, we obtain immediately

[0,n]
a(YO,---,Yn,Xn) SIS,LI(XH)’ Pv_a-s-

Taking the expectation, we find that PV (A) <P"(X, € S;).
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At this point, we note that n € N in the above construction was arbitrary. More-
over, we have already shown that for any n € N, the law of X,, under P" is equiv-
/! -
alent to £’ P§. Therefore PV (X,, € S7) =0, and we find that

P"(A) < liminfP" (X, € 5¢) < liminf|[P"(X, € ) — PV (X, € )|ty = 0.
n—oo n—0o0
Thus the proof is complete. [J

A useful corollary is the following result.

COROLLARY 3.6. Suppose that Assumptions 2.6 and 2.8 hold, and let i be a
probability measure on E x F such that u(E x -) L w(E x -) and

n—>o0

EX(|P*(X, € - Y0) —P(X, € -)||TV) — 0.
Then P* |y K Plgy. If u(E x -) ~n(E X -), then P*|zv ~P|gv.
gY gY FY 2

PROOF. We begin by noting that
E(|P(X, € -Y0) = P(X, € )| 1y) E(IPX7°(X, € ) = P(X,, € )||1v).
Therefore, by Assumption 2.6,

n—oo

IP(Xn €-1Y0) —P(Xy €)|py — 0 in P-probability.

As P*(Yp € ) < P(Yy € +), this convergence is also in P*-probability. Therefore,
using dominated convergence and the triangle inequality,

n—oo

EX(|P*(X, € - |Y0) — P(X,, € -|Y0) ||TV) — 0.
By Fatou’s lemma, we obtain
1;{210%f”PM(Xn €Yy —P(X, €-1Yp) ||TV =0, PH-as.
Letv:F x B(E) — [0,1],V': F x B(E) — [0, 1] be versions of the regular con-
ditional probabilities P*(X( € - |Yp), P(X¢ € - | Yp), respectively. Then
1}11rgiogf||P”<W~>®5w (X €) =PV @I®u(x, )|, =0, w(E x )-ae. w.
By Proposition 3.5, it follows that

Pv(w»')®6w PV/(wu')®6w |

~ E x )-a.e. w.

By the Lebesgue decomposition for kernels ([9], Section V.58), there is a measur-
able version of the Radon—-Nikodym derivative. It follows that

P;ngl); — PV®M(EX)|3:_§; ~ Pu/®'u(E><-) |3:_§; < Py/®7{(E><.)|3~X — Pl&r};,

where we have used that w(E x -) <K w(E x ). If w(E x-) ~ 7 (E x -), then clearly
<« can be replaced by ~ in the previous equation. [
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4. Proof of Theorem 2.9. The goal of this section is to prove Theorem 2.9.
To this end, we begin by recalling the basic result from [20] on the ergodicity
of Markov chains in random environments. This result will be used to establish
that the unobservable process (X,),>0 has trivial tail o-field under the conditional
measure P(-|F¥). Finally, we show that P(Xy € -|F) ~ P(X( € -|F}), which
allows us to complete the proof by applying a result of von Weizsécker [24].

4.1. Markov chains in random environments. We begin by recalling the rel-
evant notions from [20], Section 2. A Markov chain in a random environment is
defined by the following three ingredients:

(1) A probability kernel PX: E x Q¥ x B(E) — [0, 1].
(2) A probability kernel @ : QY x B(E) — [0, 1] such that
f PX(z,y, Aw(y,dz) =w (Oy, A)  forall y e Q', A € B(E).

(3) A stationary probability measure PY on (QY, FY).
The process X, is called a Markov chain in a random environment when
PX(Xy,Y0®", A) =P(X, 41 € A|ITX v I, P-as.,
@ (Y 0®", A) =P(X, € A|F"),  P-as.
for every A € B(E) and n € Z, and PY = P| gv. One should think of a Markov
chain in a random environment X, as a process that is Markov conditionally on the
environment Y. The conditional chain is time-inhomogeneous but must satisfy cer-
tain stationarity properties: the environment is stationary and the (time-dependent)
conditional transition probabilities PX(-,Y 0 ®",.) and quasi-invariant measure
@ (Y o ®", ) are themselves stationary processes with respect to the environment.
The stationarity properties ensure that Markov chains in random environments be-

have “almost” like time-homogeneous Markov chains; cf. Theorem 4.1 below.
Let us introduce a probability kernel P.: E x Q¥ x F¥ — [0, 1] so that

P.,(A)= f L) PX (x(n — 1), Oy, dx(n)) x - --

x PX(x(1), ©y,dx(2)) PX(x(0), y, dx(1))8,(dx(0))

for A € 3"[)6’ n)- It1s easily seen that P , is a version of the regular conditional prob-

ability P((Xx)k>0 € - |3“é( v FY). We can now state the following ergodic theorem
for Markov chains in random environments ([20], Theorem 2.3).

THEOREM 4.1. The following are equivalent.

(1) P,y (Xy €)= Py (X, €Ty ——3 0 for (w @ @)PY-ace. (2,7, y).
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(2) The tail o-field TX = Mn=>0 3'“[)51’00[ is a.s. trivial in the following sense:
P, (A) =P, (A)* =P, (A)  forall AcT¥ and (z,7,y) € H,

where H is a fixed set (independent of A) of (w ® @ )PY -full measure.
(3) For (w @ w)PY-ae. (2,7, y), there is an n € N such that the measures
P, (X, €-) and Py (X, € -) are not mutually singular.

4.2. Weak ergodicity of the conditional process. Our first order of business is
to establish that, under the model defined in this paper, X, is indeed a Markov
chain in a random environment in the sense of Section 4.1, where the observations
Y play the role of the environment; that is, we must show that the unobserved
process X, is still a Markov chain conditionally on the observations Y satisfying
the requisite stationarity properties. This is the statement of the following lemma,
whose proof is omitted as it is identical to that in [20]. As everything that follows
is based on this elementary fact, however, let us briefly sketch why the result is
true for the convenience of the reader. It is easily seen that

PXpi1€-1FXvIN o0 =P(X - 1T VvIV) =P(X;| €-|o{Xo} vI).

The first equality follows from stationarity of P, and the second equality follows
as J[1,00[ 1s conditionally independent of F_; given o{Xy, Yo} by the Markov
property of (X,,, Y,)nez. We can therefore choose P¥ to be a regular version of
P(X; € -|lo{Xo} v F¥). Similarly, we can choose @ to be a regular version of
P(Xg € -|FY), and PY to be the law of Y. It is now an elementary exercise to
check that these kernels do indeed characterize the process X, as a Markov chain
in a random environment in the sense of Section 4.1.

LEMMA 4.2. There exist probability kernels PX.E x QY x B(E) — [0, 1]
and @ : QY x B(E) — [0, 1], and a probability measure PY on (QY, S"Y), such
that the conditions of Section 4.1 are satisfied.

PROOF. The proof is identical to that of [20], Lemma 3.3. [
The main goal of this subsection is to prove the following theorem.

THEOREM 4.3. Suppose that both Assumptions 2.6 and 2.8 are in force. Then
any (hence, all) of the conditions of Theorem 4.1 hold true.

The strategy of the proof of Theorem 4.3 is to show that condition (3) of Theo-
rem 4.1 follows from Assumptions 2.6 and 2.8. To this end, we begin by proving
that Theorem 4.3 would follow if we can establish equivalence of the conditional
and unconditional transition kernels PX and P.
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LEMMA 4.4. Suppose that Assumptions 2.6 and 2.8 are in force, and that
there exists a strictly positive measurable function h: E x QY x E — 10, oo[ such
that

PX(z,y,A):/E IA@hE Y. DP . y(O0), dE dD)  forall A€ B(E)

X

for @wPY-a.e. (z,y). Then condition 3 of Theorem 4.1 holds.

PROOF. By Assumption 2.6 and the triangle inequality
/||Pz’y(°>(xn e ) —PYO(X, € )| m (v, dD)w (v, dZ)PY (dy) 225 0.

By Fatou’s lemma, there is a set H; of (z ® @ )PY -full measure such that

liminf[ PO (X, € ) =P O (X, € )|y =0 forall (z.Z',y) € Hi.

In particular, there is for every (z,z’,y) € Hy an n € N such that Pz’y(o)(Xn €-)
and P<-YO (X, € ) are not mutually singular.

Now let H, be a set of @ PY-full measure such that the absolute continuity
condition in the statement of the lemma holds true for all (z, y) € H>. By Lem-
ma A.1, there is a subset H3 C H, of @ PY -full measure such that for every (z,y) €
H3 we have P, ,((X,,®"y) € H3 foralln > 0) = 1. It follows directly that for
every (z,y) € H3,neNand A € B(E), we have

n—1

P, (X, € A) :/IA(xn)f(an oo xny) [ ] Poxis dxiy1)8: (dxo),
i=0

where we have defined the strictly positive measurable function

n—1

F@osee xm ) =[] h(xi,@l’y,x,-mfg(x,-,y(i>,xi+1,w)Q<y<z‘>,dw>.

i=0
On the other hand, we have for every z, y

n—1

PO, € 4) = [ TaC) £/ G, o5, 3O [ Pot diian)c (o)
i=0
where we have defined the strictly positive measurable function
n—1
f/(x07 cees Xn, )70) = / 1_[ g(xia Vi, Xi+1, Yi+l)Q()’i, in-‘rl)-
i=0

Therefore P, (X, € -) ~P“YO (X, € ) forall (z,y) € Hy andn € N.
To complete the proof, define the following set:

Hy={(z,7,y):(z,Z,y) € Hi, (z,y), (2, y) € H3}.
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Then Hy has (w ® @ )PY -full measure, and for every (z,7/,y) € Hy, there is an
n € N such that P, (X, € -) and P, (X, € -) are not mutually singular. This
establishes condition (3) of Theorem 4.1. [

We now proceed to prove the following lemma, which verifies the assumption
of Lemma 4.4. This completes the proof of Theorem 4.3.

LEMMA 4.5. Suppose that Assumptions 2.6 and 2.8 hold. Then there exists a
strictly positive measurable function h: E x Q¥ x E — 10, oo[ such that

PX(z,y,A)=/

Ex

FIA(Z)h(z,y,Z)P(z,y(O),dZ,dtb) forall A € B(E),
for wPY-a.e. (z, ).

PROOF. By definition, PX is a version of the regular conditional probability
P(X; € -|3’~(}f v F1). But by the Markov property of (X, Y,)nez, the o-fields
Fl1,00[ and F_; are conditionally independent given o (Xg, Yp). Therefore, PX
is, in fact, a version of the regular conditional probability P(X; € - |o (X9, Yo) V
F, [Yl’oo[). Moreover, clearly the kernel P defined as

P(z.w, A) = / IAG)P(zow.d3.di)  forall A e B(E). (z.w) € E x F

is a version of the regular conditional probability P(X| € - |0 (X¢, Yp)). Finally,
we fix throughout the proof arbitrary versions R:E x F x CFJYF — [0, 1] and
RX:ExFxE x S"i — [0, 1] of the regular conditional probabilities P ((Yy)r>1 €
-lo(Xo, Y0)) and P((Yi)k>1 € -lo(Xo, Yo, X1)), respectively. To complete the
proof, it suffices to show that R¥(z, w, z’,-) ~ R(z, w, -) for (z, w, z’) € H with
P((Xo, Yo, X1) € H) = 1. Indeed, if this is the case, then by the Lebesgue de-
composition for kernels ([9], Section V.58), there is a strictly positive measurable
function /1 : E x Q¥ x E — ]0, oo[ such that

R*(z,y(0), 2, A)=/1A((y(i))izl)h(z,y,Z)R(Z,y(O),d(y(i))izl)

forall A € 3"[1/1’00[ and (z, y(0), z) € H' with P((Xo, Yo, X1) € H') = 1. It remains
to apply Lemma A.2 to the law of the triple ((Xo, Y0), X1, (Yi)k>1)-

It therefore remains to show that RX (z, w, 7/, -) ~ R(z, w, -). To this end, let us
introduce convenient versions of the regular conditional probabilities R and RX.
Note that we can write for A € F¥

R(Xo, Yo, A 0 ®) =E®P*111(4)|0 (X0, Yo)) = P*¥0 %0 (A)
by the Markov property of (X, Y,,)n>0, where we have defined
v, w(dZ, dw) = P(z, w,dZ,dw) = g(z, w, Z, W) Py(z,d2) Q(w, dw).
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On the other hand, using the Bayes formula, we can compute for A € fﬂ{
R¥(Xo, Yo, X1, A 0 ®) = P(P¥1 71 (A) |0 (Xo, Yo, X1)) = PX0ToX1(4),
where we have defined
gz, w, 7/, )
[gz,w, 7/, w)Q(w,dw’)
It therefore suffices to show that P”Z<,uf¢z/|5ti ~ P"Wlﬂ for (z,w,z’) € H with
P((Xo, Yo, X1) € H) = 1. By Proposition 3.5, it suffices to show that

liminf||P"=»' (X, € ) — P (X, € )|ty =0
n—oo

V2w, (dZ, dw) = 8,(dz)Q(w,dw).

for (z, w, 7’) € H with P((Xy, Yo, X1) € H) = 1. But
E([[P™0Y0X1 (X, € -) — P**0"0 (X, € )1v)
=E(|P(Xu+1 € -1Xo0, Yo, X1) — P(Xy41 € - 1 X0, Y0) | 1v)
<E(|P(Xp+1 € -1X0, Yo, X1, Y1) = P(Xy11 € )| 1vy)
+E([P(Xp41 € -1X0, Yo) = P(Xnt1 € )| 1y)
=E(|P(X, €-1X0, Y0) —P(X,, € )| 1v)
+E([P(Xp11 € - 1X0, Y0) = P(X41 € )| 3y),
where we have used the triangle inequality and the stationarity of P. Thus the result

follows from Assumption 2.6 and Fatou’s lemma. [

4.3. Exchange of intersection and supremum of o-fields. Fix a version
o T:QY x B(E) — [0, 1] of the regular conditional probability P(X € - |9’i).
We begin by establishing the validity of the exchange of intersection and supre-
mum in Theorem 2.9 assuming that zo ™ has a positive density with respect to @ .

PROPOSITION 4.6. Suppose Assumptions 2.6 and 2.8 hold, and that there
exists a strictly positive measurable function k: QY x E — 10, oo[ such that

zzT(y,A)Z/IA(Z)k(y,z)zerr(y,dz) forall A € B(E)

forPY-a.e.y e QY. Then Mn=>0 fﬂ{ \% ff[X 5"}; P-a.s.

n,o0[ =
PROOF. By Theorem 4.3, there is a set H of (o ® @ )PY -full measure with
P.,(A) =P, (A)* =P, (A) forallAeT* and (z,7,y) € H.

As H has (w @ @ )PY -full measure, there clearly exists a set H Y e B(QY) of PY-
full measure such that [ Iy (z,7, )@ (y,dz)w (v,dz’) = 1forall y € HY . Let us
now define P, (A) = [P, ,(A)w (y,dz). Then

P,(A) —P,(A)? = / In(z, 7, )P,y (A) (1 =P (A)) @ (v, d2)w (y,dz) =0
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for every y € HY and A € TX. Thus TX is P-trivial for all y € H Y Therefore,
defining P} (A) = [P y(A)@ " (y, dz), our assumption that & " (y, ) ~ @ (y, )
PY-ae. y € Q¥ implies that TX is P -trivial for PY-a.e. y € QY.

Now recall that, by definition, P  is a version of the regular conditional proba-
bility P((Xi)k>0 € - |0 (Xo) vV FY). But as ?{1 is conditionally independent of F
given o (Xo, Yp) by the Markov property, it follows that P, , is even a version of
P((Xi)k>0 € - |0(Xp) V Cﬂ{). It therefore follows that P;F is a version of the regu-

lar conditional probability P((X)r>0 € - |3"i). We have therefore shown that T%
is P(- |’J’i)—trivial P-a.s., which implies

NFLvTE =L,  Pas.

[n.00[ —
n>0
by Lemma A.4 in Appendix A. [

To prove Theorem 2.9, we must therefore establish that zr ™ has a postive den-
sity with respect to @ . It is here that the time-reversed Assumption 2.7 enters the
picture; indeed, the alert reader will not have failed to notice that we have only
used Assumptions 2.6 and 2.8 up to this point.

LEMMA 4.7. Suppose that Assumptions 2.6-2.8 are in force. Then there exists
a strictly positive measurable function k: QY x E — 10, oo[ such that

w(y,A)= / I (Dk(y, )t (v,dz)  forall A e B(E)
forPY-ae. yeQY.

PROOF. By the Markov property of (X,,, Y;;)nez, we find that P> Y0 ((Yz)r<0 €
-) and P (:)®by, ((Yr)k<o € -) are versions of the regular conditional probabil-
ities P((Ye)k<o € - |0 (Xo) vV F¥) and P((Y)k<o € - |FY), respectively. Applying
Lemma A.2 to ((Yi)k>0, X0, (Yx)k<0), it suffices to show that

PEY0 (Yo € ) ~ P78 (¥ € -)

for wPY-a.e. (z, y). By Lemma 3.4, we may apply Proposition 3.5 to the reverse-
time model. Therefore, it suffices to prove that

liminf|[P*Y (X, € ) — P70 (X, € )y =0
for wPY-ae. (z, v). To this end, let us note that
E([PX070X € ) —P7 T80 (X € yy)
<E([P*"(X_, ) —P(X_y €)]1v)
+E(|[P(X_, €- |§J{) —P(X_n €)|ry)
<2E(|[P*0(X_, € ) —P(X_y € )]1v).
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Thus the result follows by Assumption 2.7 and Fatou’s lemma. [J
We now complete the proof of Theorem 2.9.

PROOF. The first part of Theorem 2.9 follows immediately from Proposi-
tion 4.6 and Lemma 4.7. Now note that by Lemma 3.4, Assumptions 2.6-2.8
still hold if we replace the model (X, Y,)secz by the time-reversed model
(X—n, Y_p)nez. Therefore, the second part of Theorem 2.9 follows immediately
from the first part by time reversal. [

5. Proof of Theorem 2.10. The goal of this section is to prove Theorem 2.10.
We begin by recalling some basic properties of the filter. Then, we prove Theo-
rem 2.10 first for a special case, then in the general case by a recursive argument.

5.1. Preliminaries. Recall that [T} is defined as a version of the regular condi-
tional probability P* (X, € - |J, [16’ a))- Of course, we are free to choose an arbitrary
version of the filter, as the statement of Theorem 2.10 does not depend on the
choice of version (this follows from Corollary 3.6). Nonetheless, we will find it
convenient in our proofs to work with specific versions of these regular conditional
probabilities, which we define presently.

For notational simplicity, we introduce the following device: for every probabil-
ity measure p on E x F, we fix a probability kernel p.: F x B(E) — [0, 1] such
that py,(A) =PP (X € A|Yp) for all A € B(E) [i.e., p. is a version of the regular
conditional probability P* (X € - |Yp)].

LEMMA 5.1. Suppose that assumption 2.8 holds. For every probability mea-
sure i on E x F, we define a sequence of probability kernels TI5 : Q¥ x B(E) —
[0, 1] (n > 0) through the following recursion:

J 148, y(n = 1), 2, y(m) Po(z', d2)TT),_ (v, dz")
fg(z/v y(” - 1)’ e y(n))PO(Z/a dZ)HZ_l()” dZ/)

Iy (v, A) = py(0) (A).

Then T1Y is a version of the regular conditional probability P*(X,, € - |3r[16,n]) for
every n > 0. Moreover, I1}; (v, ) ~ PHO©®%0) (X, € ) forall y, n.

I (y,A) =

PROOF. By construction, we have

P*(Xg edxg, ..., X, €dx,, Yy €dyg, ..., Y, €dy,)
n—1

= W(E x dyo) iy, (dxo) [ [ &Cxi. yis Xit1, yie1) Po(xi, dxip1) Q(vi, dyig1).
i=0
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Therefore, the Bayes formula gives for any A € B(E)
P (X, € AlF) )
[ 1a(xn) iy (dxo) l_[?:_1 g(xi, Yi, xig1, Yig1) Po(xi, dxiy1)
I 1y, (@x0) T10=o g(xis Yi, i1, Yi1) Po(xi, dxigr)

This clearly coincides with the recursive definition of [14. Moreover, it follows
directly that T}, (y, -) ~ My () Py forall y, n. But note that

n—1

Pre® (X, € A) = [ TaGon)iaa (o) £, o, o) [T Poteis i),
i=0

where we have defined
n—1
S (¥, X05 - Xn) =/ [, yi.xis1, yir1) Qi dyis).
=0

Therefore, IT}, (y, -) ~ py) Py ~ PPO®50 (X, € -) for every y,n. [

Throughout the remainder of this section, the nonlinear filter 4 will always be
assumed to be chosen according to the particular version defined in Lemma 5.1.
This entails no loss of generality in our final results.

REMARK 5.2. From the recursive formula for I14, we can read off that

i
e, (v, A) =TIy %20 @y 4y foralln,m >0,y e QY. A e B(E).
This recursive property will play an important role in our proof. One of the ad-
vantages of our specific choice of version of the filter is that this property holds
pathwise, so that we need not worry about the joint measurability of IT/ (v, -) with
respect to (y, u). Of course, our choice of version is not essential and technicalities

of this kind could certainly be resolved more generally if one were so inclined.

5.2. The absolutely continuous case. We begin by obtaining an explicit for-
mula for the limit of ||TT}, — [T} [Ty for absolutely continuous measures u < v.

This result will be applied recursively in the proof of Theorem 2.10.

PROPOSITION 5.3.  For any probability measures ju,v on E x F with u© < v

|

B [lim sup|| T — T1} rv ]

n— oo
du du
= EV|: EV<E(X(), Yo)‘ ﬂ .'EF_};_ \Y 97[),(1700[) — E”(d_U(XO, Yo)‘&r_{)

n>0
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PROOF. As dP*/dP’ = (du/dv)(Xy, Yp) by the Markov property, we have
E" (I (X,)E’ ((dp/dv)(Xo, Y)lo (X) v 5, DIF )
E" ((dp/dv)(Xo, Yo)IF, )

P#-a.s. by the Bayes formula. Therefore, we evidently have

A ) _ B di/dv)(Xo, Yolo (Xa) v T
dr, " E((dp/dv)(Xo, Y0)|F )

In particular, we can write P*-a.s.

P (X, € AlFf ) =

, P*-as.

EY(M, |5} )
EV((dp/dv)(Xo, YOIF) )

aty,
i1 = il = [ |0 = 1| =
n
where we have defined
du v du Y
Thus it is easily seen that

EX* [lim supllHﬁf — HZ ||TV] =EY [lim supE”(Mn|3"[)67n])].
n—0o0

n—oo

M, =

Now note that, by the Markov property, F[,,+1,00[ and o (Xo) VvV 9’[16%71] are condi-
tionally independent given o (X, Y;,). Therefore,

du Y X du Y
E’Y (E(XO’ YO)‘§+ Vv le~[n,oo[) —E" (d_U(XO’ YO)‘E[O’”O ‘

If du/dv were uniformly bounded, the result would follow directly from the mar-
tingale convergence theorem and Hunt’s lemma ([9], Theorem V.45).
In the case that du/dv is unbounded, define the truncated process

M, =

k
Mn = [n,00[

du du

1 i Y X R %N i Y

E (du (Xo, Yo) AK|FL v T ) E (dv (Xo, Yo)/\k‘fﬂo’n])‘.
By Hunt’s lemma and dominated convergence,

lim lim E"(M}|F] ) =E' (Ms|FY),  P'-as.,

k—oon—>00
where My, = lim,,—, o0 M,,. Therefore, we obtain P"-a.s.
limsup EY (M| 5. .;) = E" (Mool FY) + lim sup limsup E" (M,, — MK | T, ,))-
n— 00 k—>o00 N—>00
It remains to note that the second term vanishes PV-a.s.,
‘lim suplimsup E" (M, — M} T, 1)

k—oo0 n—>00

. . du du
<2limsuplimsup E” <$(x0, Yo) — E(XO’ Yo) A k"f[%’no =0.

k—o0 Nn—>00

The proof is complete. [J
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5.3. The general case. In the special case where y < 7, Theorem 2.10 fol-
lows directly from Proposition 5.3 and Theorem 2.9. An additional step is needed,
however, to prove Theorem 2.9 in the general case.

LEMMA 5.4. Let u, p be probability measures on E, and choose S € B(E)
such that w(S) > 0. Define the probability measure v = (- N S)/u(S). Then

||1—[ZL®3w _ Hr/z@aw ”TV S 2PM®6W (XO ¢ S|g:l[1(/)7n])
+ P (Xo € S|Fy ) T 2% — T30 gy

P ®%w_q.s. for any w € F.

PROOF. If u(S) =1, the proof is trivial. Otherwise, by the Bayes formula,
1
HZL@‘SUJ — Pﬂ®5w (XO c S|3‘[)6’n])nl‘;®5w + PM@aw (XO ¢ S|§’[)E),n])nl")z [
P ®%_as., where vt = (- N S€)/u(S€). But obviously
1@ = PH®n (X € |30, ) T2 + PHS (Xo ¢ 8|37, 152

P ®%_a 5., so the result follows directly. [

REMARK 5.5. Even though we have fixed a version of the filter Hﬁ®5w,
our results should ultimately not depend on the choice of version. In this light,
Lemma 5.4 may appear somewhat suspicious as the regular conditional proba-
bility PP®%w (X, € - |ff"[16 n)) is not P*®% _a.s. uniquely defined. However, there is
no problem here, as the proof shows that the inequality in Lemma 5.4 holds for
any choice of version, even though different versions may be inequivalent. On the
other hand, we will ultimately apply this result only when v < p, in which case
the expression is in fact independent of the choice of version.

The idea is now to apply the recursive property of the filter:

14 8y, 17 ®dy,
T = T8y = [T, "™ (Y 0 @™, ) =TT, "7 (Y 0 @™, ) |1y

for any m > 0. As ), ~P*(X,, € - |Yp) and I, ~P(X,, € -1Yp) by Lemma 5.1,
the assumption of Theorem 2.10 guarantees that the singular part of IT/, with re-
spect to I17, vanishes as m — 0o. We can therefore use Lemma 5.4 to replace ITj,
by its absolutely continuous part, so that we have reduced the limit as n — oo to
the special case of Proposition 5.3. In order to apply Proposition 5.3, however, we
will require one additional result.

LEMMA 5.6. Suppose that Assumptions 2.6-2.8 hold. Then for any m > 0
ﬂ 3']{ v FX (= g7, P08 _g . forPY-ae. y.

[n,00
n>0
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PROOF. As in the proof of Proposition 4.6, it suffices to establish that TX is
Pnﬁ(y")@y(m)(- |3"i)—trivial PIL0)®8m g 5. for PY -ae. y. Note that
P (YI80m (A) = E(PXm T (A)|FY) 1) =P(A 0 ©"|F]) )
for all A € F, by the Markov property. Therefore,
P (Y0993 (4) = P(4 0 ©"|F]) 1) 0 @ =P(AIF]_,, 0)):

where we used that P is stationary. It follows that Plln (Y00, )3y, |F, is a version
of P((Xp, Yn)nz0 € - |F)_,, o) By Lemma A.3

P((Xn)nzo € |§’[Yfm,oo[) = PlIn (Vo0 @0y, ((Xn)nZO €- |ff§), P-as.

Thus it suffices to show that T is P(- |7, Y_m’ OO[)—trivial P-a.s., which is equivalent
(by virtue of Lemma A.4 in Appendix A) to

Y X Y
ﬂ 9-[_m700[ 4 9’[}’[,00[ = g:[—m’oo[a P-a.S.
n>0

But this follows directly from Theorem 2.9 and the stationarity of P. []
We can now complete the proof of Theorem 2.10.

PROOF. By the recursive property of the filter,

limsup|| [T}’ — 7 [|ITv
k—o00

M .
= limsup|| I1," "% (v 0 @, ) —

k— 00

H]IC—I;;[(Y;)®5Y71 (Y o) @ﬂ’ ) HTV

for all n > 0. Therefore, we obtain P*-a.s.

E* (lim sup|| Hf —II7 ||TV|?EE),n]>

k— 00

= EM 00950 (Jim sup| I,
k—o00

7 (3, )®8y(n) H“Z (¥, )®8y(n) ||
— V) |yey’

where we have used that I, (Y, -) and 7 (Y, ) are EF[’[)’ n]—measurable.
To proceed, let us first recall that

Iy (y, ) ~ PROSHO (X, €) and T} (y,) ~ PPOENO(X, € )
for all y, n by Lemma 5.1. Choose a set S, € B(E x F) such that
PHo®u (X, €.N S, (w)) K P (X, €.
and
P (X, € S, (w)) =1
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for all w € F, where Is, ) (z) = Is,(z, w) (the existence of such a set follows
from the Lebesgue decomposition for kernels; [9], Section V.58). Define

n(y, ) =T (y, - NS, (y(0))/T1} (v, Su(y(0))).
Then clearly X, (y, -) < IT7 (y, -) for all y, and by Lemma 5.4

Koy , Ty,
EF 098550 (fim sup 1 7800 i O e Y
k— o0
< 2P 0¥ (X ¢ S, (9(0)))
L EZ0-)®8yam) <1im sup | IT, n(:I®m _ H,?Z(y“)@y(n) ”TV)‘
k—o00

The last term vanishes for P¥ -a.e. y by Proposition 5.3 and Lemma 5.6, hence, for
P#(Y € -)-a.e. y by Corollary 3.6. We have therefore shown that

E* (limsup | TT} — 117 vy |5y 1) < 2P" (X, ¢ Su(Y0)|Ffy 1), Peas.
k—o00

for every n > 0. In particular, we have

EX (um supl| TT¥ — 17 ||TV) <2P*(X, ¢ S,(Yp))  foralln>0.
k—o00

But as P(X,, ¢ S, (Yo)|Yo) = P™0®% (X, ¢ S,(Yy)) =0, we obtain
P/ (X, ¢ Sy (Yo)) = E* (P (X, ¢ Su(Y0)|Yo) — P(X, ¢ S, (Y0)|Y0))

< E*(|P*(Xy € |Y0) = P(Xy € - Y0) | py) 3 0,
where convergence follows as in the proof of Corollary 3.6. Therefore,

limsup||TT} — TI} [ty =0, Pt-as.,
k— 00
which completes the main part of the proof. To obtain P-a.s. convergence (rather
than P*-a.s. convergence) in the case where u(E x ) ~ w(E x -), it suffices to
note that in this case P* |rﬁ ~ Plfﬂ by Corollary 3.6. [

6. Proof of Theorem 2.12. The goal of this section is to prove Theorem 2.12.
We begin by developing some details of the basic properties of (IT/;, ¥;,),>0 in
Section 2.3 under Assumption 2.8. We then complete the proof of Theorem 2.12.

6.1. Markov property of the pair (T1};, Y,)n>0. Throughout this section, we
assume that Assumption 2.8 is in force. We begin by defining a measurable map
U:P(E)x F x F— P(E) as follows:

J1a(2)g(@, yo, 2, y1) Po(Z, dz)v(dZ’)

[ &, yo0,2,y1)Po(z', dz)v(d7))

U, yo, y1)(A) =
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It follows immediately from Lemma 5.1 that [T, = U(I1}'_,, ¥,_1, ¥,) P*-a.s. for
everyn>1and u € P(E x F).
Now define the transition kernel I' : P(E) x F x B(P(E) x F) — [0, 1] as
L, yo, A) = / 14U (v, yo. y1), Y1) P(z, yo0,dz’, dyy)v(dz).

Then we have the following lemma.

LEMMA 6.1. Suppose that Assumption 2.8 holds. Then the (P(E) x F)-
valued process (T1}; , Y n>0 is Markov under P* with transition kernel T.

PROOF. It suffices to note that (I1,, Y,,) is ?g{),n]—measurable and
PA((TTy, Yag) € A )
=PH((UITY, Yo, Yar1), Yas1) € A|F) )
=f1A<U(n;;,Y,,,w),w)P(z,Y,,,dz’,dw)ng(dz)=F(n¢f,yn,A)
forevery A e B(P(E) x F). U

We can now establish some basic properties of I"-invariant measures.

LEMMA 6.2. Suppose that Assumption 2.8 holds. Then for any T -invariant
probability measure m, the barycenter bm is a P-invariant measure. Conversely,
there is at least one T"-invariant measure with barycenter 1.

PROOE. First, let m € P(P(E) x F) be a I'-invariant measure. Then

bm(A x B) :/v(A)IB(w)F(v', w’, dv, dw)m(dv’, dw’)

= / U, w,w)(A)Ig(w)P(z,w, dz, dw)v' (dz)m(dv', dw")

[ J1a@)g(z, w', Z, w) Po(z, d2)v'(d2)
B [g(z,w',Z, w)Py(z,dZ)v'(dz)

x g(z, w', Z, w) Po(z, dZ)v'(d2) Ip(w) Q(w', dw)m(dV', dw’)

= / Pz, w', A x BV ({dz)m(dV',dw")

_ / PGz w'. A x BYbm(dz.dw').

Thus the barycenter bm is P-invariant.
To prove the converse, let 1, be a version of the regular conditional probability
P(X, € -|3",{ ), and let I , be a version of the regular conditional probability
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P(X, - |9’[12,n]). Applying the Bayes formula as in the proof of Lemma 5.1, we
find that U (ITk ,, Yu, Ynt1) = i n41 P-as. for every k < n. By the martingale
convergence theorem, it follows directly that

U, Yy, Yeyr1)(A) = kEI—noo U(Hk,n, Y, Yoy D)(A) = T1,41(A)
P-a.s. for every A € B(E). As B(E) is countably generated, a standard monotone
class argument shows that U (I1,,, Y, Y;,+1) = 1,41 P-a.s. Therefore, the proof of
Lemma 6.1 shows that (I1,,, Y;,),cz is Markov under P with transition kernel I".

But as P is stationary, the process (I1,, Y;;) ez is stationary also. Therefore, the
law of (ITp, Yp) is a I"-invariant measure whose barycenter is obviously w. [J

6.2. Uniqueness of the T -invariant measure. Given m € P(P(E) x F), define
the probability measure Py, on the space P(E) x EN x FN as
Pm((m(), X0, ..., X, Y0,...,Yy) € A)

=fIA(v,xo,...,xn,yo,...,yn)v(dxo)P(xo,yo,dxl,dyl)
X X P(-xn—la Yn—1, d-x}’h dYn)m(dV’ dyO)-
We now choose regular versions of the following conditional probabilites:
M = Pr(X, € - 1F),)-
My =P (X, € 10 (m0) V Fg )
M = Pr(X,y € - |0 (mo, X0) V Fl ny)-
The following result is straightforward.

LEMMA 6.3. The laws of (I'Izni“, Y,) and (MY, Y,) under Pm, coincide with
the laws of (PP™(X,, € - |f}d[{)’n]), Y,) and (P*™(X, € - |0 (Xo) V fﬂ%yn]), Y,) under

pim, respectively. Moreover, the process (M), Y,),>0 is Markov under Py with
transition kernel I' and initial measure m.

PROOF. By definition of the barycenter, the law of (X, ¥;;)»>0 under Py, co-
incides with the law of (X,, Y;;),>0 under P’™. Moreover, it is easily seen that
M =P (X, € -lo(Xo) V 3'“[)6,”]) by the Markov property, so M;"** and M de-
pend on (X, Y;),>0 only. This establishes the first part of the result. The second
part follows as in the proof of Lemma 6.1. [

We can now complete the proof of Theorem 2.12.

PROOF. Throughout the proof, let m be a fixed I"-invariant probability mea-
sure with barycenter . We will show that, by virtue of Theorem 2.9, this invariant
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measure must necessarily coincide with the invariant measure obtained in the proof
of Lemma 6.2.

Let p € N, choose arbitrary bounded measurable functions f:E — R? and
g:F — R, and let x :RP*! — R be a convex function. Then « is necessarily
continuous, so the function F :P(E) x F — R defined by

Fo.w) =« (g, [ fevian)
is bounded and measurable. By Jensen’s inequality,
Enm(F (M, ¥,)) < Em(F (T}, Ya)) < Em(F (M, Y,))

for all n > 0. Therefore, by Lemma 6.3 and the I"-invariance of m, we obtain

E(c (2%, E(f (XIF ) S/F(v, wym(dv, dw)

<E(k(g(¥n). E(f Xn)lo(Xo) v Fly))-

But using stationarity of P and the Markov property of (X, Y,)nez,

E(k (g(Yn), E(f (X)|F]o.7))) = E(x (2(Y0), E(f (X0)IF_,, 7))
E(x(g(Y). E(f (X)lo (X0) v Fjo.)) = E(k (g(Yo), E(f (X0)|Fg v FX,)))

for all n > 0. Thus martingale convergence and Theorem 2.9 yield
/ F (v, wym(dv, dw) = E(k ((Yo), E(f (X0)|F())) = / F(v, wym’(dv, dw),

where m® denotes the distinguished I'-invariant measure obtained in the proof of
Lemma 6.2. But a standard approximation argument shows that class of functions
of the form F (v, w) = k(g(w), [ f(x)v(dx)) is measure-determining (see, e.g.,
the proof of Proposition A.7 [22]), so we can conclude that m = m°. Thus we have
shown that any I'-invariant probability measure with barycenter = must coincide
with m®, which establishes uniqueness.

To complete the proof, it remains to consider the case when P has unique in-
variant probability measure (i.e., 7 is the only P-invariant probability measure).
As the barycenter of any I'-invariant probability measure must be P-invariant, this
implies that any I'-invariant measure must have barycenter 7. Therefore, in this
case, I" has a unique invariant probability measure. [J

7. Proof of Theorem 2.13. The goal of this section is to prove Theorem 2.13.
We begin by developing some details of the basic properties of (I}, X,,, ¥;,)u>0 in
Section 2.3 under Assumption 2.8. We then complete the proof of Theorem 2.13.
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7.1. Markov property of the triple (I}, X,,, Yy)n=0. In this section we use
the notation of Section 6.1, and we again assume that Assumption 2.8 is in force.
Define the transition kernel A:P(E) x E x F x B(P(E) x E x F) — [0, 1] as

A(v,XO,yo,A)=/1A(U(V,)’O,yl),m,yl)P(xo,yo,dm,dyl)-

Then we have the following lemma.

LEMMA 7.1. Suppose that Assumption 2.8 holds. Then (I, X, Y=o isa
(P(E) x E x F)-valued Markov chain under P* with transition kernel A.

PROOF. It suffices to note that (T4, X,,, ¥,,) is F [0,n]-measurable and
PH((TT) 1. Xns1, Yay1) € AlF(0.0))
= / IA(UIY, Yy, w), z,w)P(X,, Yy, dz, dw)
= A(l'[ﬁf, Xn, Yy, A)
forevery Ae B(P(E) x Ex F). U

For any probability measure M € P(P(E) x E x F), we define probability mea-
sures mM € P(E x F) and yM € P(P(E) x F) as follows:

mM(A x B)=M(P(E) x Ax B),  yM(C x B) =M(C x E x B).

Moreover, we define the class

M = {M €P(P(E) x E x F):YA € B(P(E)), B B(E),C € B(F),

M(Ax BxC)= / v(B)Iaxc (v, w)M(dv, dz, dw)}.
We can now establish some basic properties of A-invariant measures.

LEMMA 7.2. Suppose that Assumption 2.8 holds. Then for any A-invariant
probability measure M, the marginal mM is a P-invariant measure. If, in addition,
M € I, then yM is a I"-invariant measure with barycenter mM. Conversely, there
is at least one A-invariant M € I with marginal 7.

PROOF. Let M e P(P(E) x E x F) be a A-invariant probability measure. It
is trivial that mM is P-invariant. Now suppose that also M € 1. Then

yM(A) :/IA(V, w)M(dv, dz, dw)

=fIA(1/, wHAW, z, w,dV',d7, dw)M(dv, dz, dw)
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_ / I (U . w, w'), w) Pz, w.d7 . dwM(dv. dz. dw)
- f LU, w, w), w)P(z, w, dz, dw')v(dz)yM(dv, dw)

=/IA(U/, wHC (v, w, dv', dw)yM(dv, dw),

where we have used that M € 901 in the penultimate equality. Thus yM is a I'-
invariant measure. Moreover, it follows from the definition of 9t that

/v(B)IC(w)yM(dv,dw) =M(P(E) x B x C) =mM(B x C),

so mM is the barycenter of y M. Finally, let I1p be a version of the regular condi-
tional probability P(X¢ € - |3"g ). Then as in the proof of Lemma 6.2, the law of
(Ip, Xo, Yp) is a A-invariant measure in 901 with marginal 7. [

7.2. Uniqueness of the A-invariant measure. 'The first part of the proof of The-
orem 2.13 follows easily from Theorem 2.12 and Lemma 7.2.

LEMMA 7.3. Suppose that Assumptions 2.6-2.8 hold. Then there is a unique
A-invariant probability measure with marginal 7 in the class .

PROOF. Lemma 7.2 guarantees the existence of a A-invariant measure in 97
with marginal 7. To prove uniqueness, note that every probability measure M € 91
is uniquely determined by yM as

M(Ax BxC)= f v(B)laxc (v, w)yM(dv, dw).

Therefore, by Lemma 7.2, if there were to exist two distinct A-invariant measures
in 97 with marginal 7, then there must exist two distinct I"-invariant measures
with barycenter 7, in contradiction with Theorem 2.12. [

The second part of the proof of Theorem 2.13 relies on Theorem 2.10 instead of
Theorem 2.12. To prepare for the proof, we begin by showing that the strengthened
variant of Assumption 2.6 in Theorem 2.13 is equivalent to the requirement that
the assumption of Theorem 2.10 holds universally.

LEMMA 7.4. The following are equivalent:

(1) For every probability measure i on E x F such that u(E x -) =nw(E X -)
[ 1P X, € = POX, € Dllrviatdz, dw) =% 0.

(2) For every probability measure jp on E X F such that u(E x -) K w(E x -)

0.

n—oo

EX(|PH(X, € - 1Y0) = P(Xy € )| py) —
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PROOF. (1) = (2). Let u be any probability measure on E x F with u(E X
) L w(E X -), let uy(dz) be a version of the regular conditional probability
P*(Xg € -1Yy) and define p'(dz, dw) = py(dz)mw(E x dw). Then p/'(E x -) =
m(E x -), so the first statement of the lemma implies that we have

n—oo

IPX0-Y0(X, € ) = P(X, € )rv “—> 0 in P*-probability.

But © < u’ by construction, so the convergence also holds in P*-probability.
Therefore, we obtain by dominated convergence

EX(|P(X, € 1Y) = P(Xy € )|1y)

n—oo

<EX(|PXoo (X, ) —P(X, € )|1v) === 0.

Thus the second statement of the lemma follows.

(2) = (1). Let u be any probability measure on E x F such that u(E x
) =m(E x -) and let u,(dz) be a version of the regular conditional prob-
ability P#(X¢ € -|Yp). By [13], Lemma 3.22, there is a measurable function

t:F x [0,1] — E such that [ f(2)py(dz) = fol f((w, x))dx for all w. Apply-
ing the second statement of the lemma to u* (dz, dw) = 8, x)(d2)U(E x dw) =
Si(w,x)(dz)m (E x dw) gives

n—oo

/||P‘(wvx>vw(xn €)= P(X, € )| py(E x dw) =30 forall x € [0, 1].

Thus the first statement of the lemma follows by integrating with respect to fol -dx
and applying the dominated convergence theorem. [J

Let us note that only the first half of this result is needed in what follows. How-
ever, the equivalence of the two assumptions shows that we have not unnecessarily
strengthened the assumptions of Theorem 2.13.

For the proof of Theorem 2.13, we require another lemma.

LEMMA 7.5. Suppose that Assumptions 2.6-2.8 are in force and that

n—oo

EX(|P*(X, € - 1Y0) —P(X,, € ‘)”TV) —0
for every probability measure ;L on E X F with w(E X ) K w(E X -). Then

[EE e ) @z, dw) 2= 0
for any measurable functionm: E x F — P(E).

PROOF. By Proposition 3.3 and the Bayes formula, there is a strictly positive
measurable function 4 : E x F — R such that the probability kernel

[ Ia(w)h(z, w)m(E X dw)
[ h(z,w)m(E x dw)

Xz, A) = forallz € E, A € B(F)
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is a version of the regular conditional probability P(Yy € -|Xp). In particular,
7X(z,) ~7w(E x -) forall z € E, so by our assumptions and Corollary 3.6 we
obtain P& @) |y ~ P|gy forall z € E.

Fix a measurabl+e funcgon m:E x F — P(E). For every z € E, define
wi(dz, dw) = m(z, w)(dz)w (E x dw). Then by Theorem 2.10, we have

I -7 |y =230,  P-as.
for all z € E. Thus by P%:®7 @) | g P|3’Xr and dominated convergence,

n—oo

/ ESY (I — T o) X (2, dw) 225 0

forall z € E. Butby Lemma 5.1 we have M = m@W® paw_y ¢ foralln > 0.
Integrating with respect to w(dz x F) and applying the dominated convergence
theorem completes the proof. [J

We now proceed to the proof of Theorem 2.13. Let Z be any Polish space en-
dowed with the complete metric dz. Recall that the space P(Z) is Polish when
endowed with the metric (cf. [12], Theorem 11.3.3 and Corollary 11.5.5)

dpzy(v. V) = supH / F@v(dz) — f @V @)|suplf)| <1,

f@) = FOI _ 1}.

x,yeZ dz(x,y)

In particular, the complete metric
D((v,z,w), V', Z', w") =dppy(v,v) +dE(z,2) + dr(w, w')

metrizes the topology of P(E) x E x F.

PROOF OF THEOREM 2.13. The first part of the theorem was established in
Lemma 7.3. For the remainder of the proof, let us assume that one of the equivalent
assumptions in Lemma 7.4 is in force. We will show that any two A-invariant
probability measures with marginal = must coincide.

To this end, let M and M’ be two A-invariant probability measures with
marginal 7. By [13], Lemma 3.22, there exist measurable functions m: E X F X
[0,1] = P(E) and m': E x F x [0, 1] — P(E) such that

1
/f(v,z, w)M(dv,dz,dw):/O /f(m(z,w,x),z, w)(dz, dw) dx.

1
/f(V,z, w)M'(dv, dz, dw) :/0 /f(m/(z, w, x), z, w)w(dz, dw) dx
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for every bounded measurable function f:P(F) x E x F — R. Moreover, note
that by the definition of A and Lemma 5.1

ff(\)’, Z WA (v, z, w, dV, d7, dw') = E5V (f (V%% X, ¥,)).

Let us now fix a bounded function f such that
(v, z,w) — fOV, 2, w)] < D((v, z, w), (V, 2/, w'))

forallv,v' e P(E), z,7 € E, w, w’ € F. We can now estimate

] [ £z wM@v.dz dw) = [ £z M @v, dz, du
1 !
< / f E*Y (dopy (T w08 m @w0)80w)) (47 dw) dx
0

1 /
< /(; /Ez,w(HHZI(Z,W,X)@(Sw _ Hnm (zZ,w,x)R3y ||TV)7T(dZ’ dw) dx

for every n > 0, where we used that MA" =M and M'A”" = M. By the triangle
inequality, Lemma 7.5 and the dominated convergence theorem, the right-hand
side of this inequality converges to zero as n — 0o. Therefore, we have shown that

‘/f(v,z, w)M(dv, dz, dw) —/f(v,z, w)M (dv, dz, dw)| =0

for all bounded functions f that are 1-Lipschitz for the metric D. In other words,
dp@EyxExF)(M, M) =0, so M =M. Thus we have shown that all A-invariant
probability measures with marginal = must coincide, establishing uniqueness.

To complete the proof, it remains to consider the case when P has unique in-
variant probability measure (i.e., 7 is the only P-invariant probability measure).
As the marginal of any A-invariant probability measure must be P-invariant, this
implies that any A-invariant measure must have marginal &. Therefore, in this
case, A has a unique invariant probability measure. [

REMARK 7.6. It is instructive to note that Assumptions 2.6—2.8 are not suffi-
cient to ensure uniqueness of the A-invariant probability measure even in the case
that P has a unique invariant probability measure. Let us briefly sketch a coun-
terexample. Let E =R x {0, 1} and F =R, and consider the filtering model

x)=2x! X2 | +&, X2=x2 Yy =X, + 1.

n—1»

where (§,),>0, (Mn)n>0 are i.i.d. N (0, 1)-distributed random variables. It is clear
that the corresponding transition kernel P has a unique invariant probability mea-
sure  [with w(- x F) =N (0, 1) ® ép] and that Assumptions 2.6-2.8 hold.

Now let = 8o ® 81 ® N(0, 1). Then T, = N (m,,, 0,12) ® &1, where m,, and o*,%
can be computed recursively using the Kalman filtering equations corresponding
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to the model X, =2X,,_1 +&,, Y, = X,, + n,. It is easily verified by inspection of
the Kalman filtering equations that the law of (TT};, X, ¥,,) converges weakly as
n — oo under the stationary measure P. The limiting law is therefore a A-invariant
probability measure that is supported on P(R x {1}) x E x F. On the other hand,
the A-invariant measure defined in the proof of Lemma 7.2 is clearly supported on
PR x {0}) x E x F. Therefore, A has distinct invariant measures.

This example illustrates that the stronger assumption of Theorem 2.13 is indeed
required to establish uniqueness of the A-invariant measure in the class of all prob-
ability measures. Of course, the first part of Theorem 2.13 is not contradicted as
the additional A-invariant measure obtained in this example is not in 1.

APPENDIX A: AUXILIARY RESULTS

The goal of this Appendix is to collect for easy reference a few auxiliary results
that are used throughout the paper.

The following result on the existence of invariant sets for stationary Markov
chains is given in [20], Lemma 2.6. The construction of the set H follows closely
along the lines of [18], pages 1636 and 1637, so the proof is omitted.

LEMMA A.1. Let P* be the law of a Markov process (Zi)k=0 given Zo = z,

and let v be a stationary probability for this Markov process. Then for any set H
of v-full measure, there is a subset H C H of v-full measure such that

P*(Z, € H foralln>0)=1 forallz e H.
The following elementary can be found in [20], Lemma 3.6.

LEMMA A.2. Let G, Gy and K be Polish spaces and set Q@ = G| x Gy X
K. We consider a probability measure P on (2, B(R2)). Denote by y,:22 — Gy,
12:Q — Gy, and k : 2 — K the coordinate projections, and let Gy, G, and X be
the o -fields generated by y1, y» and k, respectively. Choose fixed versions of the
following regular conditional probabilities:

Ef (g1, ) =Pk €-15)(@g),  EN(g1,8.) =Pk €151V %) (g1, &),

E1(g1,) =P €-1951)(g1), Bk (g1,k, ) =Py €191 vK) (g, k),

where g1 € G1, g2 € G2, k € K. Suppose that there exists a nonnegative mea-
surable function h: G x Go X K — [0, 00[ and a set H C G| x G, such that

E(Iu(y1,72)) = 1 and for every (g1, 82) € H
E{(z(gl’ g2, A)= / Ta(k)h(g1, g2, k)E{((gl, dk) forall A eX.
Then thereis H C G| x K with E(Iy/(y1,«)) = 1 so that for all (g1,k) € H’

22 (g1 k, B) = / Is(s)h(g1, 2. M EX (g1 dgs)  forall B €S
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We now recall two results of von Weizsicker that are of central importance in
our proofs. The first result is a special case of the result in [24], pages 95 and 96.

LEMMA A.3. Let G, G' and H be Polish spaces, and denote by g, g’ and h
the canonical projections from G x G’ x H on G, G" and H , respectively. Let Q be
a probability measure on G x G’ x H,and let q..:G x G' x B(H) — [0, 1] and
q.:G x B(G' x H) — [0, 1] be versions of the regular conditional probabilities
Qlhe-|g, g'land Q[(g', h) € - |g], respectively. Then for Q-a.e. x € G, the kernel
qx,g'[-] is a version of the regular conditional probability q.[h € -|g].

Though the second result is not given precisely in this form in [24], its proof
follows easily from [24] modulo minor modifications (see also [20], Section 4.1).

LEMMA A.4. Let G and H be Polish spaces, let (X,),>0 be a sequence of
random variables with values in G and let Y be a random variable with values in
H on some underlying probability space (2, F, P). Define the o-field H = o {Y}
and the decreasing filtration G, = o {Xy :k > n}. Then

(NHVG=H,  Pas

n>0
if and only if
m G, is Pj{—trivial, P-a.s.,

n>0

where P is a version of the regular conditional probability P((X,)n>0 € - |H).

APPENDIX B: NOTATION LIST

The following list of frequently used notation, together with the page numbers
where they are defined, is included for easy reference.

E State space of unobservable component X, ...................... 1500
F State space of observable component ¥y, ............. ... Ll 1500
P Transition kernel of (X,,, Yy)neZ oo oovieeee e 1501
P’ Transition kernel of the reversed model (X_,,, Y _;)nez..oovvvvvt. 1501
PX Conditional transition kernel of (X;),ez given (Yy)nez oo ovvven .. 1516
Py Reference kernel on E such that P ~ Py ® Q (Assumption 2.8)....1503
PnX Version of P(X,, € - | Xg) (Lemma3.1)...................ooi..L. 1509

PY Version of P(Y, € - [Yo) (Lemma 3.1).......o.ooueiiniin.. 1509
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Reference kernel on F such that P ~ Py ® Q (Assumption 2.8). ... 1503

Filter recursion (Lemma 2.1; cf. Section 6.1) ..................... 1501
Unobservable componentof model.............................. 1501
Observation path (Yi)keZ -« oo vveevnii e 1500
Observable componentof model ................................ 1501
Transition kernel of (T4, Y)n>0 (Lemma 2.3; cf. Section 6.1) .. ... .. 1502
Transition kernel of (T4, X,,, Yn)n>0 (Lemma 2.3; cf. Section 7.1) . 1502
Canonical path Space ..........oviiiieeriiiiiiiii e, 1500
Canonical path space of unobservable component................. 1500
Canonical path space of observable component................... 1500
The nonlinear filter P*(X,, € - |9’[16’n]) (cf.Lemmas5.1)............ 1501
The canonical shifton Q.............. ..., 1500
Law of (X1, Yo neZ e oo oo e 1501
Law of the observations (Y,)neZ oo voeeveeiiie i 1516
JPEY LAz, dW) oo 1501
Conditional law of (X,,, Y;)nez given Xo=2, Yo=w............. 1501
Conditional law of (X,)p>0 given Xo=2, Y =y ..ot 1516
Borelo-fieldof G............ ... i 1500
Borelo-fieldof 2. 1500
3:% ........................................................... 1500
F o[+ v v v 1500
T T 1500
O{Zk k€0 1500
Y 1500
EF]Z_ O] * e e 1500
Space of probability measureson G ................. ... ... 1500
Version of PA (X0 € - 1Y0) v 1522
Invariant measure of (X, Yi)neZ - 1501
Version of P(Yp € - | Xg) (Lemma3.1) .......... ... ... 1509
Version of P(Xg € -|Yp) (Lemma3.1) .............cooiiiinnnnn.. 1509
Conditional law of Xg given (Yy)neZ « oo oo, 1516
Conditional law of X¢ given (Y;)n>0«-vvvveenneennininan.. 1520
Barycenter of m......... . 1502
Transition density of P (Assumption2.8) .................cu.... 1503
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