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In this paper, the forgetting of the initial distribution for a nonergodic
Hidden Markov Models (HMM) is studied. A new set of conditions is pro-
posed to establish the forgetting property of the filter. Both a pathwise and
mean convergence of the total variation distance of the filter started from two
different initial distributions are obtained. The results are illustrated using
a generic nonergodic state-space model for which both pathwise and mean
exponential stability is established.

1. Introduction and notation. There are many applications where the current
state of a dynamical system need to be estimated from observations up to the cur-
rent time. In this paper, it is assumed that the underlying state process { Xy }x>0 (of-
ten referred to as the signal process) is a general state space discrete time Markov
chain and the observation process {Yy}x>0 is independent conditionally to the state
sequence. More specifically, let X and Y be Polish spaces endowed with their Borel
o-fields X and ). We denote by Q the transition kernel on (X, X’), u a measure
on (Y, ))) and a transition density g from (X, X) to (Y, )). Consider the Markov
transition kernel defined for any (x,y) e X xYand C € X ® ) by

(1) T[(x,y),C1¥ / Q(x,dx")g(x', y)e(x', y)u(dy').

We consider {(Xg, Yx)}x>0 the Markov chain with transition kernel T and initial
distribution C + [ g(x, y)1c(x, y)v(dx)u(dy), where v is a probability mea-
sure on (X, X). With a slight abuse in the terminology, v is referred to as the
initial distribution of {(Xx, Yk)}x>0 and we denote by P, the distribution of this
process over a suitably defined measurable space (2, F). We assume that the chain
{Xk}k>0 is not observed. The distribution of the hidden state X,, conditionally on

the observations Y., def [Yo, ..., Y,], denoted ¢, ,[Yo: ], is referred to as the fil-
tering distribution.
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A typical question consists in finding conditions under which the filtering distri-
bution is stable, that is, that an appropriately chosen distance between the filtering
distributions ¢, ,[Yo.,] and ¢,/ ,[Y0. ,] for two different choices of the initial dis-
tribution v and v’ vanishes as n goes to infinity. In this paper, assuming that {¥j }x>0
is a Y-valued stochastic process defined on (€2, F, IP,), our objective is to establish
either pathwise or mean filter stability in the total variation distance

2) 1imsup||¢v,n[Y0:n] _¢v/,n[Y0:n]||TV=0, P,.-as.,
n—00
(3) lim SupE*[”¢v,n[Y0: n] — d’v’,n[YO: n]”TV] =0,
n—00

where || - |[Tv denotes the total variation norm. In contrast with most contributions
on this subject, P, need not be equal to P, which means that our results apply even
if the filtering model is misspecified. Under more stringent conditions, we may
strengthen (2) or (3) by specifying rates of convergence. Of particular importance
are the exponential rates (or exponential stability), which amounts to requiring that

4) limsupn ™" log(l|¢v.n[Yo: n] — v u[Yo: n]llTv) <O, P,-as.,
n—00

(5)  limsupn™" logEa[li¢h,nlY0: 1] = v [ ¥o: nlllTv] <O,
n—oo

As stressed by [5], the most important motivation for studying the stability of the
filter is the time-uniform convergence of estimators of the filtering distribution.
Since these estimators are most often defined recursively, the approximation error
at a given time instant has an impact at all subsequent time instants. As shown
in [6], the propagation of error can be considered as an incorrect initialization at
the time when the error was made. If the rate of convergence of the filter is fast
enough (e.g., if the filter is exponentially stable), then the effects of these local
errors do not build up. Another important application of the stability is for the in-
ference of the transition kernel Q or the likelihood g, when these quantities belong
either to parametric or nonparametric family of distributions. As shown in [8], the
convergence of the likelihood of the observation and the consistency of the maxi-
mum likelihood estimator rely on the stability of the filter for a misspecified model
of the observations (several examples of this type will be given later).

The stability of the filter in nonlinear state space models has attracted many
research efforts; see, for example, the in-depth tutorial of [4]. The brief overview
below is mainly intended to allow comparison of assumptions and results presented
in this contribution with respect to those previously reported in the literature.

The filtering equation can be seen as a positive random nonlinear operator acting
on the space of probability measures; the stability can be investigated using tools
from the theory of positive operators, namely the Birkhoff contraction inequality
for the Hilbert projective metric (see [1, 12, 13]). The results obtained using this
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approach require strong mixing conditions for the transition kernels: there exist
positive constants €_ and € and a probability measure A on (X, X) such that

(6) €_A(f) < 0x, f) <efd(f) forany x e X, A € X.

This condition in particular implies that the chain is uniformly geometrically er-
godic. Under weak additional assumptions on the likelihood, (6) allows to establish
both pathwise and mean exponential stability of the filter, with bounds which are
uniform with respect to the observations Yy. .

In [13], the stability of the optimal filter is studied for a class of kernels referred
to as pseudo-mixing. The definition of pseudo-mixing kernel is adapted to the case
where the state space is X = R?, equipped with the Borel sigma-field X'. A kernel
Q on (X, X) is pseudo-mixing if for any compact set C with a diameter d large
enough, there exist positive constants €_(d) > 0 and €4 (d) > 0 and a measure Ag
(which may be chosen to be finite without loss of generality) such that

@) €_(d)Ac(A) < Q(x, A) <eq(d)Ac(A) foranyx €C, Ae X.

This condition is more general than (6), but still it is not satisfied in the linear
Gaussian case (see [13], Example 4.3).

A significant improvement has been achieved by [11], who considered the filter-
ing problem of a signal { X} };=0 taking values in X = R¢ filtered from observations
{Yilkso in Y =R,

8) Xir1 = f(Xp) + 0o (Xp) &k,
©) Y = h(Xy) + Bek.

Here, {(¢k, €k)}k=>0 is a 1.i.d. sequence of random vectors in R4+ with density
qc(x)ge(y), f(-) is a d-dimensional vector function, o (-) a (d x d)-matrix func-
tion, A(-) is a £-dimensional vector-function and 8 > 0. The authors established
both pathwise (2) and mean (3) stability of the filter under appropriate conditions
on the functions f, 4 and o and on the signal and measurement noise {(Zx, €k) }k>0-
These conditions cover (with some restrictions) the linear Gaussian state space
model. Note however that these results hold only if P, =P, and v <« v'. These
results were later extended in [7]. Both pathwise and mean stability are estab-
lished for initial distributions v and v’ that are not necessarily comparable (i.e.,
v < v and v < v) and a distribution P, which might be different from P,. The
results hold under weaker conditions than those mentioned above; in particular,
these results cover the linear Gaussian state-space model without restriction on the
measurement and noise variance.

The works mentioned above mainly are obtained under the assumption that the
signal process is ergodic. Results for nonergodic signals in the linear Gaussian
case have been obtained in [14]. Nonlinear nonergodic state-space models have
been considered much less frequently in the literature. These extensions are im-
portant because many models in engineering or econometrics are nonergodic (see
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[9] and [16] and the references therein). In [3], the model (8) and (9) is consid-
ered: f is assumed to be Lipshitz and & (x) = x, for all x € X =R¢. The pathwise
exponential stability is established [3], Theorem 2.1, under the assumptions that
the state and the observation noise are both Gaussian and that the variance of the
observation noise is small enough. More general distributions for the state and the
observation noises are considered in [3], Theorem 2.4, but still the exponential sta-
bility is obtained only under the condition that the scale of the observation noise is
small enough.

These results were later extended in [15] to allow more general functions /. The
authors establish stability in the mean of the filter, under conditions essentially sta-
ting that the tails of the observation noise {&;}x>0 are sufficiently light compared
to the tails of the signal noise {¢x}«>0. These results are derived under the addi-
tional assumption that the two initial conditions v and v are comparable and that
the distribution of the observation P, = IP,.. Similar conditions have been studied
in [5], which established the pathwise stability, again under IP,,. The conditions in
these two publications are not equivalent; in particular [5] assume that 6(-) =1 in
(8) and that the signal and observation noises are i.i.d. whereas [15] allow a form
of weak dependence in the signal noise (see Section 4 for further discussion).

In a related work, [10] have considered the stability of the filter for denumerable
Markov chains. In this work, {Xy}i>0 is a finite or denumerable Markov chain.
The authors establish exponential pathwise stability when the observation noise
variance B is sufficiently small and 4 is one-to-one. Here again, v < v" and the
distribution of the observation process is P, =P,,.

A significant weakening of these assumptions has been achieved in [17]
and [18]. These contributions establish the stability of the filter (in bounded Lip-
shitz norm) for an observation model (9) under the conditions that 4 possesses
a uniformly continuous inverse and the noise {&x}x>0 has a density with respect
to the Lebesgue measure whose Fourier transform vanishes nowhere but without
imposing any assumption on the transition kernel Q of the signal. Stability in to-
tal variation distance can be obtained under the uniform strong Feller assumption,
that is, that x — Q(x, -) is uniformly continuous for the total variation distance on
the space of probability measures. The pathwise and the mean filter stability are
obtained under the conditions that the initial distributions of the process v and v’
satisfy v <« v’ and the distribution of the observation process is P, = P,,.

In this contribution, we propose a new set of conditions to establish pathwise
and mean filter stability under possible model misspecification. We assume an
observation model that can be more general than (9) and do not assume that v < v';
in addition, the distribution of the observation process P, is not constrained to
be P, and may, on the contrary, be fairly general. Compared to the very weak
conditions introduced in [17] and [18], the price to pay are stronger conditions on
the transition kernel Q, which are reminiscent from the Local Doeblin condition
introduced in [7].
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The paper is organized as follows. In Section 2, the assumptions are introduced
and the main results are stated. In Theorem 5, the pathwise stability of the filter (2)
is established and an explicit bound of the deviation is given. In Theorem 6, the
average stability of the filter (3) is established together with a computable bound.
In Section 3, different nonlinear state-space models are considered. For these mod-
els, we provide conditions upon which the exponential pathwise and mean stability
hold. Several technical lemmas required to study the examples are given in Sec-
tions 4 and 5.

2. Main results. Our results require the existence of a set-valued function,
referred to as Local Doeblin (LD) set function, which extends the so-called LD-
sets introduced in [19] and later exploited in [11]. The difference between LD-sets
of [19] and LD-set functions lies in the dependence on the successive observations.

DEFINITION 1 (LD-set function). A set-valued function C:y —— C(y) from
Y to X is called a Local Doeblin set function (LD-set function) if there exist a
measurable function (y, y') — (e (v, "), sé(y, y")) from Y x Y to (0, 00)? and
a transition kernel A:Y x Y x X — [0, 1]1 such that, forall x e C(y) and A € X,

ec (7, YDA(y, ¥y ANC(H) < O[x, ANC(Y)]

<&l (v, Y)A(y, Y1 ANCHN).

In addition, the map (x, y) = lc(y)(x) from (X X Y, X ® ))) to R equipped with
its Borel o -field is measurable.

(10)

Consider the following assumptions on the likelihood of the observations.
(H1) g is continuous and positive.

This excludes the case of additive noise with bounded support; see for exam-
ple [2]. Stability of the filter may hold in such context, but the fact that the likeli-
hood might vanish creates additional technical difficulties which will obscure the
main points of the paper. In particular, under this assumption, for any distribution
v on (X, X), n > 0 and sequence yg., € Y*T!,

E? [H g (X, yk)}
k=0
(11)

def

/---/v(dxo) [T oGxk-1,dxi) [T g0k, yu) > 0.
k=1 k=0

IFor any (y,y) € Y = Y, A(y,y;") is a o-finite measure on (X, X') and for any A € X, the
function (y, y’) = A(y, y; A) is measurable from (Y x Y, Y ® V) for [0, 1] equipped with its Borel
o -field.
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The filtering distribution can thus be expressed, for A € X,

(12)  Gunlvos,) &L V@0 Tlimy OCik1, i) [lio 8 (5, Y0 14 ()
v,n n f - fv(dXO) HZ:I O(xp_1,dxy) szog(xk: )

The continuity can also be relaxed, also at the expense of some minor technical
adaptations. The main idea of the proof is that the states belong very often to
the LD-sets. Every time the state is in a LD set and jumps to another LD set,
the forgetting mechanism comes into play. From now on, for all (x,x’) € X2,
denote by x = (x,x’) and by g the product g(x,y) = g(x, y)g(x’,y). Simi-
larly, for all A € X, denote A = A x A, for all LD-set function C, C the set-
valued function C(y) = C(y) x C(y). For all (x,x’) € X?, and A, B € X, set
Q(x,x’, A x B) = Q(x, A)Q(x’, B). Finally, for v,V two probability distribu-
tions on (X, X), we denote by IEUQ and EUQ® ,» the expectation with respect to the dis-
tribution of a Markov chain on X (resp., on X x X) with initial distribution v (resp.,
v ®v’) and transition kernel Q (resp., Q). Then, under the stated assumptions, for
any A € X, any v and v two probability distributions on (X, X), any integer n and
any sequence Yo, € Y"T!, the difference ¢, ,[y0:,1(A) — v nlyo:nl1(A) may be
expressed as

¢v,n[y0:n](A) - ¢v/,n[y0:n](A)
_ BRI 08 Xi ) La(X)] — ESIT o 8(Xi y)1a(X,)]
ELT_og(Xi, )] EQ, [T g(Xi, i)l
v®v/[]_[ Og(Xlayl)lA(X )= v®v H Og(Xlayl)lA(X )]
BTy g (Xi, y)IECITT o & (Xi, yi)]
EL T 2(Xi, y){1a(Xn) — La(X))}]
EST/_ 8(Xi, yOIECIT o g (Xi, yi)]

We compute bounds for the numerator and the denominator of the previous ex-
pression. Such bounds are given in the two following propositions. For an LD-set
function C denote:

(14) pe(y. ) E 1= (eg /62 (0. Y.

For any integer n and any sequence {y;}7_, in Y, let us define

(13)

A}’l(v9 U/’ yOI’l)
15)

[Hg(xl,yl)mx >} v@,,[]"[g(x,,y,)u(x )”

A
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PROPOSITION 2.  Let C be an LD-set function and v and v' be two probability
measures on (X, X). Then

- n
-G -5 8
A,V y0:) <EZ 12(Xo, yo) [T &(Xi, y)og (-1, ¥ |
i=1

where 8 = 1g, )y (Xi-1: Xo).

PROOF. For convenience, we write C; = C(y;), &; = &g (Vi—1, i), sl.+ =
65 (Vi—1, Y1) &(x) = g(x, yi), k() = A(yi-1, yis-) and p; =1 — (&] /&;")%. Let
def

us d_eﬁne A = X ® A;. Since C is an LD-set function, for all i =1,...,n,
x € Cj_1, and f a nonnegative function on X x X,

(16) )i, f) < 0, 1g, /) < (1)K (g, /).

Define the sequence of unnormalized kernels Q? and Q ll as follows: for all x € X2,
and f a nonnegative function on X x X,

07 (%, /)= (7)1, (Dhi(lg [,

0; (%, )= 0@ f)—(e)1g,_ @ri(lg, ).
It follows from (16) that, forall X in C; 1,0 < Q] (%, 15, f) < pi Q(X, g, f) which
implies that, for all x € XZ,

0/, f=1lg_ (0} 1g f)
+1g, (D0, 1 f) +1ge (O, f)
(17) <pilg (OG, 1, /) +1g, (DO}, lge )
+lge (DO, )

Ig, g, —

We write A, (v, V', ¥0:1) = supacy |An(A)|, where
def - =_ = _ - _
An(A) Zv @ V(20081 Q8nlaxx) =V ® (20031 -+ Qnlaxx)-
We decompose A, (A) into Ap(A) =3, co0.1y» Dn(A, 10:n—1), Where
def =1y = =t | -
An(A,10:n—1) = VR V/(gOQS)gl T Q;_llgnleX)
V' @ (300581 On=18nlAxx)-
Note that, for any #9.,—1 € {0, 1}" and any sets A, B € X,

VRV (200881 0V 1 8nlaxs) =V @ v(200N&1-- OV 1 8nlpxa).
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If there is an index i € {0, ..., n — 1} such that ; = 0, then
V@V (G00081 - O &nlaxx)
=v® V' (300081 018l
X (8;1)25~i(1ci+,§i+1 Q?Ii e Qzl:iénlex)
=v' ® V(200081 0i13ilg,)
x (e ) Mg, &1 Qi+ On =1 @nlaxx).
Thus, A, (A, tg:n—1) =0exceptif foralli € {0,...,n — 1}, ; =1, and we obtain
An(A) =v @ V'[800681 - Op18n(Laxx — Ixxa)l.
It then follows using (17)

An(w, V', ¥0:0) <V @V (2800081~ 0L 12

- n
-5 _ = si
<EZ. [8(Xo,yo) [TaXi.yp; }

i=I

with §; = léiflxc_:i()?i*l’ le) U

We now compute a bound for the denominator. For a given LD-set function C,
we set

@, c(y,y) &f E€[g(Xo, v)g(X0, ¥) oy (X1)]
=v[gC, ») 08, ¥Y)lcon ()],

def
(19) ey, ¥) = Ay, ¥ 8¢, ) ley))-

(18)

PROPOSITION 3. Let C be an LD-set function and {y;};_, a sequence in Y.
We have for all n e N

(20) E?[]‘[ g(Xi, y:—)} > @y c(yo, Y1) [ (e Gim1, Y)W (i1, ¥0)).
i=0 i=2

PROOF. Since C is an LD-set function, there exist some applications &g, S&L
such that, foralli =1, ...,n,forall x € C(y;—1) and forall A € X with A C C(y;),

1) &g Gim1, YOAi-1, yis A) < Q(x, A) < ed (i1, YOAYi-1, yis A).
Obviously,

E? [H g(Xi, )’i):| >EZ [g(Xo, yo) [ [ ¢(Xi. )’i)lc(y,-)(Xi):|-

i=0 i=l
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Then the right-hand side of this expression may be bounded using (21) by

EZ [g(Xo, o [ ] e(Xi, y,->1C(y,.>(Xi>}

i=1

=E? |:g(XO»)’O)g(Xlayl)IC(yl)(Xl)

n
X Hg(Xi, yi)lei_pxcon(Xi-1, Xi):|
i=2

> v[g(, y0) 0, y) e ()]

n
x [ Tec i1, ydr(yio1, yis 8¢, ¥ legn)- O
i=2

Under (H1), ®, c(y0,y1) > O for any initial distribution v such that v X
Q[C(y1)] > 0. In the examples considered in Section 3, this condition is satis-
fied for the choices of local Doeblin sets by any initial distributions. Following
the same lines as above, it is easily seen that the lower bound (20) can be more
generally written as

n k
EZ [H g(Xi, Yi):| >EY [H g(, yk)IC(yk)(')]

i=0 i=0
n
x [T (eg Qi1 y)¥ci-1, yi)-
i=k+1

This lower bound is positive as soon as va[C(yk)] > 0. The statements of the
results below can be directly extended to handle this more general condition.

By combining these two propositions, we obtain an explicit bound for the total
variation distance ||¢y »[Y0:n] — @y n[Y0:nlllTV. For a set A € X and an observa-
tion y €Y, the supremum of the likelihood over A is denoted

def
(22) Ta(y) = supg(x, y).
xX€A

Consider the following assumption.

(H2) For any n € (0, 1), there exists an LD-set function C, such that y
TC% (v)(¥) is measurable and for all y €Y,

(23) Tos () () < NTx().

When X = R¢, this assumption is typically satisfied when, for any given y, the
likelihood goes to zero as the state | x| goes to infinity: lim|y|—  g(x, y) = 0. This
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condition is satisfied in many models of practical interest, and roughly implies that
the observation effectively provides information on the state range of values.

It is worthwhile to note that the bound we obtain is valid for any sequence yg-
and any initial distributions v and v’. Under assumption (H2), for any n € (0, 1)
there exists a LD-set function C,; satisfying (23). For any « € (0, 1) and a sequence
Yo:n = {)’i}?zo in Y, define

n n
def
24)  Ay(y0:n @) S maxy [T opk k-1, 1) {kHioy €00, 1), Y &k = an t,
k=1 k=1

where pj, is a shorthand notation for pc, [see (14)].
PROPOSITION 4. Assume (H1) and (H2). Let C be an LD-set function. Let

a be some number in (0, 1), v and v’ some probability measures on (X, X) and
{vi}i_, a sequence in Y. Then, for any n > 0,

”d’v,n[)}O: nl— d’v’,n[yO: nlllTv
n n
(25) <2A,(yo:n. @) + 20" [T YO0 [ [ (e Gimt, y) We iz, ) 2
i=0 i=2
X CD;E(yo, y1)<1>;/}c(yo, y1)

. def (1—
with a, = d=0n 20’)" - %

PROOF. Equation (13) implies
20, (v, V/’ Yo:n)
2T 8 (X, yOIEGITI_g £ (Xi. ¥1)]

where A, (v, V', y9:,) is defined by (15). We stress that we will use two different
LD-set functions, C,; for the numerator and C for the denominator. Set

|I¢v,n[y0:n] - ¢v’,n[y0:n]||TV =

def

Ny =Y UH(Xio1, Xi) € Cy(yiz1) x Cy(yi)}-

i=1

Using Proposition 2, we obtain

A (v, V/a Y0:n)

— n
(26) <EZ, |:§(X0, o) [T&(Xi. yp% Gie1, y) LNy > an}}

i=1

- n
+ EVQ@,U/ [g’(Xo, o) [TaXi, v oy (vie1, y) Ny < an}}

i=1



1648 DOUC, GASSIAT, LANDELLE AND MOULINES

with §; = lén(yi_l)xcn(yi)()_(i_l, X i). The first term in the right-hand side expres-
sion of (26) satisfies

- n n
E,,Q@wr [H X, y) [ ] Gict, y) UNpn = Om}]

i=0 i=1

_ n
= EUQ®V’|:1_[ 8(Xi, yi):|An(yO:n’ o).
i=0

Consider now the second term of the right-hand side of (26). Let M, , &ef

Z;’:—Ol léc(y,)()_(l-). For any sequence {u ;}, such that u; € {0, 1} for j € {0, ..., n},
n 1

n—1 n—1 n—1 n—1
n> Y upVuper =y (Ui +uipr —wiig) =2 up—1— Y uinig,
i=0 i=0 i=0 i=0

which implies that Z;’:_Ol ui <(m+1)/2+(1/2) 37, ui—1u;. Using this inequal-
ity with u; = 1{X; € C,(y;)} fori € {0, ..., n} shows that N, , < an implies that
M, , > a,. Then

— n
EC [é(Xo, o) [T&8(Xi. yidpy (i1, y) UNyow < an}}
i=1

_ n
= E§®v/|:1_[ g(X;, yi)l{Mn,n > an}:|
i=0

By splitting this last product, we obtain

n
[TaXi yd UMy n = an} =[]2Xi. y0) x [[8(Xi, y) L {Myn > an}
i=0 1 2

n
<0 [TYgG).
i=0

where [ is the product over the indices i € {0, ..., n} such that X; € (_Jf](y,-) and
[ 1, is the product on the remaining indices. This implies that

- n n
E])Q®vr|:1_[ 8(X;, Yi)l{Mn,n = an}:| = 77”” 1_[ T)%(yi)-
i=0 i=0

By combining the above relations and Proposition 3, the result follows. [
The last step consists in finding conditions upon which the bound in the right-

hand side of (25) is small. This bound depends explicitly on the observations Y’s;
it is therefore not difficult to state general conditions upon which this quantity



FORGETTING FOR NONERGODIC HMM 1649

is small. Let {Y;}x>0 be a stochastic process with probability distribution P, in
(Y, )). We first formulate an almost sure convergence on the total variation dis-
tance of the filter initialized with two different probability measures v and v and
then later establish a convergence of the expectation.

THEOREM 5. Assume (H1) and (H2). Assume moreover that for some 1o,
there exists some LD-set function Cy, such that

" -

27 lim sup —n! Z logeg (Yi—1,Yp) | < o0, P,-a.s.,
n— 00 = o i
" -

28) lim sup n! Zlog Tx(Yy) | < o0, P,-a.s.,
n—o0 k=0 |
" -

29) lim sup —n~! Z logWe, (Yk—1,Yi) | <00, P,-a.s.
n—oo k:2 0 i

Assume in addition that there exists o € (0, 1) such that for all n > 0,

(30) limsupn~'log Ay (Yo: n, @) <O, P,-a.s.
n—oo

Then, for any initial probability distributions v and v’ on (X, X) such that
CDU,C,’O(YO, Yi) <oo and q’v’,C,,O(YO» Y1) < o0, P,-a.s.,
we have

limsupn~10g ¢y.n[Y0: 0] — durnlYo:nllltv <0,  Py-as.
n— oo

PROOF. We apply (25) with C = C,,,. Note that for any positive sequences
{un} and {v,},

lim supn_1 log(u, + v,) < max(lim supn_1 logu,, lim supn_1 logvy,).
n— oo

Under the stated assumptions, there exists some constant 0 < M < oo such that
for any n > 0,

limsupn™10g [l ¢y.n[Y0: n] — v/ n[Yo: nlllTV

l—«o

< max (hm supn_1 log Ay(Yo:.n, @), log(n) + M), P,-a.s.

n—o0
The proof is concluded by choosing n small enough so that log(n)(1 — «)/2 +
M <0. O

Compared to [7], Theorem 1, in the ergodic case, the conditions (27) and (30)
are specific to the nonergodic case, since they involve the functions ¢ and eg .In
the ergodic case, these functions are constant and assumptions (27) and (30) are
trivially satisfied.
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THEOREM 6. Assume (H1) and (H2). Then, for any ng > 0, M; > 0, i =
0,...,3,8 >0 and o € (0, 1), there exist constants n > 0 and B € (0, 1) such
that, for all n € N,

E*[||¢v,n[Y0:n] - ¢v’,n[YO:n]”TV]
(3D

4
< 2<ﬁ” +row,n) +roW.n)+ ) ri (n)),

i=l

where the sequences in the right-hand side of (31) are defined by

def
(32) ro(v,n) = Py(—log @, ¢, (Yo, Y1) > Mon),
n
def _
(33) ri(n) = R(—;log%m)(ﬁ—l, Yi) > Mln),
def z
(34) ra(n) < R(Z log Yx(Yx) > Mzn>,
k=0
def u
(35) r3(n) = Py (— > logWe, (Yi-1,Yi) > M3n>,
k=2
(36) ra(n) €P, (log Ay(Yo. n, @) > —6n).

PROOF. Forany a € (0,1) and y € (0, 1), we can choose n small enough and
such that for all n > 0, n®e>" Yo Mi < y" where a, =n(l —a)/2 — 1/2. Denote
by €2, the event

Q, = {_ log (Dv,Cr,O (YO, Yl) < Mon, _log qDV/’Cﬂo (YO’ Yl) < Mon,

n n
- Zlog%no(Yi—l, Y;)) < Min, ZlOng(Yi) < Man,
i=2 i=0

n
— > logWe, (Yi1,Yi) < Man,log Ay(Yo:n, @) < —dn t.
i=2

Under the stated assumptions, P, (Q5) < ro(v,n) +ro(v', n) + 2?21 ri(n). On the
event £2,,, we have

(I)v,C,m (Yo, Yl)q)v/,C,,o (Yo, Y1)

n n
_ _ 3 .
x [Tlec,, Yio1. Y We, (Yier, Yol 2 [ [ Yx(¥n) < e 20,
i=2 i=0
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Then, by Proposition 4, on the event €2,,, we have ||¢,, ,[Y0: 1] — &y [Yo:nlllTV <
28" where 8 = max(y, e~®). Since

E*[|l¢v,n[Y0:n] - ¢v/,n[YO:n]||TV]
=< E*[”d)v,n[YO:n] - ¢v’,n[Y0:n]||TV1S2,,] + ZP*(QZ),

the result follows. [

Theorem 6 does not provide directly a rate of convergence. Indeed, only the first
term of the right-hand side of equation (31) gives a geometric rate. In Section 3, for
specific models, explicit bounds of the other terms will be obtained with geometric
rates.

3. Nonlinear state-space models. Let d be some integer and set X = Y = R¢
and Z = RY; these spaces are endowed with their Borel o-algebra X, ), and Z.
We assume that the observations are generated by the following state-space model
(which defines the probability distribution P, )

37) {Xk=f*(Xk—1)+f*(Xk—1,§k), Xo ~ vo,
Yy = h*(Xg) + &k,

where f*:X — X, h*: X — Y t*:X x Z — X are some functions, and vg the initial
distribution of Xy. In the sequel, it is assumed that {{x}k>0 and {ex}k>0 are two
independent i.i.d. sequences.

For a > 0, define the set Lip, of a-Lipshitz functions, that is, g € Lip,, if for all
x,x e X2, g(x) — g(x)| < alx — x|.

For by, b > 0, consider the set Sy, 5 the set of functions g:X — Y which are
uniformly continuous, surjective and which satisfy, for all x, x" € X2, lx —x'| <
bo + blg(x) — g(x)]|.

For a function 4 :X — VY, a transition density #: X x X — R and a probability
density v on Y, we define

(38) Q(x,A) :/At(x,x/ — f(x))Leb(dx"), xeX,AeX,
(39) gx,y) =v(y —hx)).

In the sequel, we study the ergodicity of the filter (12) computed using the transi-
tion kernel Q and g defined in the above equations under the following assump-
tions:

(M1) There exist constants a, by, b > 0 such that f € Lip, and h € Sy p.
(M2) The density v is positive, continuous and lim, |- oo v(u) = 0.

The assumption (M1) has been first considered in [15]. A function & satisfy-
ing (M1) can be viewed as a perturbation of a bijective function whose inverse
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is b-Lipschtiz. The rationale for considering such assumption is the following.
For yi, y2 € Y, the maximal distance between any two elements in the preimages
h! ({y1}) and hil({yz}) is controlled by |y; — y2|. The assumption (M2) is satis-
fied, for example, by Gaussian densities.

3.1. Nonlinear state-space model with i.i.d. state noise. In this section, we
assume that the observations and the filtering model are matched, that is, f* = f
and h* = h, and that t*(x, ¢) = ¢ for all (x, ¢) € X x X. In addition, we consider
the following assumptions:

(E1) The random variable ¢ has a positive and continuous density y with respect
to the Lebesgue measure on X.

(E2) The transition density ¢ in (38) is taken to be #(x, x’) = y (x'), for all (x,
x') € X2.

Under this assumption, for any A € X, the transition kernel QO may be expressed
as

(40) Qx,A) = / y[x" = f(x)]Leb(dx").
A
Define by D:Y x Y — R the function

(41) Dy, y) Esup{|f(2) — 7 1:z ek (yh. 2 e (YD)

For any r > 0, we consider the minimum and the maximum of the state noise
density over a ball of radius r:

(42) y O inf e, IO sy ).

Is|<r

LEMMA 7. Assume (M1), (M2), (E1) and (E2). Then, for any A € (0, 00), the
set valued function Cp :Y — X, defined by
(43) y—> Ca() = {x eX:[h(x) -y < A)
is a L D-set function: more precisely, for all A € X and x € CA(y),
ex(y,Y)Leb[ANCA(Y)] < Qlx, ANCA(Y)]
o <eX(y,))Leb[ANCA(Y)],
where, setting ¢ = (a + 1)bg and d = (a + 1)b,

_ def _
ex(y,Y) =y le+dA+ Dy, Y],

def
el (7, y) = yTle+dA+ Dy, )1

(45)
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The proofs of the results in this section are postponed to Section 4. Let Z kA be
defined as:

(46) ZE Y _logy [2c + dA +ablec—i| + |&k| + blex]].

PROPOSITION 8. Assume (M1), M2), (E1) and (E2). Assume in addition that
forall A >0,

(47) E|Z{| < .
Then, for any probability distributions vy, v, and v' on (X, X), we have

limsupn_l log ”d’v,n[YO:n] - ¢v/,n[YO:n]”TV <0, on'a-s~

n—oo

Condition (47) is not very restrictive. For example, assume that {¢x}r>0 and
{ek}k>0 are sequences of Gaussian random variables. It follows, that y ~ (r) = y (r)
for all r > 0. Condition (47) holds if E(|&; |2) < 00 and E(|¢; |2) < oo which are
trivially satisfied. This result also extends [5], Theorem 1.1; these authors assume
that the densities v and y are upper and lower bounded, that is, that there exist
positive constants m,,, My, ay, By, and m,, M,,, a,, and B, such that

(48) my exp(—ay|x|P) < v(x) < My exp(—ay|x|P),
(49) my, exp(—ay |x|P7) < y(x) < M, exp(—a,, |x|P7),

together with (M1) and a condition which is slightly more restrictive than (M2).
Under these assumptions, we may set y_(r) = my exp(—avrﬂv) for r > 0 and
condition (47) simply reads

Efler[f*] <oo and E[|¢]P] < oo,

which is of course satisfied under (48) and (49), without any conditions on the
constants o, By, o, and B, . The stability of the filter holds without requiring that
the tails of the observation noise be light compared to the tails of the signal noise
(this type of conditions is prevalent in many works on this topic since [3]).

With more stringent conditions on initial distributions, the convergence of the
expected value of the total variation distance ||¢y, ,[Y0: ] — @y »[Y0:]llTV may be
shown to be geometric. Define the log-moment generating function ¥z («) of the

random variable Z is defined by ¥z (x) dof log E[e“?].

PROPOSITION 9. Assume that (M1), M2), (E1) and (E2) hold. Then, for all
A > 0, there exists ag > 0 such that

(50) ¥4 (@) > 0.
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Let C be the LD-set function defined by (43). Then, for any vy, v and v' probability
measures on (X, X) and A > 0 such that

1) Ey,lexp(ap[log @, c(Yo, Y1)]-)] < oo,
E,,[exp(ap[log @,/ c (Yo, Y1)]-)] < oo,

we have

limsupnfl logEvo[||¢v,n[YO:n] - ¢v’,n[YO:n]”TV] <O0.

n—oo

Assume that {¢x}x>0 and {ex}x>0 are sequences of Gaussian random variables.
.. A . .
The condition E[e*%1 | < 00 is equivalent to

/ expl (g — ¢)ul*] du < oo,
R3d

where ¢ denotes some positive constant. Therefore, for og > 0 small enough, the
condition (50) is satisfied.

3.2. Nonlinear state-space model with dependent state noise. We now con-
sider the case where the state noise {{x}x>0 can depend on previous states. This
model has been introduced in [15], Section 3, and is important because it covers
the case of partially observed discretely sampled diffusions, as well as partially
observed stochastic volatility models [3], Section 2. This example also illustrates
that the forgetting property is kept even when the distributions of the observations
differ from the model. Consider the following assumptions:

(G1) There exist ¥ a positive continuous probability density function and con-
stants ;. > 0 and w4 > 0 such that, and for all x, x" € X2,

poyr(x') <t(x,x') < pgpy (x),
where ¢ is the density transition kernel defined in (38).

(G2)
1. For some positive constants a*, b§j and b*, f* € Lip,+ and h* € Sps b+
where f* and h* are defined in (37).
2. There exists a function 74 :Z — R such that for all x € X and ¢ € Z,
T (x, )] < 140).
3. f*and h* are such that || f — f*|loco <00 and |7 — h*| s < 00.

A first example of state equation satisfying (G1) is considered in [3]. A signal
takes its values in X and follows the equation

(52) Xi = f(Xk=1) + 0 (Xk—1)&,
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where {& }1>0 is a sequence of i.i.d. random variables and where o : X — R9%d jg
measurable function that satisfies, for all x, u € X, the following uniform ellipticity
condition:

(53) o ul? < |o*()ul? <ot ul,

where 0 ~, ot are positive constants. Another important example where assump-
tion (G1) is satisfied is the case of certain discretely sampled diffusions. Let
(X1)r>0 be the unique solution of the following stochastic differential equation:

dX;=p(X;)dt +o(X,)dBy,

where B is the d-dimensional Brownian motion and the functions p : R — R? and
o R4 — RI*d gre, respectively, of class C I'and C3. Then, the sequence { Xy }k>0
satisfies assumption (G2) if the function o is uniformly elliptic [condition (53)];
The assumptions (M1), (M2) and (G2) are similar to those made in [3] and [15].
This allows us to establish the forgetting of the initial condition with probability
one without restriction on the signal-to-noise ratio and for sequences of observa-
tions which are not necessarily distributed according to the model used to compute
the filtering distribution.

For the same reasons as above, we consider the set-valued function Cx defined
in (43). Denote

59 g OE o x il Y@, g ) E X sup Y ).

lv|=<r

LEMMA 10. Assume (M1), (M2), (G1). Then, forall Ae X,y eY,and x €

Ca(y),
55 ex(y,Y)Leb[ANCA(Y)] < Qlx, ANCA(Y)]
<ex(y,y)Leb[ANCA(],

where

_ def _ def
ex(3,Y) =g le+dA+ D@y, ¥ ek (v, y) S qFlc+dA + D(y, Y)].
The proof is similar to the proof of Lemma 7 and is omitted for brevity.

LEMMA 11. Under (G1) and (G2), for all integer k > 1,
D(Yi—1, Yi) <k +a*b*|ex—1| + b*|ex| + 4 (&),

where

def
K SN = flloo + (bo + b + blIE* — hlloo) (1 +a*).

Define, for all A > 0 and for all integer k > 1,
(56) Vil = —logg [c+dA +k +a*b*|ex—1] + b*|ex] + 7+ (L0)].
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PROPOSITION 12. Assume (M1), (M2), (G1) and (G2). Assume in addition
that for all A > 0,

(57) E(|Vi)) < oo.
Then, for any initial probability distributions v and v’ on (X, X), we have

limsupn ™" 10g [|$v.n[Y0: n] = v alYo:nlllTv <O, Py-a.s.,

n—oo

where P, is the distribution of the process specified by (37).

PROPOSITION 13. Assume (M1), (M2), (G1) and (G2). Assume in addition
that for all A > 0, there exists a neighborhood ay > 0 such that \Ilvl*A (ag) < 00.

Let Cp be the LD-set function defined by (43). Then, for v and v’ two probability
measures on (X, X) and A > 0 such that

58) E.{exp(apllog @, c, (Yo, Y1)]-)} < o0,
E.{exp(ao[log @, c, (Yo, Y1)]-)} < 00,

we have

limsupn_l logE*[l|¢v,n[Y0:n] - ¢v’,n[Y0:n]”TV] <0.

n—oo

Proofs of Propositions 12 and 13 are given in Section 5.
4. Proofs of Lemma 7, Propositions 8 and 9.

PROOF OF LEMMA 7. Under assumption (M1), for any z in hil({y}), and
x €Ca(y),
(59) |x —z| <bo+ DA.

Let (y,y’) € Y2. By (M1), h is surjective and we may pick z € A~ ({y}) and 7’ €
h=1({y’}). Using again (M1), it follows from (59) that, for all (x, x’) € Ca(y) X
Ca(y),

If) =X <|fx) = fF@I+1f(2) =21+ = x|
<a(bo+bA)+ D(y,y') +bo+bA.
The proof follows from (40) and (60). [

(60)

PROOF OF PROPOSITION 8. We will apply Theorem 5. (H1) is satisfied.
By (M2), for all n > 0, we may choose A, large enough so that sup .. A, v(s) <
nsupsex V(s). This, combined with (44), implies (H2) with C, = Ca, and Yy =
SUpy U.
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To check (27)—(30), it will be needed to bound {D(Yx—1, Yx)}k>1 where D is
defined in (41). For z, 7’ € X such that (7)) = Yy_1, h(z)) = Y4, it follows from
(M1) that

If (@) =21 <|f @) — fXe=D| + [ f Xk—1) — Xl + [Xg — 2|
<a(bo + blex—1]) + |8kl + bo + blex.
Therefore, for all integer £ > 1,
(61) D(Yi—1,Yi) <c+ableg—1] + |&k| + blek].

We now consider conditions (27)—(29). Let ng be fixed and set A = A,,. Since by
definition (42), ¥~ is a nonincreasing function, it follows by plugging the bound
(61) into (45) that

n n
(62) —n 1Y loges (Vi1 Yi) <n ' D ZP,
k=2 k=2

where ZkA is defined in (46). Since the process {ab|ex—1| + [Ck| + blek | k=1 1s sta-
tionary 2-dependent, the strong law of large numbers for m-dependent sequences
and the integrability condition (47) yield

n
. -1 A A

(63) nli)nolon ,;Zk =E(Z}) < o0, Py,-a.s.

By combining (62) and (63), the first condition (27) of Theorem 5 is satisfied.
By assumption (M2), the density v is bounded which implies that sup, .y Tx(y) <
sup v. Hence, the second condition (28) of Theorem 5 is satisfied. We now consider
the third condition (29). Since the measure appearing in the definition of the LD-set
function does not depend on y, y’, the function (y, y") = W¢, () (y, y’), defined
in (19), does not depend on y and is given by

Vou0n 0030 = [ ul — hoTLebid)

Ay

> Leb[Ca (y)] X dnf, v(s).

Since the function £ is uniformly continuous, for any fixed A > 0, there exists § >
0 such that, for all x, x” € X satisfying |x — x| < 8, we have |h(x) — h(x")| < A.
Since £ is surjective, it follows that Leb[Ca (y')] is bounded below by the volume
of a ball of radius § in R¢. Thus, we have, for all y, y’ €Y,

(64) Ve, (v, Y) = oa

for some pa > 0, depending only on A. The third condition (29) of Theorem 5
follows.
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We now prove (30). We have

n n
log Ay (Yo, &) <max{ > 8cUs: {8k}i—; € {0, 1}, Y & = om},
k=1 k=1

where

Ra, ) log{l — (v~ /y ") [2c +dA, +x1),
(65)

def
Uk = Ra, (ableg—1| + k| + blek)).

Then, since for any u > 0, Uy < —ul{U; < —u}, we have

n
logAy(Yo:n, ) < max —u Sk {Uy < —u}
e (8N €(0.1)7 1 SY_, & =an) ,;

n +
5—u{<an—21{Uk2—u}> J
k=1

Dividing by n and letting n goes to infinity, the strong LLN for 2-dependent se-
quences yields that P -a.s.,

(66)

(67) limsupn~og Ay (Yo: n, @) < —ufa — P(U; > —u)].

n—o0
Note that U, is nonpositive and P(U; = 0) = P(|ex—1] + [&k| + x| = 00) =0
by the integrability condition (47). Hence, U; is almost surely negative and

limy,_, o P(U; > —u) = 0; we may thus choose u small enough so that « — P(U; >
—u) > 0. The right-hand side is then negative by taking u sufficiently small. [J

PROOF OF PROPOSITION 9. (51) implies that ro(v,n) V ro(v', n) < coe%on
for some cgp, 8o > 0. Now, recall that {7 denotes the log-moment generating func-

tion of the random variable Z defined by ¥z (L) def log E[e*4] and we define its
Legendre’s transformation by

Vy(x) = iug{xk —Yz(M)}.

We start by giving an exponential inequality for m-dependent variables whose
proof is elementary.

LEMMA 14. Let {Zi}k>0 be a sequence of m-dependent stationary random
variables. Then, for all M > 0,

P(Z Zr > Mn) <mexp[—|n/m]yy (M)].

k=1
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It follows from (62) that
n n
P(-;rl > logey (Yeo1, Yi) = Mln) < ]P’(Z Z8 > M1n>.

Thanks to (50), by applying Lemma 14, there exists some constant cy, 61 > 0 such
that r{(n) < c1e~®". Since v is bounded, we can choose M, large enough such
that 5 (n) = 0. By (64), for all (y, y') € Y2, Ve, ) (¥, YY) = oa, for some g > 0.
Then, by choosing M3 large enough, we have r3(n) = 0. Using (66), r4(n) is

bounded by
n +
ra(n) < P(—MKZ(@ — WUk > —u})> J > —8n>.
k=1

Choosing u such that « — P(Uy > —u) > 0 and then § such that u(a¢ — P(Uy >
—u)) > § and applying Lemma 14 with Z; = o — 1{Uy > —u} which is bounded
provides the existence of constants c4, 64 > 0 such that r4(n) < cae—%" Thus,
Theorem 6 applies and provides a geometric rate. [J

5. Proofs of Lemma 11, Propositions 12 and 13.

PROOF OF LEMMA 11. For all integer kK > 1, z,z’ € X such that h(z) =
Yi_1,h(z)) =Y and u, u’ € X such that 7*(u) = Yy_1, h*(u') = Y, we have

f@=ZI=1f@ - @I+ — ffwl
(68) + 1) —u'| + u =2
SN = fHlloo +alz —ul + 1 f*(w) —u'| + |u" = 21
Let us notice that
Iz — ul < bo+ blh(z) — h(w)]
< bo + blh(z) — h* )] + bIA* () — h(w)].
=0

Then, by denoting K = bo+ b||h* — | 0, it follows that |z —u| < K and similarly,
|7/ — u’| < K. On the other hand,

|f* ) — ' < 1 f* @) — f* XK=+ 1 (Xk—1) = Xl + |1 Xy — |
< a* (b5 + b Yim1 — h* (Xe-1)))
+ 74+ (8) + by + b Yk — h* (X
The proof follows. [
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PROOF OF PROPOSITION 12. Using the definitions (54), (55), ¢~ and ¢,,
Lemma 11 shows that

n n
(69) —n! Z loge, (Yk—1,Yx) < n! Z Vk*A.
k=2 k=2
Thus, (27) follows from LLN for 2-dependent sequences.

The proof of assumptions (28) and (29) can be checked as in Proposition 8. It
remains to check (30). Denote

(70) U € Ra, lic + a*b*|ex_1| + b*|ex] + 74 (G0)],

where R A, is defined in (65). Similarly to (66), we have for any u > 0, P,-a.s.

lim supn_1 log Ay(Yo:n, o)

n

n +
< —u\\(a — limsupn_1 Z HUy = —u}) J

k=1

(71)

Moreover, using the LLN for 2-dependent sequences, we have that P,-a.s.

n
limsupn ™' > WUy = —u} =P[{U; = —u}].
Since G is P,-a.s. negative, the right-hand side of the above equation thus con-
verges P,-a.s. to 0 as u tends to 0. Thus, the right-hand side of (71) is negative by
choosing u sufficiently small. [J

PROOF OF PROPOSITION 13. (58) implies that ro(v, n) V ro(v', n) < coe %o
for some cg, §p > 0. It follows, by definition of r; and Lemma 11 that

n
ri(n) = P*(—n_l Zlogq_[c +dA+DYi—1,Y)] > M1n>
k=2

n
<P, (n—‘ YVt > Mln)

k=2
with co = ¢ + dA + k. Then, applying Lemma 14, there exist some constants
c1,81 > Osuchthatri(n) < cre—oim, By the same arguments as in proof of Proposi-
tion 9, the real numbers M; and M3 can be chosen large enough such that 7, (n) =0
and r3(n) = 0. Similarly to the proof of Proposition 9, for any § > 0,

n +
ra(n) < P(—u{(Z(a - YU = —u})> J > —Sn),
k=1

where Uy, is defined in (70). We first choose # small enough so that o« — P(Uy >
—u) > 0 holds; then § is chosen such that u(«¢ — P(Uy > —u)) > §. By applying
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Lemma 14 with Z; = o — 1{U > —u} which is a bounded random variable, there
exist constants c4, 64 > 0 such that r4(n) < cse—%"_Thus, Theorem 6 applies and
provides a geometric rate. [J
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