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STABILITY PROPERTIES OF SOME PARTICLE FILTERS

BY NICK WHITELEY
University of Bristol

Under multiplicative drift and other regularity conditions, it is estab-
lished that the asymptotic variance associated with a particle filter ap-
proximation of the prediction filter is bounded uniformly in time, and the
nonasymptotic, relative variance associated with a particle approximation
of the normalizing constant is bounded linearly in time. The conditions
are demonstrated to hold for some hidden Markov models on noncompact
state spaces. The particle stability results are obtained by proving v-norm
multiplicative stability and exponential moment results for the underlying
Feynman—Kac formulas.

1. Introduction. Particle filters have become very popular devices for ap-
proximate solution of nonlinear filtering problems in hidden Markov models
(HMMs) and various aspects of their theoretical properties are now well under-
stood. However, there are still very few results which establish some form of sta-
bility over time of particle filtering methods on noncompact spaces, at least with-
out resorting to algorithmic modifications which involve a random computational
expense. The aim of the present work is to establish theoretical guarantees about
some stability properties of a standard particle filter, under assumptions which are
verifiable for some HMMs with noncompact state spaces.

It is now well known that, under mild conditions, the error associated with par-
ticle approximation of filtering distributions satisfies a central limit theorem. The
first stability property we obtain is a time-uniform bound on the corresponding
asymptotic variance. Making use of some recent results on functional expansions
for particle approximation measures, the second stability property we obtain is a
linear-in-time bound on the nonasymptotic, relative variance of the particle ap-
proximations of normalizing constants. These two properties are established by
first proving some multiplicative stability and exponential moment results for the
Feynman—Kac formulas underlying the particle filter. The adopted approach in-
volves Lyapunov function, multiplicative stability ideas in a weighted co-norm
setting, which allows treatment of a noncompact state space. We thus obtain sta-
bility results which hold under weaker assumptions than those existing in the lit-
erature. The main restriction is that our assumptions are typically satisfied under
some constraints on the observation component of the HMM and/or the observa-
tion sequence driving the filter. On the other hand, subject to these constraints, our
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stability results hold uniformly over observation records and without any stochas-
ticity necessarily present in the observation process.

The rest of this paper is structured as follows. Section 2 briefly introduces filter-
ing in HMMs and particle filters and comments on some existing stability results.
Section 3 gives some applications of the main particle stability results to classes of
hidden Markov models. The hope is that Sections 2 and 3 can be read without the
reader necessarily delving into the main results of Section 4 or the corresponding
proofs and auxiliary results of Section 5, which are obtained in the more abstract
setting of interacting particle approximations of Feynman—Kac formulas.

2. Setting.

2.1. Hidden Markov models and filtering. A hidden Markov model is a bi-
variate, discrete-time Markov chain ((X,, ¥,);n > 0) where the signal process
(X,) is also a Markov chain and each observation Y,, is conditionally independent
of the rest of the bi-variate process given X,,. Each X, is valued in a state-space X,
and each Y, is valued in the observation space Y. The present work focuses on the
case where X is noncompact, and we are typically interested in the case that X is
some subset of R?. In any case, throughout the following we assume that X and Y
are Polish spaces endowed with their respective Borel o -algebras, B(X) and B(Y).
Our main stability results, presented in Section 4, are in the setting of Feynman—
Kac formulas which can be considered as underlying the filtering problem of in-
terest. In that section, more precise definitions are given. In the present section, we
consider the HMM directly.

Let 1 be a probability distribution on X, let f be a Markov kernel acting from
X to itself and let g be a Markov kernel acting from X to Y, with g(x, -) admitting
density, similarly denoted by g(x, y), with respect to some dominating o -finite
measure. We will assume that g(x, y) > 0 and, for now, that sup, , g(x, y) < 0o.
Loosely speaking, the task of filtering is to compute some conditional distributions
of the (X,,) process given the observations (Y,), under an assumed model,

(X0, Yo) ~ u(dxp)g(xo, dyo),

(Xn, YU Xn—1 =xn-1} ~ fn—1,dx,)g(xn, dyn), n>1.

ey

For a realization of observations (yg, y1, . . .), we may take as a recursive definition
of the (one-step-ahead) prediction filters, the sequence of distributions (77,,; n > 0)
following

° mo(dxo) := p(dxo),
fx TTh—1 (dxn—l)g(xn—lv yn—l)f(xn—ls dxy)

TTp(dxn) 1=
fx Tn—1(dxp—1)8(Xn—1, Yn—1)

, n>1.
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We also define the sequence (Z,; n > 0) by
@ Zo=l. Zy=Zet [ me@ho0geie), nz L

Note that the dependence of 7, and Z,, on yg.,—1 = (¥o, ..., Yu—1) is suppressed
from the notation. Unless stated otherwise, whenever (i) or (Z;) appear below it
should be understood that they depend on an arbitrary but fixed and deterministic
Y-valued sequence (yp, y1, ...). The same applies for the particle approximations
introduced in Section 2.2. The set of observation sequences for which our particle
variance results hold is made precise and discussed in Section 3.

Under model (1), 7, is the conditional distribution of X, given {Yp.,—1 =
Yo:n—1}; and Z,, is the joint density of Yy.,_1 evaluated at yg.,—1. The convention of
working with the one-step-ahead quantities is mostly for simplicity of presentation
in the following.

In applications there typically will be some degree of model mis-specification;
perhaps the data generating process (X;, Y;;) is not distributed according to (1)
with this particular u, f and g, or perhaps (Y,) are not the observations from
an HMM at all [for ease of presentation we purposefully avoid giving a name to
a “true” distribution for (Y,)]. Nevertheless, as (yg, y1,...) arrive our aim is to
compute, or well-approximate () and (Z;) as per (2)—(3) with some w, f and g
of our choosing.

HMMs are simple and yet flexible models which have found countless applica-
tions. However, under choices of u, f and g which are desirable in many practical
situations, (,) and (Z,) are not available in closed form.

2.2. Particle filtering. Particle filters [Gordon, Salmond and Smith (1993)] are
a class of stochastic algorithms which yield approximations of (ir;;) and (Z,,) using
a population of N samples which interact over time. These approximations will be
denoted by (r¥) and (ZY). Algorithm 1 is perhaps the most simple generic par-
ticle filtering scheme (a more precise probabilistic definition is considered in Sec-
tion 4). At time n > 1, the sampling step performs a selection—mutation operation
and is equivalent to choosing, with replacement, N individuals from the popula-
tion on the basis of their fitness, proportional to g(-, y,—1), followed by them each
mutating in a conditionally independent manner according to f.

A large number of variations and extensions of this algorithm have been de-
veloped. A full survey is well beyond the scope of the present work, but a few
comments are called for. Firstly, Algorithm 1 implicitly uses “multinomial resam-
pling” at every time step. It would be interesting to investigate similar results to
those presented here for other resampling schemes, for example, via the analy-
ses of Chopin (2004), Del Moral, Doucet and Jasra (2012). Second, Algorithm 1
involves mutation at every time step according to the Markov kernel f. Again,
various alternative schemes have been devised. Mutation according to f is not an
essential characteristic of the main results of Section 4, and it is only for simplicity
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Algorithm 1
Forn =0,
i did
Sample (§));,_; ~ W,
Report 7 = % YN8
Forn>1, ‘
Report ZV = zN | 1 Z;V:l g1, 1)

A . i SN @ P
Sample (&), 1(6,_)iL, H it 0 )

Zﬁ'vzlg(gy{,ls)’nfl)
Report ¥ = % >N, 8ei.

. 7N _
e 20 = 1.

that the results of Section 3 are presented in this context. Third, the results pre-
sented here are likely to be relevant to related classes of sequential Monte Carlo
methods, for example, the smoothing algorithms treated by Del Moral, Doucet and
Singh (2010) and Douc et al. (2011).

2.3. Existing stability results for particle filters. One of the first and most in-
fluential works on stability of particle filters is that of Del Moral and Guionnet
(2001) who established time-uniform convergence properties of the particle ap-
proximations. They required uniform upper and lower bounds on g and stability of
the corresponding exact filter, in turn derived using quite strong assumptions on f
involving simultaneous, uniform minorization and majorization, which are rarely
satisfied then X is noncompact. Similar mixing assumptions have been employed
in Cérou, Del Moral and Guyader (2011), Chopin (2004), Kiinsch (2005), LeGland
and Oudjane (2004) in order to establish (resp.) uniform convergence of particle
filtering approximations; a time-uniform bound on the asymptotic variance; and
linear-in-time bounds on the nonasymptotic variance of the normalizing constant
estimate. All also consider variants of the standard particle filter in Algorithm 1.

LeGland and Oudjane (2003) developed truncation ideas in order to achieve uni-
form particle approximations without mixing assumptions, but with random com-
putational cost and/or proposals restricted to compact sets. A further development
was made by Oudjane and Rubenthaler (2005), allowing treatment of some non-
ergodic signals via a particle filter incorporating an accept/reject step. Truncation
ideas have also been used in Heine and Crisan (2008) in order to obtain uniform
convergence of particle filter approximations for HMMs on noncompact state-
spaces with quite specific structures (including X and Y being of the same dimen-
sion). van Handel (2009) has established uniform convergence of time-averaged
filters under tightness assumptions on noncompact spaces. Del Moral and Jacod
(2001) proved tightness of the sequence of asymptotic variances (as a function
of random observations) in the linear-Gaussian case. Favetto (2012) has proved
tightness of the same for a class of HMMs, but subject to a mixing assumption

on f.
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It is stressed that: (1) a time-uniform bound on the asymptotic variance for n,]lv ,

and (2) a linear-in-time bound on the relative variance for Z,]lv , as pursued here,
are different properties from the time-uniform convergence results proved in most
of the above. The existing works featuring the most similar type of results to those
considered here are Chopin (2004), Favetto (2012), Kiinsch (2005) and Cérou,
Del Moral and Guyader (2011), all of which rely on strong mixing assumptions, at
least on f, which we do not invoke.

The overall approach used in the present work to express Feynman—Kac formu-
las and associated functionals is the semigroup formulation of Del Moral (2004),
but the stability ideas are different and are based around a weighted co-norm
function space setting. In Theorem 1, the decomposition idea of Kleptsyna and
Veretennikov (2008) and some technical approaches from Douc et al. (2009) are
employed.

For completeness we also mention the following. Whiteley (2012) considered
stability properties of a related class of sequential Monte Carlo methods which
are not used for filtering and operate in a different structural regime, where the
number of distributions involved may be considered a parameter of the algorithm.
Whiteley, Kantas and Jasra (2012) considered relative variance for Z» in the con-
text of time-homogeneous Feynman—Kac models (obtained in the present setting
by setting all yg, y1, ... to a constant), appealing to spectral properties of the in-
tegral kernel involved. There is nothing explicitly spectral about the present work,
but there are some related structural ideas involved; see Section 4. For example,
Theorem 1 is expressed in such a way that it may be viewed as an nonhomoge-
neous analogue of the v-norm multiplicative ergodicity results of Kontoyiannis and
Meyn (2005), in the context of positive operators. The assumptions in the present
work also allow the treatment of time-homogeneous Feynman—Kac models, and
in that setting are actually stronger than the assumptions of Whiteley, Kantas and
Jasra (2012) [because in assumption (H3)—(H4) of Section 4.2 here, we require a
simultaneous local minorization/majorization condition], but on the other hand the
approach of Whiteley, Kantas and Jasra (2012) is specific to the time-homogeneous
setting.

3. Summary and application of some results. In this section, the results of
Section 4 are summarized and applied to some specific hidden Markov models and
the particle filter of Algorithm 1. To this end we consider the following assump-
tions on u, f and g which serve as an intermediate layer of abstraction and which
together imply that assumptions (H1)—(HS) of Section 4 are satisfied. Discussion
of the latter assumptions and their relation to the existing literature is given in
Section 4.1.1.

Consider the following:

e Y, CY is measurable, and the quantities in the below conditions may depend
onY,.
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e There exists V : X — [1, c0) unbounded, d € [1, o0) and § > 0 with the follow-
ing properties. For each d € [d, 00),

4 g(x,y)/ f(x,dx")>0 VxeX,yeY,,
Cq
where C; := {x: V(x) <d}, and there exists b; < oo such that

sup g(x,y) | f(x,dx")exp[V(x')]
YEY, X

<exp[V(x)(1 —8) + bglc, (x)] Vx € X,
and there exists a probability measure vy and 0 < ¢, < sj < 00 such that
g5 va(dx")Ic, (x")
6) <gx,y) f(x,dx")c,(x")
<efvg(dx')c,(x')  VxeCgyeY,

with vz (C,) >0 forall r € [d, d].

o [exp[V(x)]u(dx) < oo.

e Although not required for all results of Section 4, in the present section it is also
assumed that

®)

(7 sup g(x,y) <oo.
(x,y)EXXY,

The condition of (5) is a multiplicative drift condition. Similar conditions have
been used in the study of stability of exact filters [Douc et al. (2009)] and can
hold when Y, =Y is noncompact. It may be the case that f alone satisfies such a
multiplicative condition (see Section 3.1 below), in which case (5) can be satisfied
when SUp ey g(x, y) is not bounded above in x. When (7) holds, then (5) can
hold even when f is not ergodic, but it is then typically required that Y, C Y is
compact; see Section 3.2. The conditions of (6) and (7) together imply that for all
d€ld, 00),

g(x,y)
sup sup < 00
yeYa (x,x)eCaxCq 8(X'5 )
which can, loosely, be interpreted as a constraint on the amount of information
which any single observation in Y, can provide about the hidden state in each Cj.
For the example of Section 3.1.1 we are able to satisfy the assumptions when
Y. =Y is compact. For noncompact Y in the examples below, we resort to taking
Y, compact.
Under the above assumptions, the main conclusions of Propositions 3 and 4,
Section 4.5, may be summarized as follows.

Uniformly bounded variance in the CLT for Jr,ﬁv . Itis known [e.g., Del Moral

(2004), Section 9.4.2] that under (7), for any ¢:X — R bounded, measurable,
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n > 1 and any yp,, € Y'*1,
VN [ (@) = 7@ — N, 02 00,)

in distribution as N — oo. Under the conditions of (4)—(7), Proposition 3 may be
applied to establish there exists ¢, < oo depending on Y,, such that for all such ¢
andn >0

(8) 02(Yon) < Varg, (©) + llol*cy  Vyon € YIT!

with || - | the sup norm. Discussion of a CLT for other classes of ¢ is given in
Section 4.5.1.

Linearly bounded relative variance for Z’11V . Under the conditions of (4)—(7),
Proposition 4 may be applied to establish that there exists C;L < 0o depending on
Y, such that for all n > 0,

zZV o \? 4
N>clL(n+1) — EM[<Z—"—1>}50LN(11+1)

9) "

VYyon € YZ_H ,

where [, is expectation with respect to the law of the N-particle filtering algo-
rithm initialized using .

3.1. A class of ergodic signal models. The following class of signal models
has been considered by Kleptsyna and Veretennikov (2008) and Douc et al. (2009)
in the context of stability of exact filters (i.e., without particle approximation). We
have X = R% for some dy >1. The transition kernel f corresponds to the signal
model

i.id.
(100 Xup1=Xn + BX) +0X)Wa,  (Wasn=1) "= N(0, Iy)
with:
e B is a d-dimensional vector function, locally bounded and

(11) Jim_ sup |x + B(x)| — |x| = —o0;

lx|=r

e 0 is ad, x d, matrix function, and has the so-called nondegenerate noise vari-
ance property

0< inf inf ATa(x)aT(x)A
xeRdx jeRdx |A|=1
(12)
< sup sup ATa(x)aT(x)A < 00.
xeR4x yeRdx |i|=1
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As per Lemma 4 in Section 5, f in this case itself satisfies a multiplicative
drift condition with v(x) := exp(l + c|x|) for ¢ a positive constant. An example
of a possible signal model with non-Gaussian transition probability and f itself
satisfying a multiplicative drift condition is the discretely sampled Cox—Ingersoll—
Ross process; see Whiteley, Kantas and Jasra (2012).

We now discuss some observation models which may be combined with the
signal model above.

3.1.1. Discrete-valued observations. With Y = {0, 1}, consider the multi-
variate binary observation model

(Yoo Y X = xa) ~ Be(p(x)) ® - ® Be(p(x)),

where Be denotes the Bernoulli distribution, p(x) := 1/(1 + ¢™*) and Y, =
(Ynl, e Y,ffx), Xy, = (x,l, e x,‘f"). This corresponds to

]I =1 i\ I[y/ =0
g(x,y) = l—[p Ly ] p(x-’)) [y ]_

Clearly sup, , g(x,y) =1 and for any compact C C R% , inf e infycy g(x,y) >
0. Combined with Lemma 4, this establishes that the assumptions of equations (4),
(5) and (6) are satisfied when this observation model is combined with the signal
model of equations (10)—(12).

3.1.2. Uninformative observations in RY. With Y = R%, dy > 1, consider the
observation model

Yo=HX) 8 Gunz1) "N, 1)

with H a bounded, vector-function. That the disturbance terms are standard normal
here is only for simplicity of presentation. Obviously we have

exp(—%[y ~H®] [y - H(x)])

1
glx,y)= W

so that sup, \)exxv)8(x,y) = (2)~%/2. In this case the observations may be
considered uninformative as for each y, inf,cx g(x, y) > 0. In light of Lemma 4,
standard calculations show that this observation model combined with f of (10)—
(12) satisfies the drift condition of (5) with Y, =Y and d chosen large enough.
However, when we attempt to verify (6) [via (29) in Lemma 4] by incorporating
g(x, y), the minorization part of (6) is not satisfied with Y, =Y, due to the require-
ment of uniformity in y. We may satisfy (6) by taking Y, C Y a compact set, and
the constants involved will then depend on Y,.
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3.1.3. Stochastic volatility observations. With Y = R and d, = 1, consider
the stochastic volatility observation model [considered in Douc et al. (2009), Sec-
tion 4.3],

Yo = Bexp(Xa/Den,  (emin=0) "~ N, 1),

where § > 0 is a fixed parameter of the model. The corresponding likelihood is

g(x,y) = xp[—y* exp(—x)/(28%) — x/2],

1
@n)172p
which is not uniformly upper-bounded on X x Y. But, as noted in Douc et al.
[(2009), Section 4.3], sup, .y g(x, y) < 2me)~'/2|y|~!. For 0 < y < j < oo, take
Y, :=[—¥, —ylU[y, ¥]. Then (7) is satisfied, and using Lemma 4, the drift condi-
tion of (5) and the upper bound of (6) are satisfied with d large enough. The lower
bound of (6) is also satisfied because for d < oo, inf(y y)ec,xy, &(x,y) > 0.

3.2. A class of possibly nonergodic signal models. 'We now consider a class of
signal model which includes some nonergodic f and point out how characteristics
of the observation model can be used to satisfy the drift condition (5).

Take X = R% for some dy > 1, and consider the signal model

(13) Xps1 = BXp)+ Wao  (Wain=0) " N0, 1)

with B is a d,-dimensional vector function, locally bounded. That the disturbance
terms (W,) are standard normal is only for simplicity of presentation; one can
draw analogous conclusions under conditions such as (12), but we focus here on
the interplay between V, Y., B and g. For some §p > 1, take V (x) := % + 1.
Assuming that Y,, B and g are such that, for some §; € (0, 1),
, A-sxTx 1 T
(14) lim sup sup ————  + —B(x)" B(x) +logg(x,y) <O.
=0 x|>r yeY, 2(1 + 50) 2680

Standard manipulations then establish that the drift condition of (5) is satisfied with
8 < &1 and d large enough. For the condition of (5), again with d large enough we
can take v, the normalized restriction of Lebesgue measure to Cy if it is the case
that

15 inf , 0.
(1> (x,y)1€nCd><Y*g(x ») >

Conditions (14) and (15) are satisfied, for example, when:
e the signal model is a random walk, B(x) := x;
) Y = Rdy ,

Vo= H@) +0y8,  @uinz=0) " N, 1)
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with o > 0, so that

1
g(x.y) = —z[y—H<x>]T[y—H(x>]);

(27r)d-"/20ydy p( 205
e Y, is compact;
e H is locally bounded and such that

lim sup
r—0o0 |X|ZV

[& (1468)
2 8o(1+60)

T
N (supyey, |y|)(sup ATH(x)> _H®X) H(X)} <o

2 2
oy =1 20,

Here we observe a trade-off in terms of &y (which defines V), the constant §;
(8 < &1 appears in the drift condition), the observation noise variance ay2 and the
growth of H (x).

4. L,-stability of Feynman—Kac formulas and particle approximations.

4.1. Definitions and assumptions. As per the Introduction, let the Polish state
space X be noncompact and endowed with its Borel o -algebra B(X) (the observa-
tion space Y will not feature explicitly in the following Feynman—Kac formulation;
see Remark 2 below). For a weighting function v:X — [1, 00), and ¢ a measur-
able, real-valued function on X, define the norm ||¢||, := sup,x |¢(x)|/v(x) and
let £, :={p: X = R; |l¢|ly < oo} be the corresponding Banach space. Through-
out, when dealing with weighting functions we employ an lower/upper-case con-
vention for exponentiation and write interchangeably v = eV .

For K a kernel on X x B(X), a function ¢ and a measure n denote n(¢) :=
Jendx), Kox) = K(p)(x) = [K(x,dy)e(y) and nK () := [n(dx) x
K (x,-). Let P be the collection of probability measures on (X, B(X)), and for
a given weighting function v: X — [1, 00), let P, denote the subset of such mea-
sures 1 such that n(v) < oo.

The induced operator norm of a linear operator K acting £, — L, is

K¢l
K Iy o= sup{ LK1 g € 24 gl 0] = sup{IK i 0 € Lo Il < 0}
v
The corresponding v-norm on signed measures is |[1]ly := sup,,|<, [7(v)|. For any
n>land1<s<(n+1),defineZ,; :={Gy,...,i;) eNy;0<ij; <--- <iy <n}.

Let u € P be an initial distribution, and for each n € N let (M,;;n > 1) be a
collection of Markov kernels, each kernel acting X x B(X) — [0, 1]. Let (G,; n >
0) be a collection of B(X)-measurable, real-valued, strictly positive functions on X.

Next let (Q,; n > 1) be the collection of integral kernels defined by

On(x,dx") .= Gp_1(x)My(x, dx").
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For 1 < p <n,let Q, , be the semigroup defined by

(16) Qp,n = Qp—l—l“‘Qna p<n,

On.n = Id and by convention Q1 , =1d.
We now introduce our first two assumptions, which will be called upon in the
following.

(H1) There exists V : X — [1, c0) unbounded and constants § > 0 and d > 1
with the following properties. For each d € [d, 0o) there exists b; < oo such that
the following multiplicative drift condition holds:

(17) sup 0, (e”) < eV HPlcu,
n>1

where Cy:={x e X; V(x) <d}.

Whenever (H1) holds we may also consider:

(H2) € P,, where v=¢" is as in (H1).

We may now proceed with some further definitions. Define the collection of
measures (;,; n > 0) and probability measures (n,; n > 0)

Yn(A)
Ya(1)
where the dependence of (y,,) and (n,,) on the initial distribution pu is suppressed
from the notation.

Before going further we note the following elementary implications of assump-
tions (H1) and (H2) introduced so far. Assumption (H1) implies that for all n > 1
and x € X, Q,(e")(x)/eV® < ¢ < o0 and thus for all 0 <p<nandx€X,

(19) 0paleY)(x) < o0.

Combined with assumption (H2), we also observe that for all n > 0, n,, € P,.
It is straightforward to verify that the unnormalized measures (y;,) have the
following product representation:

(18) Yn(A) == 1 Qo,n(A), M (A) =

A € B(X),

n—1

(20) Ya(A) =[] 1p(Gp)na(A), n=1
p=0

We denote by [, the expectation w.r.t. to the canonical law of the nonho-
mogeneous Markov chain (X,; n > 0) where Xg ~ u and X, |[{X,,—1 = xp—1} ~
M, (x,,—1, ). For p < n and a suitable test function ¢ we abuse notation by writing

Epc[eXp, ..., X)) :=Eulo(Xp, ..., Xn)|Xp =x],

and for a probability measure n we write

Epolo(Xp..... X)] = /X NANEpx[0(X ps . X))
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Under these notational conventions we have, for 0 < p < n and n € P, the identity
n—1
nQpn(A)=E,, [ []Gs(X)IX, € A]]
q=p
In particular,
n—1 n—1
NpQpn(A) = Ep,np|:1_[ Gq(Xq)]I[Xn € A]:| = 1_[ Ng(Gg)nn(A)
q=p q=p

due to (18) and (20), which will be used repeatedly.

DEFINITION 1 (A-values and Ai-functions). For n > 0 let
An =0 (Gp),
and for 0 < p <nlet h, ,:X— (0, c0) be the function defined by

Qp,n(l)(x)

21) hpn(x) =1, hpn(x) = —=—"—
! Hq:i) )“1

’

REMARK 1. It is stressed that each A, and therefore each 4, ,, depends im-
plicitly on the initial distribution @. With the exception of Corollary 1, throughout
the following u should be understood as arbitrary but fixed.

The two other main assumptions are the following.

(H3) With d as in (H1), for each d € [d, 00),

0,(x,Cyq) >0 VxeX,n=>1,

and there exists £, > 0 and vy € Py, such that

imi On(x,CagNA)>e;v5(CqgNA) Vx € Cy4, A € B(X)
n=

with vz (C,) > 0, forall r € [d, d].
When (H1) and (H3) hold, we may also consider:

(H4) With d as in (H1) and (vg), (¢,) as in (H3), for each d € [d, 00), there
exists ej € [e, , 00) such that

sup 0, (x,CaNA) <efva(C4NA)  VxeCq AcBX).

n>1
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4.1.1. Comments on the assumptions. Assumptions (H3)-(H4) taken together
are more specific than the local-Doeblin condition of Douc et al. (2009) (when the
latter is considered as holding for nonnegative kernels) because they are phrased in
terms of the level sets for V' and hold time-simultaneously. It is possible to obtain
results which are the analogue of those presented herein under multi-step versions
of (H3)-(H4), but this involves substantial notational complications which would
obscure presentation.

Assumption (H1) is a type of multiplicative drift condition involving the Markov
kernels (M,) and the potential functions (G,). A notable characteristic of this
assumption is that it implies that for all & > 0O there exists d > d such that || Q, —
Ic,Qnllly < € for all n > 1, which is itself a time-simultaneous version of Douc
et al. (2009), condition H2.

In the above definitions the functions (G,) have been taken as strictly posi-
tive. It would be interesting to also consider vanishing potential functions, but that
situation is more complicated as the particle system may become extinct.

4.1.2. PFarticle system. The particle system may be considered a canonical
nonhomogeneous Markov chain and therefore its definition is only sketched. For
N >1,andeachn >0let&, = (S,{, e érjlv), be a XV -valued and then define

N 1 al
= — Osi, >0,
77,1 ngl %‘n n =

y()N = 77(1)\”
n—1

ya = []_[ nﬁ,v(Gp)}nflV, n=l.
p=0

The particle system of population size N is the X" -valued Markov chain with
transitions given symbolically by

iid. 77,7_1 0n ()
N (Guo1)’

iid

€ &)Y S, (&8N En

v
—

REMARK 2. In order to obtain Algorithm 1 take G,(x) := g(x, y»), My (x,
dx') := f(x,dx"). Inthis case ¥ = 7N and ¥,V (1) = ZV, and similarly, , = 7,
vu(1) = Z,. Other particle filters [such as the “fully-adapted” auxiliary particle
filter of Pitt and Shephard (1999)] arise from other choices of G, and M,,. More
generally, the state-space X may be augmented, for example, to X2, in order to ac-
commodate M,, corresponding to other choices of proposal kernel and correspond-
ing importance weight; see, for example, Doucet, Godsill and Andrieu (2000). In
such cases one would need multi-step versions of (H3)—(H4).
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4.2. Uniform v-controls. The main results of this section are Propositions 1
and 2, which establish uniform controls on the measures (7,), the A-values and
the h-functions. The uniform bounds of these propositions feature centrally in the
proofs of the stability results which then follow.

The first ingredient is the following lemma, which establishes some relation-
ships between the measures (n,,), the A-values and the i-functions.

LEMMA 1. Assume (H1)—(H2). The measures (n,,), h-functions and \-values
satisfy, for any n > 1 and 0 < p < n, the recursive formulas
(22) TIpr—H =)¥p77p+1, Qp+1(hp+1,n) =)Vphp,n

and

np(hp,n) =1.

Furthermore h), , € L, where v = eV is as in (H).

PROOF. For the measure equation,
_ Va(A)  ¥n—10n(A)  mu—10n(A)  1u—10n(A)

Vo) Ya10n(D) 00100 (1) 1a-1(Gu-1)’
where the third equality is due to the product formula (20). For the i-function
equation, using Definition 1,
Qp—l,n(l) _ 1 Qpr,n(l) _ 1
HZ;1771 )‘q )‘P—l HZ;}Q )Vq )‘P—
The equality 7, (hp ) =1 is direct from (18) and the definition of %, ,. The as-
sertion ), , € L, follows immediately from Definition 1 and (19). U

1 (A)

hp—l,n =

1Qp(hp,n)-

The second ingredient is the collection of kernels and drift functions identi-
fied in the following definition (that these kernels are Markov is a consequence of
Lemma 1).

DEFINITION 2 (S-kernels and drift functions). For n > 1, 1 < p <n let
Sp.n i X x B(X) — R, be the Markov kernel defined by

Qp(]IAhp,n)(x)

23) Spn(x, A) =
P )\p—lhp—l,n(x)

’

and let v, , : X — [1.00) be defined by

v(x)

7 1A ,
@) 1Ap.nllv

Vpn(x) =

where v is as in (H1).
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Foreachn > 1 and n € P, we denote by IVE,%n) expectation w.r.t. the canonical law
of the (n + 1)-step nonhomogeneous Markov chain {X, ,; 0 < p <n} with Xq , ~
nandfor 1 < p<n, X, {Xp—1.0=Xp—1.1) ~ Sp.n(¥p—1.n, -). By analogy to the
definitions of Section 4.1, for each n > 1 we write

E;nl [w()?p,n’ cees Xnn)] = IVES” [‘p()vfp,n, cees )v(nn)pv(pn = x]-

The S-kernels and the corresponding expectations are of interest due to the fol-
lowing change-of-measure identity.

LEMMA 2. Assume (H1)—-(H2). Foranyn > 1,0 < p < n, a suitable test func-
tion ¢ and x € X,

Ep 1)), Gg(X)e(Xp. ... Xu)]

- =hpnOED [0(X pns .. s Xun)].
Epon, [T10Z), Gq(Xo)] p.nit)Ep, pn n.n

PROOF. From Definitions 1 and 2,

Ep+TTiZ) Gy (X)e(Xp. ... Xp)]
1pQpn(1)

n—1
Gq(Xg) hgt1.n(Xg+1) 1
=hpa(0)E,, 1274 . (X0s.nos X)) ————
o px|:q1:[p )‘q hq,n(Xq) vito " hn,n(Xn)

=hp,n(x)fE§;”,ZC[(P(}?p,ns 7Xn,n)] O

REMARK 3. The S-kernels have previously been identified as playing an im-
portant role when analyzing stability properties of Feynman—Kac formulas and
particle systems; see Del Moral and Guionnet (2001), albeit written in a slightly
different form. From Definition 1 we have immediately that

Qp(]IAhp,n)(x) _ Qp(]IA Qp,n(l))(x)
)\p—lhp—l,n(x) B Qp—l,n(l)(x)

and it is in the latter form that these kernels are usually considered. However, in the
context of the Lyapunov drift techniques employed here, (23) expressed in terms

of the A-values and A-functions plays a central role in proofs of the two following
propositions. The main theme of the proof of Proposition 1 is to obtain uniform

Sp,n(xa A) =

9

bounds on ||n, ||, via the representation of Lemma 2, the identity IEIE,"%C [v()V(,,yn)] =
Sp+1,n -+ Sn,n(v)(x) and the drift functions (v, ,).
Note that Proposition 1 does not require the majorization-type assumption (H4).

PROPOSITION 1. Assume (H1)—(H3), and let v be as therein. Then there exists
a finite constant c;, depending on w and the quantities in (H1) and (H3), such that
sup |17 lly < Cuﬂ(v)~

n>0
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PROOFE. See Section 5. O

The interest in the uniform bound of Proposition 1 is that, via the following
proposition, we obtain some uniform bounds on the A-values and /-functions.

PROPOSITION 2. Assume (H1)—(H3), and let v be as therein. Then (1)—(2)
below are equivalent:

(1) Sup, > 17nllv < o0;

(2) inf,>0 Ap > 0;

If additionally (H4) holds, then (1) and (2) are equivalent to (3),

(3) sup,, > SUPo<p<n A p.nlly < oo.

PROOF. Lemmata 7, 8 and 9. See Section 5. [

Before proceeding further, note that in the results from this point on, the state-
ments often feature a constant c,,. The value of this constant may change from one
result to the next.

4.3. A multiplicative stability theorem. The form of the following result can
be interpreted as a nonhomogeneous analogue of the multiplicative ergodic the-
orem of Kontoyiannis and Meyn (2005) in the context of positive operators, for
direct comparison the reader is referred to Whiteley, Kantas and Jasra (2012), The-
orem 2.2, equation (2.9). This proposition will be applied in Section 4.5 to bound
the asymptotic variance associated with (77,1,\/ ). The proof is postponed.

THEOREM 1. Assume (H1)-(H4). Then there exists p < 1 depending on 1
and the constants in (H1), (H3) and (H4) and c,, < oo depending on w and the
quantities in (H1)—(H4) such that for any ¢ € Ly, n>1and 0 < p <n,

Qp.n(p)(x)

1 —hp ()N (@) < p" " Pllellvev) u(v) Vx e X.
Hq:ﬁ }‘q

PROOE. See Section 5.

As a consequence of this theorem we obtain v-norm exponential stability with
respect to initial condition for measures (7).

COROLLARY 1. Assume (H1)-(H4), and then with p and  as in Theorem 1.
For any |’ € P, there exists ¢, ,» < 00 such that

() (7]

H nn - nn ” v S pnCM’M/M(U)M/(U),

(M/) . M/QO,n

(n) . MQO,n
and "= o0 0

where nn " 1= 1750
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PROOF. Taking the bound of Theorem 1 and integrating w.r.t. " gives

I Qo w Qo.n(p)
It is stressed that in the above display A, and hg , are as in Definition 1, that is,

dependent on u, but not on u'. Now as u' € Py, for any d € [d, 00), ' (C3) <
M/(Hcgev)/ed < u(e¥) /e so there exists d € [d, 00) such that u/(Cy) > 0. Then

dividing through by u'(ho.n) = i’ Qo.n(1)/ 1‘[';,;}) Ap

— 1 (o)t (@)| < p"l@llvcp I (v).

I Q0.1 (¢) (,u)
W 0on(D) @) = p"llelh /(h n)M( V)i (v)
n Cu !
< lelh (Co)infrce, ho,,,(x)ﬂ(v)“ (v)

< p"lgllvey, wrn@u' (v,
where the final inequality holds due to Lemma 10. [J

4.4. Exponential moments for additive functionals. 'We now present a result on
finite exponential moments for a class of additive, possibly unbounded path space
functionals. It will be applied in Section 4.5 to bounds on the relative variance
associated with y, N (1). The proof is mostly technical and is given in Section 5.

THEOREM 2. Assume (H1)—(H4), and let § and v be as therein. Then there
exists a finite constant c,, depending on | and the quantities in (H1)—(H4) such
that for any collection of measurable functions {F,; n > 1} with each F,,: X — R
and sup, (| F,(x)| =8V (x)) <ocsanyn>1,0<s <n+1,and (i1, ...,i5) €Ly,

EulT)20 G p(Xp) exp(Xieiy, ..oy | Fr(X)D]

.....

EulITh= G p(Xp)]
<chu@ [T "™,

with the conventions that, when s = 0, the summation on the left-hand side is zero,
and the product on the right-hand side is unity.

PROOF. See Section 5. [
4.5. Variance bounds.
REMARK 4. At this point we introduce a further assumption, (HS) below. This

assumption is not necessary for all of the results of this section, but is employed
for the following three reasons: (1) it is not too restrictive in filtering applications;
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(2) it allows Lemma 3 below to be invoked [an equivalent result can also be ob-
tained without (HS), but subject to constraints on the growth rates of (G,) and the
assumption that the Markov kernels (M,,) themselves obey a suitable simultaneous
multiplicative drift condition]; (3) it allows an existing CLT for particle systems to
be simply stated below without proof; see also Remark 5.

(HS) sup,,~¢sup,ex Gu(x) < o0.

The following lemma plays an important technical role in the variance results
which follow.

LEMMA 3. Assume (H1)-(HS) with v the drift function in (H1)-(H4). Then
for any o € (0, 1), the statements of (H1)—(H4) also hold for the drift function
vy := v¥ and with a-dependent constants.

PROOF. Let G := Sup,, >0 SUPyex Gn(x). Then for all x € X and any d €
[d, 00) as in (HI),

sup Qu (e*) (x) < Gsup[%m(ev)(x)]a

n>1 n>1

=Gl sup[ O, (ev)(x)]a

n>1
<exp[aV (@) (1 —8) + abgle,(x) + (1 — a)log G].

where Jensen’s inequality and (H1) have been applied, and 4, bg and Cqg = {x €
X; V(x) < d} are as in (H1). Then for any §p € (0,6) and G < oo there exists
dy € [d, 0o) such that for any d € [dy, 00) and x ¢ {x € X; aV (x) < d},

sup Qn(eo’v)(x) <exp[aV(x)(1 — &) —ad(8 — ) + (1 —a)log G]

n>1

(24)
< exp[aV (x)(1 = 80)]

and for x € {x € X; a2V (x) <d},
sup O, (e*V)(x) < explad(l —8) + aby + (1 —a)log G]

n>1

(25)
=:exp(bd.q)-

The statement of (H1) holds with the drift function v; := v* because equations
(24)—(25) show that we may replace d, §, by, C4 in the corresponding statements
with dy, 80, bg,«, {x € X; @V (x) < d}, respectively.

It is immediate that (H2) holds for v* because v > 1. (H3)—(H4) also hold
for v*, by replacing d, Cy, ¢, 8;, vg with dy, {x € X; a2V (x) <d}, €d/a> 8;}'/0[,
Vd/a» Tespectively. [l
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4.5.1. Asymptotic variance for n,llv.

REMARK 5. There are several existing CLT results for the particle systems in
question; see, for example, Chopin (2004), Douc and Moulines (2008). We choose
to present that of Del Moral [(2004), Proposition 9.4.2], as it holds immediately
under (HS5), and we may state also the corresponding asymptotic variance expres-
sion with essentially no further work. The restriction is that the stated result holds
only for bounded functions. It is of interest to investigate whether the same result
holds for a suitable class of possibly unbounded functions in terms of v, for exam-
ple, via the techniques of Chopin (2004) or Douc and Moulines (2008), but this is
beyond the scope of the present article.

The following CLT holds for errors associated with the particle approximation
measures (n ). Straightforward manipulations of the asymptotic variance expres-
sion of Del Moral [(2004), Proposition 9.4.2] show that it can be written as in (26)
below, in terms of the /i-functions and A-values.

THEOREM 3 [Del Moral (2004), Proposition 9.4.2]. Assume (HS). Then for
¢ : X = R bounded and measurable and any n > 1,

VN®OY =) (9) = N(0,07)

in distribution as N — oo, where

n—1 2
26) o2 i=nal(e —m(®) +an[(§,f”l(f) (@) |

We can readily apply the result of Theorem 1 to obtain a time-uniform bound
on the asymptotic variance.

PROPOSITION 3. Assume (H1)—(HS). Then there exists c;, < 00 depending
only on p and the quantities in (H1)—-(HS) such that for any n > 1,

< al(@ = (@) ]+ cullelFn)?,

where v is as in (H1) and ¢ and o} are as in Theorem 3.

PROOF. As (H1)—(H4) are assumed to hold with some drift function v, then
by Lemma 3, the same assumptions hold with the drift function v!/? and suitable
constants. Then applying Theorem 1 [using the drift v!/? and the corresponding
instances (H1)—-(H4)] and then Proposition 1 (using the drift v), we find that there
is ¢;, < 0o such that

2
| (B~ ram @) } = PPl i) np )
H k
< p? =Pl |2e, 1 (v)?,

and the statement of the theorem follows by summing. [J
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4.5.2. Nonasymptotic variance for y, N(). Forn>1land1<s <n+]1,define

i) 100,iy DELITH = G p(Xp) [Tt Qii (D(Xi)]
" . [yn(D]?

with the convention that i;| = n.

Building from Cérou, Del Moral and Guyader (2011), Del Moral, Patras and
Rubenthaler (2009) obtained a nonasymptotic functional expansion of the relative
variance associated with y, N (1). Elementary manipulations of this relative variance

show that it may be written in terms of the quantities (T,g” """ “)) as follows, and
as we assume (H5), the quantities involved are well defined [although this is not a
necessary condition, one may alternatively assume (H1)—(H2)].

THEOREM 4 [Cérou, Del Moral and Guyader (2011), Proposition 3.4]. As-
sume (HS). Then for anyn > 1,

E“Kyy%l)) - lﬂ

n+1 1 (n+1)—s 1 i )
— E 1— — E T Ulseens ls) __ 1 ,
s:1< N) NS [ " ]

(ils‘-uis)ezn,s

where the expectation is with respect to the law of the N -particle system initialized
from .

We may now apply Theorem 2 in order to obtain the following linear-in-n bound
on the relative variance.

PROPOSITION 4. Assume (H1)—-(HS) and let v be as therein. Then there exists
a finite constant ¢y, depending on | and the quantities in (H1)—(HS) such that for
anyn>1,

val () \? 4 )
N>cn+1) = Eu[( (D) — 1) }ﬁcuﬁ(n—l—l)u(v) .

PROOF. Throughout the proof c¢ is a finite constant depending on w« and the
quantities in (H1)—(H5) whose value may change on each appearance.
First notice that by Definition 1 and the product formula (20) we may write

T ~ e D(X;)
T(ll ..... is) — ILLQO,ll(l) 1 |: X (m)j'
! nQo,iy (1) ya(1) F }_[O r ”)JHI lj+i1j Y

27) _

1
— m []‘[ Gp(Xp) H hi;, W(X,,)}

j=l1
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with the convention that ]_[Z_1 = 1 in the first equality to deal with the case iy = n.

Let v and 6 be as in (H1). Then by Lemma 3, the statements of (H1)—(H4)
also hold for the drift function v® and with constants which depend on 8. Then
Propositions 1 and 2 both applied with the drift function v® and the corresponding
instances of (H1)-(H4) of show that

sup sup ||hp,n||v5 < 00,
n>10<p<n

so that, using representation (27), and applying Theorem 2 with the drift function
v and the corresponding instances of (H1)—(H4), there exists a finite constant ¢
such that

i i s 1 fe :
it S)SC)/,Z(I)EM[H Gp(xp)nvé(xi,)}

p=0 j=1
<c'u().
Therefore by Theorem 4,

E“[(yiv((ll))”ﬂ5“(”)2§<1_%)W)_5% 2 <

(il ----- is)EIn,s

The remainder of the proof then follows by the same arguments as Cérou, Del
Moral and Guyader [(2011), proofs of Theorem 5.1 and Corollary 5.2], so the
details are omitted. [

5. Proofs and auxiliary results.
Auxiliary result for Section 3.1.

LEMMA 4. When f is the transition kernel corresponding to the model of
equations (10)—(12), there exist d < oo and § > 0 such that, for any d € [d, 00),
there exist by < 0o and

(28) /Xf(x, dx")v(x') < v(x)! ¢ exp[balc, (x)]. x eX,

where v(x) := exp(l 4 c|x|) for c a positive constant, and furthermore for each
such d there exists 0 < ¢, < 82_ < o0 such that

(29)  e;vi(ANCy) < f(x, ANCy) <efva(ANCy), xeCy, A cB(X),

with vg the normalized restriction of Lebesgue measure to Cy. Furthermore
fcd f(x,dx")>0,Vx eX.
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PROOF. As per Douc et al. (2009), under the assumptions on the model, there
exists B < oo such that
Jx fx, dx"yv(x")
v(x)

< Bexp[c(|x + B(x)| — |x])]

= ,Bexp[—clxl(l —
and then using (11), there exists §; > 0 such that for |x| sufficiently large,

(1 - |x+B<x)|) s

|x|

IX+B(x)I>],

|x|

so for such |x| and é € (0, §;),

Jx [ (x, dxv(x")
v(x)
and by increasing |x| further if necessary, we conclude that the result holds with
by :=d +logB. (29) and fcd f(x,dx’) > 0 hold immediately. [

<exp[—V(x)8 — c|x|(81 — &) +1log B + 1],

Proofs and results for Section 4.2. The proof of Proposition 1 is given after
Lemmas 5 and 6.

LEMMA 5. Assume (H1)-(H3). Then for any d € [d,o0), anyn > 1 and 1 <
p < n, the following inequalities hold:

(30) Sp,n(vp,n) <PpnVp-1n+ Bp,n]ICd’
where
—8d
e 1p.nlly
31 ppn = Sl o,
P hpt 1hp—1ally
ed(l—8)+bd 1
(32) Bppi=———lhpulv———F—— <00
pn &4 P de(I[thp,n)

and with the dependence of pp , and By , on d suppressed from the notation.

PROOF. For x ¢ Cy,

Sp,n(vp,n)(x) = %”hnn”v
VO sy,

S .
)Mp—lhp—l,n(x)

—&d

e ||hp,n||v

)Mp—l ||hp—1,n”v’

=VUp,n—1 (x)
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where (H1) has been applied.
For x € Cy4, from Lemma 1 and (H3),

)Mp—lhp—l,n(x) = Qp(hp,n)(x) = egvd(Hthp,n)

and thus using (H1),

ed(1—6)+bd||hp,n”v 1
Ap—1 hp—l,n(x)
ed(1—5)+bd 1

s——hpullv——7—-
&4 P de(]Ithp,n)

Sp,n(vp,n)(x) <

We have p), , < oo and B, , < oo because for any p <n, A,_1 >0, h,, € Ly,
hpn(x)>0forall x € X, and for any d > d, v4(Cy) >0. U

LEMMA 6. Assume (H1)-(H3). Then for any d € [d,>0), 0 < p <q <n and
x eX,

Ega'fzc[”q,n()?q,n)]

—8d(g=p) |}
e
(33 < Vagnllo., o)
9= 5 Mpalle ™
l_[k:p)\'k p.nilv
ed(1=8)+ba q-—1 e—8d(q—k) 1
+7_”hq,n”v — t 1
&4 valcghgn) S50 T2 4y valcaion)

with the convention that the sum is zero when p =q — 1.

PROOF. For each n, p and ¢ in the specified ranges, the proof begins by re-
cursive application of the drift inequalities of Lemma 5. A simple induction yields

E;’f&[vq,n(??q,n)]

q q q
f( l_[ pk,n)”p,n(x)+ Z ( l_[ ,Oj,n)Bk,n

k=p+1 k=p+1 \j=k+1

(34)

with the convention that the right-most product is equal to 1 when p =¢q — 1.
By the definitions of (A ), (0p,n) and (B ),

i Lo e lhgnllo

1_[ Pk,n = 1_[

k=p+1 k=p+1
e%da=p) ||hq,n||v

HZ:p-H Ak—1 ||hp,n llv

Me—1 l1he=1,nllv
(39)
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and for k < ¢q,
q
( H Pj,n)Bk,n
j=k+1
(36) - e D ”hq*”””)ed(l_w‘l ol ————
T 2t Wialle ) ey ey i)
ed(1=8)+bq e—0d(g—k) 1
:7_”hq,n”v — .
€ 42y valle hun)

The proof is complete upon combining (34), (35), (36) and applying the definition
of B, , for the case ¢ = k. [

PROOF OF PROPOSITION 1. For n = 0 we have trivially ng(v) = u(v).
For n > 1, by Lemma 2,

EulIT)—y Gg(Xg)v(X,)]
EullT;20 Gq(Xy)]

(37) - / W dx)hon (OB [0(X)]

nn(v) =

< f () hon (OB [0 (K )]

where the inequality is due to s, , =1 and ||h, ,|ly < 1. The proof proceeds by
bounding the expectation.

Fix d € [d, co) arbitrarily. Applying Lemma 6 with ¢ =n and p =0, and again
noting A, , = 1, ||y nlly < 1, we obtain

< ) . e—5dn 1
EW v, (Xn)] < V0,5 (X)
x [ n,n{An,n ] 1_[,;;(1))% honllo n
. od(1=8)+bq | +n—1 o—3d(n—k) 1
e |vaCa) I T2k ny vallcghen)
(38) —8dn |
e
v0,n (X)

1 Qo () [honlly
ed(l—éi)—i-bd 1 N n—1 e—Sd(n—k)
va(Ca) (= valle, Qrn (1]

with the convention (as per Lemma 6), that the summation is equal to zero when
n = 1. The equality is due to the definitions of the A-values and A-functions.

+ -
€q
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We now obtain lower bounds in order to treat the £ Qo (1) and vg[Ic, Ok n(1)]
terms. Recall that d € [d, co) was arbitrary. Now choose arbitrarily » € [d, d].
Then under (H3), for any n € P, and any 0 < k < n,

n—1
n[lc, Qkn(1)] = Ex.p [Hcd Xo ] Gq(Xq)}

q=k

n—1
(39) > Ex,p [Hc, X0 [] G (Xle, (X, (Xn)]
q=k

_ —k

= U(Cr)[gr Vr(Cr)]n
Under (H2), for r and d increased if necessary, but still subject to r < d, we have
pn(Cr) =1—p(CH =1—pulceeV)e™ = 1—p(e")e™ > 0.Now hold r constant
and if necessary, increase d so that e—%d < [e, v (CH]~L Equation (39) then gives

—Sdn —8dn 1
40 L
“0) i>‘1’qu”(1> P e, Oon(D] = (G =

Then under (H1), noting v4(C,) > 0 and applying (39),

1 n—1 —8d(n—k)
+
e [vd(cw — Valle, Qk,n(m}
(41)

1 1 n—1 —8d(n—k)
< + sup ——— | <X
va(Ca) ~ va(Cy) nzl[]; [er ‘)r(cr)](n_k):|
Combining (40), (41) and (38), establishes that there exists a finite constant ¢,
independent of n such that

IVE,(CH) [Un,n(}?n,n)] =< UO,n(-x) + Cus

p(Cr) llhonllv
and then returning to (37), we have shown that

(V) < / 100 (¥) V0.0 ()2 (d)

(C ) ||h0 n ||v
Yeu f hon (X)(dx)

()

~ u(Ch

where the final equality uses the definition of vg, and the property w(hg,) =
n(ho,,) =1 asin Lemma 1. Thus there exists a finite constant cLL such that

+[,L7

Sup 1, (v) < ¢/, 1 (v),

n>1
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which completes the proof. [

LEMMA 7. Assume (H1)—(H3) and let v be as therein. Then

42) sup |[mlly <o <= inf i, >0.
n>0

n>0

PROOF. (=). Suppose sup,,~¢ |1 ||y < co. Then there exists a finite constant
1 such that for any d > d,

LV \%
Mn(Icce™) e _
sup 7 (C5) < sup G2 < qup 1) _gma.
n>0 n>0 € n>0 €

Thus for all B < 1, there exists d > d such that sup,,~y1,(Cg) < B. Thus for B €
(0, 1) there exists r > d such that

inf A, > inf n, (HC, Qn+1(HCr)) =& Vy (Cy) inf 0, (C})
n>0 n>0 n>0

= 8r_Vr(Cr)(1 - B,

where the second inequality is due to (H3).
(«=). Suppose inf,; >0 A, > 0. Then there exists A > 0 such that for any n > 1,

nn(eV) _ 77n—1Qn(ev) < nn—lQn(eV)
nn—l(Gn—l) A

where (22) has been used. Now setd > d Vv (—% log A). Then under (H1),

El

Na-1llce Qn(e")] L il 0n(e¥)]
A A

o—8d s ed(=d)tba

(43) =< Tnn—l(e )+ X

nn(ev) =<

=: pnn—l(ev) +B

for some p < 1 and B < oo. Iteration of (43) establishes (1). [J

LEMMA 8. Assume (H1)-(H4) and let v be as therein. Then

infA, >0 = sup sup [hpnlly < oo.

nz0 n>10<p<n
PROOF. Recall the definition

Qpa(l)(x)

44 hpn(x) = .
@ P =20 D)
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For the case p =n, h,, = 1. For other cases we proceed by decomposing and
then bounding the numerator.

Set d € [d, c0) arbitrarily, let n > 1, 0 < p < n and define ‘L'I(,d) = inf{g >
pi Xq € Cq, X441 € Cyq}. Now consider the decomposition

n—1 n—1
Qpn(N@) =) Ep. [ [1Gq(XI{r = k}}

k=p q=p
45) -
+Ep,x[]_[ Gy(X)Ifr(" > n}]
q=p
and define
Ap = llcs Qplilv, By = |lllc, Oplllvs Eo :=v(Xp),
p+j—1
—_—— G4(Xy) .
—j _|: l_[ Tee (Xq) Tc, (X,) U(Xp+j)’ 1§J§n_p
q=p A d d "4
q+1 q+1

(1]

Assumption (H1) implies that, for 1 < j <n—p, Epyj_1,x,, ;[
that

1< Ej_1,s0

(46) IEp,x[En—p] = IEp,x[EO] =v(x).

For k > p, define M ;‘f,)( = Z’;;}, ]Icg (X4). Then the following bound holds under
(H1):

k=11 .c(x,)
cs\Aq) T, (Xy) (d)
{l’[ At B :|H{Mp,k > (k= p)/2}
q9=p

()

M,
@n = (swlieg i) D = d = p)/2) {1V swpliQ,

)(k—P)/2
q>1 g>1

< exp[—8d(k — p)/2]exp[by(k — p)/2],

where [||Ic, Qg lllv < [l Qqlllv has been used.

Consider one term from the summation in (45) with p < k < n. By Douc et al.
[(2009), Lemma 17]

k—1
e =k} =1 3 Ie, (X)e, (Xg1) = 0f <I{MY) > (k - p)/2}.
q=p
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Then combining (46) and (47) and using (H4),

n—1
Epx [ [1Gq(XI{r? = k}]

q=p
k—1

< e va[lc, Q1. (D]Ep ¢ [ [1G,xpum = k- p)/z}vock)]
q=p

(48) N
< e vallc, Qk+1,n(D)]v(x)

x exp[—38d(k — p)/2]exp[bg(k — p)/2], k> p,

and similarly,

n—1
(49) <Epx [ [T G xXpUME = (n — p>/2}v<Xn>}
q=p

<v(x)exp[—38d(n — p)/2]exp[ba(n — p)/2]

and also by (H4),
n—1

(50) Ep,x[l'[ G, (X )N\ = p}} <eva[le, Qi1 n(D]u(x),
q=p

recalling from Section 4.1 the convention Q1 , = Id. Returning to (45), the
bounds of (48)—(50) show that for p < n,

Qp,n(l)(x)
n—1

51)  <efv(x) Y. exp[—8d(k — p)/2]exp[bg(k — p)/2]va[lc, Qir1.n(1)]
k=p

+ v(x) exp[—8d(n — p)/2]exp[ba(n — p)/2].

We now turn to the denominator of (44) and stress that we are continuing to use
the same arbitrary value of d as above.

As per the statement of the lemma, suppose A := inf,;>0 A, > 0. Then by Lem-
ma 7, 17 :=Sup,~qo Mn (") < 0o and choosing independently ¢ € (0, 1), by (H1) d
may then be chosen large enough that

- o1 e = inf 1 oV Vo > | =] o
;gg’?n(cd)—;legl nn(Cd)zr{ergl m(lcce” )e ™ > 1—qe™ > 1—e=in.
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Then for p < k < n,
k—1
npQpn(D =] Aq)nk Or.n(1)
q=p

> 25y [Ie, Qrn(D)]
> e 25 P e (Ca)valle, Qr1.0 (D]
> e 25 P nug[Ie, Orr1n(D)]

(52)

and for p < n,

(53) NMp Qp,n(l) = Sgnp(cd)vd[HCd Qp+1,n(1)] > SJﬂVd[]ICd Qerl,n(])]

and also

(54) npQpn(1) =207,
Combining (52)—(54) with (51) and (44), we finally obtain, for p < n,

+ n—1

hpn(x) < %vu) 3" exp[—8d(k — p)/2] exp[(k — p)(bg/2 —log )]
d 1 k=p

+v(x) exp[—3d(n — p)/2] exp[(n — p)(ba/2 — log1)].

Then increasing d further if necessary, we conclude that there exists ¢ < 0o such
that for any x € X, sup,,~ | sUpy< <, p,»(x) < cv(x), and this completes the proof.
|

LEMMA 9. Assume (H1)—(H3), and let v be as therein. Then

sup sup |lhp,lly <oo = infi, >0.

n>10<p<n n>0

PROOF.  Suppose sup,,~ | SUPo< < I2pnllv < oo. Then by Lemma 1 and (H3),
for any x € Cy,

) . Ont1(hp1 01 ()

inf A, = inf

nzo nZO hn,nJrl(x)
i Q1)

~ 120 |hp pg1llov(x)

= Ea va(Ca)
el Sup, o ”hn,n+1 Iy
> 0. Il
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Proofs for Section 4.3. The following lemma will be used in the proofs of
Theorems 1 and 2.

LEMMA 10. Assume (H1)-(H4), and let d be as therein. Then for any d €
[d, 00),

inf inf inf A x) > 0.
n>10<p<nxeCy p,n( )

PROOF. We will prove a finite, uniform upper bound on

1 _ anp,n(l)
sup = sup —————
xeCy hp,n(x) xeCy Qp,n(l)(x)

(55)
anp,n(l)

" infrec, Opa (D)’

The proof uses the same approach as in the proof of Lemma 9, and therefore
some steps are omitted for brevity. For the case p =n, n,0,,(1) =1 and
0.2 (D(x) =1 for all x. For the remaining cases we proceed by considering the
numerator of (55).

Set d € [d, o0) arbitrarily, let n > 1 and p < n and define 7
p; Xq € Cq, Xg41 € Cyq}. We have the decomposition

D= inflg >

n—1 n—1

77[7 Qp,n(l) - Z ]Ep,np |: l_[ Gq(Xq)]I[‘[l()d) = k]i|
k=p q=p

(56)

n—1
+Epn, [ I] 6, (Xq)]I[r[(,d) > n]j|.
q=p

This is of exactly the same form as in equation (45) in the proof of Lemma 9,
except for the initial measure n,. Thus by exactly the same arguments [integrate
equation (51) w.r.t. n,] we obtain the bound

Np Qp,n(l)
n—1
(57) <& np(v) Y exp[—38d(k — p)/2]exp[byk — p)/2]va[lc, Qk+1.4 (D]
k=p

+ 1, (v) exp[—38d(n — p)/2]exp[ba(n — p)/2].
Now set r € [d, d]. For the denominator of (55) we have by (H3),
xiencfd Qp,n(l)(x) = xiEand Qp[HCd Qp—i—l,n(l)](x)

(58)
> e va[lc, Qp+1,2(D)],
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also
eqvalle, @pr1n(D] = e va(Co[e; v (€] 7!
and for p <k <n,
e valle, Qp+1.a(D)]

B n—1
=& Epti|le, (Xpt1) l_[ Gq(Xq)}
- g=p+l1
B n—1
Zé‘JEp—l-l,vd ]IC,»(Xp—I—l) l_[ Gq(Xq)HCd(Xk)HCd(Xk+1):|
- g=p+l1
&% r k—1
> e Epring|Ic, Xpr1) [] Gy (Xq)]e;vd[]lcd Or+1..(1)]
L q=p+1
r k—1
2 g Epriy|Ie, Xpr) [ GoXole, (X(1+1):|8;vd[lcd Ok+1,n(1)]
- q=p+1

> &g va(Coey v (€] TP egvalle, Qerra (D]
Combining (55), (57), (58) and (59) gives for p < n,

+

€4
sup < —=np()
xeCy hp,n(x) &4 b

g5 np(v) 1
&g €4va(Cy) &r v (Cy)

n—1

X ( > exp[—(k — p)(8d/2 — by/2 —log[e; w(cr)])])
k=p+1

i NMp (v)

e va(Cr)

with the convention that the summation is zero when p =n — 1. With r kept fixed,

increasing d and noting that under the assumptions of the lemma, Proposition 1
holds, we conclude that there exists a finite constant ¢, (d) such that

exp[—(n — p)(8d/2 — bg/2 — log[e, v-(C;)])]

sup sup sup <cu(d).
n>10<p<nxeCy hp,n(x) .

The proof is complete because dj <dr = Cy4, € Cy,. U

PROOF OF THEOREM 1. The proof is based directly on those of Douc et al.
[(2009), Proposition 12 and Lemma 15], which are in turn developments from
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the decomposition ideas of Kleptsyna and Veretennikov (2008). However, there
are some crucial differences here: the focus of the present work is on the v-norm
on measures, as opposed to total variation, and different techniques will be used
to deal with and control denominator terms in equation (60) below, by way of
Propositions 1 and 2.

Throughout the proof, ¢ is a finite constant whose value depends on p and the
quantities in (H1)~(H4) and whose value may change on each appearance.

Let (X,;; n > 0) be the bi-variate Markov chain on X2 with

Xn|{X,,_1:(x,,_1,x )} ~ My (xp—1,) @ My ( Xn— 1")

and for some distribution H on X? we denote by Ey the expectation with
respect to the law of this bi-variate chain initialized by Xo ~ H. In line
with previous definitions, for n a distribution on X, we write I_Ep 5@y =
[ 8y (dx)n(dx’)EH[q)(Xp,... n)|{Xp = (x, x")}]. Also define Cy := Caq x Cq
and throughout the following writing X = (x, x’) for a point in X?, define G, (¥) :=
G,(x)G,(x") and (%) ;= v(x)v(x’).

For each n > 1 define the tensor-product kernel 0,(x,d y) = Q0n(x,dy) ®
0, (x",dy"), and let (Q p.n) be the semigroup defined in the same fashion as (16).
Now fix arbitrarily d € [d, 00), and define, for n > 1,

Ru(%, d3) := Qn(X.d5) — I, (¥)(e7) va ® va(d?)

and (R p.n) in the same way. The dependence of R, on d is suppressed from the
notation.
First set n > 1 and 0 < p < n arbitrarily. We have from the above definitions,

Op.n(p)(x)
p n(x) l_[n ! )\
Qp,n((a)(x) _ anp,n((p)

Qp,n(l)(x) anp,n(l)
(0x ® np)Qp,n((p ®1)— (np ® 8x)Qp,n(‘ﬂ ®1)
Qp,n(l)(x)anp,n(l)
(0x ® np)Rp,n((/) R1-1Q¢)
Qp,n(l)(x)anp,n(l)

(6 ® np)Rp,n(ﬁ)

Qp,n(l)(x)anp,n(l)
Apn(x,np)
Qpn ()N Qpn()’

where the third equality is due to the decomposition of Kleptsyna and Veretennikov
(2008).

- nn(w)‘

(60)

=2l

=2l
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Now define pg := 1 — (% )2 < 1 and M) := 2 e, (X0l (Xis1). Fol-

d
lowing essentially the same argument as Douc et al. [(2009), proof of Proposi-
tion 12], then gives, for any g € (0, 1),

_ N
Apn(x,np) < Eax%[]_[ Gy(X)p,; " 0(Xn )}
[]Gq(Xo)

= E5x®ﬁp |:

_ () _ -
+mm%h1 <Xnﬂ”{Mﬂ<ﬂm—mwan]
q

=: A (e np) + AT (x, ).

We first consider Ag} (x,np). As pg < 1, we have the bound

Agn(x 7717) <0 B(n— p)|:Qp n(U)(x)] (V).
Qp n(l)(x)anp (1) — Qp a(1)(x)

but using Lemma 6, Propositions 1, 2 and Lemma 10 show that for r large enough,
but then fixed,

Qp ﬂ(v)(x) E(n) [U (X )]
Qp n(H(x) — i
e—Sr(n—p) 1
< Up,n(x)
o 2070 Yy ally P
N e (1=8)+b; 1 N 712—:1 e~ dr(n—k) 1
&r Vr (]IC,hp,n) k=p+1 Zt(n_k) Vr (HC,hk,n)
c Up,n(x)
~ Ahpaly’
SO
1
Ap,n(x, np) < Cpﬂ(n p) Up, n(x) 7 (V)
©2) Qp,n(l)(x)anp,n(l) N ||h[) n”v
Bn—p) Vp.n(X)
T Nl

where the second inequality is due to Proposition 1.
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Now consider Ag,z)n (x, np). The main idea for treating this term is that of Douc
et al. (2009), proof of Lemma 15. There are some cosmetic differences of indexing,
and some intermediate steps are omitted for brevity. Define

n—1
M) =" Tee (X0,
k=p
apn=|(n—pA—-p)/2-1/2],
Ap = |||]IC‘2 Qp|||v®v, Bp = |||Hc_‘d Qp|||v®v, Eo = ﬁ()_(p)a
p+k—1 = S
G4(Xy) _ =
By = - — [v(X p4k), 1<k<n-—p.
q+1 q+1

Then for 1 <k <n — p, Ep+k—1,5(p+k7| [Er] < Er_1, so that

63)  Epsen[Enopl < Epsen,[Eol = v(®),0) < cvmp),

where the last inequality is due to Proposition 1.
By Douc et al. [(2009), Lemma 19], M\ < B(n — p) implies M), > a,,.
and then

k-1 - .
[” Iec (Xg) Te (Xq)

1_[ Aq+1 Bq+1 ]]I{Ml(,‘f,)1<ﬁ(n—p)}

q=pr
apn 2n—p—apn)
< (sup )" (1v sup 11y 1. )
g=1 q=1
Aap.n 2(n—p)
(64) < (suplineg o, ) (1vswpiy )
g>1 g>1

sd 2(n—p)
< ¢~¥dap, (1 v sup |||Qq|||v)
g>1

<exp(—dda, ) exp[0V 2by(n — p)],
where (H1) has been used. For the remainder of the proof we may assume without

loss of generality that by > 0.
Combining (63) and (64) then gives

n—1
AD (2. ny) s%p[n G (I <ﬁ(n—p)}t7(5(n)}
q=p

< cexp[—é8dap n + 2bg(n — p)]v(x)pu(v)
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and therefore

A, np)
Qp,n(l)(x)np Qp,n(l)
— Ag,%(xa np)
hpn () TT)Z) 2g)?

(65)

vp,n(x)
m
17p.nllv

<cexp[—ddap , +2(n — p)(bg —logA)] (v),

where Propositions 1 and 2 have been applied and A = inf,,>o A, > 0.
Collecting the bounds of (62), (65) and returning to (60), we establish that

Qpan(@) (1)
hpn () TG=p Ag
Vp,n (X)
1p.all
v(x)
hpn(x)

x [87P) 4 exp[—(n — p)(8d(1 — B)/2 — 2bg + 2log2) + 35d/2]].

— (@)

<2cllll @[5 P + exp[—dday, , +2(n — p)(by —log)]]

<2cllelly

wu(v)

where for the second inequality, |a| > a — 1 has been used. The proof is complete
upon recalling that d € [d, o) was arbitrary, pg < 1, 8 € (0, 1) and multiplying
through by ), (x). U

Proofs for Section 4.4.

PROOF OF THEOREM 2. Throughout, the proof ¢ denotes a finite constant
whose value may change on each appearance, but which depends only on u and
the quantities in (H1)—-(H4). Also, throughout the proof we take by convention that
for any j <k, le{ =0.

First consider the case s > 0. By Lemma 2,

EulT)Z0 G p(Xp) exp(Xieqiy.....isy [ Fr(Xi)D]
EulITy=y Gp(Xp)]
o = u(dx)ho,n<x)E§">[exp( ) |Fko?k,n)|)]
kelity...is)

f( [1 HeF’"Hva) / u(dx)ho,nuﬂéﬁf)[ [ v's(ffk,n)].

kefiy, ..., is} kelip,..., is}
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We now obtain some bounds which will be used to control the expectation in (66).
Proposition 1 holds under the assumptions of the theorem so we may apply the
upper and lower bounds of Proposition 2 and Lemma 10 to the bound of Lemma 6
and choose d therein large enough, in order to establish that there exists a finite
constant ¢ independent of 1 < p < g <n and x € X such that

E( @ Ylve, n(Xq n)]
e—Bd(q—p) ”hq,n”v

ra=p) ”hp,n Il

Up,n(x)

(67)
d(1=8)+bq

9=l —sd(q—k) 1
+ ——lhgnly| ———— +
& P valleyhg.n) i 2979 valchin)

h
< Mgally
17 p,nlly

where A = inf,>0 A, > 0. Therefore by (H1), for p <g¢,

vp,n(x)»

V@R [vgn(Xgm)] < v’ (x yVag.nll Spn(Vp.n)(x)

1pnll
0,()(x)
= cv’ () | hgnlly —————
)‘p—lhp—l,n(x)
(68) w by
v(x e’
<cllh LA AN
<c| qu“vhp—l,n(x) Y
Ihg.nllv
c—————Vp_1a(x).
||hp—1,n||v b
Nowfixn>1,1<s<n+1,(i1,...,is) €L, arbitrarily and define (Z ;0 <
k <s) by
R0, 1= vO,n(XO,n)
T ol
V; l’l()?l n) =l v
Epp = ——— " exp Z(SV(XI-].,”) —logc) |, 1<k<s,
”hik,n”l) le

where c is as in (68). We then have

1 o k—l .
E™ o (v (Xipn) exp[Z 6V<Xi,,n>—logc)}

||hik,n||v =1 Xip_y.n =1
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v X v X
< i Xicin) sz exp| 36V (i, ) — loge)
||hik_1,n||U _/:1

= Ek—l n»s

where the 1nequa11ty is due to (68). Thus (uk " ]-'k 70 <k <s) is a super-
Martingale, with fkn :_a(XOn,... X,k 1,n> Xiz,n). Therefore

fEﬁ“[ [1 v‘so?k,w]scSIE§”>[ss,n]||h,-x,n||v
kelir,... is}

(69) <o 20
”hOn”v '

o v
hO n(x)

where Propositions 1 and 2 have been used for the last inequality.
The proof is completed upon combining (69) with (66) and noting that the result
holds trivially when s =0. [J
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