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Abstract

The particle Gibbs (PG) sampler is a systematic way of using a particle filter within
Markov chain Monte Carlo (MCMC). This results in an off-the-shelf Markov kernel on the
space of state trajectories, which can be used to simulate from the full joint smoothing
distribution for a state space model in an MCMC scheme. We show that the PG Markov
kernel is uniformly ergodic under rather general assumptions, that we will carefully review
and discuss. In particular, we provide an explicit rate of convergence which reveals that:
(i) for fixed number of data points, the convergence rate can be made arbitrarily good
by increasing the number of particles, and (%) under general mixing assumptions, the
convergence rate can be kept constant by increasing the number of particles superlinearly
with the number of observations. We illustrate the applicability of our result by studying
in detail two common state space models with non-compact state spaces.

Keywords: Particle Gibbs, Particle Markov chain Monte Carlo, Conditional sequential
Monte Carlo, Particle smoothing, State space models

1 Introduction

Statistical inference in general state space hidden Markov models involves computation of the
posterior distribution of a set Xy := [X4,..., Xy] of hidden state variables conditionally on
a record Yp.r of observations, which we denote as ¢pp (Yo.7). Of particular interest is the so
called joint smoothing distribution (JSD) ¢o.7(Yo.r). Any marginal or fixed-interval smoothing
distribution can be obtained from the JSD by marginalization. The JSD can be expressed
in closed-form only in very specific cases, principally, when the state space model is linear and
Gaussian or when the state space of the hidden Markov chain is a finite set. In the vast majority
of cases, nonlinearity or non-Gaussianity render analytic solutions intractable.

This limitation has lead to an increase of interest in computational strategies handling more
general state and measurement equations. Among these, sequential Monte Carlo (SMC) meth-
ods play a central role. SMC methods—in which the sequential importance sampling and sam-
pling importance resampling methods proposed by [Handschin and Mayné d_l_%_g and [Rubin
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M), respectively, are combined—refer to a class of algorithms approximating a sequence of
probability distributions, defined on a sequence of probability spaces. This is done by updat-
ing recursively a set of random particles with associated nonnegative importance weights. The
SMC methodology has emerged as a key tool for approximating JSD flows in general state space
models; see Del Moral (2004); Del Moral and Doucet! (2009); Doucet and Johansen (2011) for
general introductions as well as applications and theoretical results for SMC methods.

However, a well known problem with SMC methods is that the particle approximation of
any marginal smoothing distribution ¢¢.+(Yy.7) becomes inaccurate for ¢ < T. The reason is
that the particle trajectories degenerate gradually as the interacting particle system evolves
(Godsill et all, [2004; Fearnhead et all, 2010). To address this problem, several methods have
been proposed; see [Lindsten and Schénl (2013) and the references therein. Among these meth-
ods, the recently introduced particle Markov chain Monte Carlo (PMCMC) framework, proposed
in the seminal paper by [Andrieu et all (IZD_ld), plays a prominent role. PMCMC samplers make
use of SMC (or variants thereof) to construct efficient, high-dimensional MCMC kernels which
are reversible with respect to the JSD. These methods can then be used as components of
more general sampling schemes relying on Markov kernels, for instance enabling joint state and
parameter inference in general state space models. We will not discuss such composite sampling
schemes in this paper, but instead focus on one of the PMCMC kernels that can be used to
simulate from the JSD.

Coupling SMC and MCMC is very useful since the distribution of the state sequence given
the stream of observations is generally both high-dimensional and strongly dependent, ren-
dering the design of alternative MCMC procedures, such as single-state Gibbs samplers and
Metropolis-Hastings samplers, problematic. PMCMC has alreadﬁ found many applications

in areas such as hydrology (Vrugt et all, 120_13 finance M), systems biology
(Golightly and Wilkinson, 2011)), and epidemiology (Rasmussen et all, IZQZL]J to mention a few.

Several methodological developments of the framework have also been made; see e.g.|W\
(2010); [Lindsten et al! (2012); |Chopin and Singh (2013); [Pitt et all (2012).

PMCMC algorithms can, broadly speaking, be grouped into two classes of methods: those
based on particle independent Metropolis-Hastings (PIMH) kernels and those based on particle
Gibbs (PG) kernels. The two classes of kernels are motivated in different ways and they have
quite different properties. The former class, PIMH, exploits the fact that the SMC method
defines an unbiased estimator of the likelihood, which is used in place of the intractable likelihood
in the MH acceptance probability. This method can thus be viewed as a special case of the

pseudo-marginal method introduced by [Beaumont! (12_0_03 \Andrieu and Roberts (IZDD_Q and later
analyzed by |Andrieu and Vihola (120_]_2 Emndhlmsz;mski (121)_]_2 The latter class, PG, on
the other hand relies on conditioning the underlying SMC sampler on a reference trajectory
to enforce the correct limiting distribution of the kernel; see This algorithm can be
interpreted as a Gibbs sampler for an extended model where the random variables generated by
the SMC sampler are treated as auxiliary variables.

One of the main practical issues with PMCMC algorithms is the choice of the number, N, of
particles. Using fewer particles will result in faster computations at each iteration, but can at
the same time result in slower mixing of the resulting Markov kernel. For a fixed computational
budget, there is a trade-off between taking the number of particles N large to get a faster
mixing kernel, and to run many iterations of the MCMC sampler. |Andrieu and Robertd (2 dJm
|Anginm;mdj[1hgla| E@_and_L_aim_szmkﬂ (121)_]_2 ) investigate the rate of convergence of
the pseudo-marginal method and characterize the approximation of the marginal algorithm by
the pseudo-marginal algorithm in terms of the variability of their respective ergodic averages.

Doucet et all (2012) and [Pitt et all (2012) conclude, using partially heuristic arguments, that it

is close to optimal to let N scale at least linearly with 7T'.




The theoretical properties of the PG kernel, however, are not as well understood. |Andrieu et al.
(2010) establish under weak conditions that the PG kernel is ¢-irreducible and aperiodic for any
N > 2 (seeMeyn and Tweedid (2009) for definitions). However, this does not provide a control
for the rate of convergence of the iterates of the PG kernel to stationarity. In this work, we
establish that the PG kernel is, under mild assumptions, uniformly ergodic. This interesting
property has already been established in an earlier work by |Chopin and Singhl (2013), but we
give here a more straightforward proof under weaker conditions, which in addition provides an
explicit lower bound for the convergence rate.

During the preparation of this manuscript, a preprint was made available by [Andrieu et al.
(2013), who, independently, have found similar results as presented here. Indeed, they establish
basically the same lower bound on the minorizing constant for the PG kernel (which they refer
to as the iterated conditional SMC kernel), though using a different proof technique based on
a “doubly conditional” SMC algorithm. There are, however, several differences between these
two contributions. We focus in particular on analyzing the minorizing constant under mixing
conditions for the state space model which hold very generally, even if the state space is not
compact (see [Section 4.3). We then study how the number of particles N should be increased
with the number of observations T'. We show that under weak assumptions, it suffices to increase
the number of particles N as T° where § > 1 can be determined explicitly. This is in contrast
with [Andrieu et al. (2013) who, effectively, assume a compact state space; see [Remark 3] and
[Section 421 On the other hand, |Andrieu et all (2013) study necessary (i.e., not only sufficient)
conditions for uniform ergodicity and translate the convergence results for the PG kernel to a
composite MCMC scheme for simulating both states and parameters of a state space model.
Given these differences, we believe that the two contributions complement each other.

This paper is organized as follows: In [Section 2] we introduce our notation, and in [Section 3l
we review the PG sampler and formally define the PG Markov kernel. In [Section 4] we state
the main results, starting with a minorization condition for the PG kernel followed by mixing
conditions that allow for time uniform control of the convergence rate. In we study,
in detail, two commonly used state space models (with non-compact state spaces) to illustrate
how the conditions of our results can be verified in practice. The proofs of the main theorems
are postponed to Sections [ and [7

2 Notations and problem statement

Let (X, X) and (Y,Y) be two measurable spaces and let P(X) be the set of all probability
measures on (X, X). Let M be a kernel on (X, X) and G a kernel on (X,)). Assume that for
all z € X, G(z,-) is dominated by some common nonnegative measure x on (Y,)) and denote
by g(z,-) its Radon-Nikodym derivative, i.e., for all (z,y) € X X Y,

g(z,y) = %(y) :

Let {(X:Y:),t € N} be a hidden Markov chain associated to the pair (M,G). That is,
{(X+,Yy),t € N} is a Markov chain with transition kernel defined by: for all (z,y) € X x Y and
alCe X®)Y,

(z,y),C) — //C M(z,d2")G(2',dy") .

The sequence { X, t € N} is usually not observed and inference should be carry out on the basis
of the observations {Y;, ¢t € N} only. With 4 € P(X) being the initial distribution of the hidden



state process, for all ¢ > 0, denote by

Yo:e = P (Yo:e) := /u(dwo)g(:vo,yo) [T M@er, dzo)g(zs,vs) |

s=1

the density of the observations Y., with respect to k®(*1 . In what follows, we set, by abuse
of notation, for all z € X,

P2 (Yo:t) = Ds, (Yo:t) (1)

where §, is the Dirac measure at x.
For all y € Y, define the (unnormalized) kernel Q(y) on (X, X) by

Q) (. A) = / M(z, de!)g(z',y)La(a) | 2)

and for all s <t and all y; € Y!75T1 define the kernel Q(y,.¢) on (X, X) by

Q(ys:t) (2, A) = Q(ys)Q(yst1) - - Qyr) (, A) - (3)

In what follows, we set by convention Q(ys.)(z,A) = 1 for all s > ¢t. With these notations,
P, (Yo:t) = #Q(Yo:.)1 where 1 is the constant function, 1(z) = 1 for all z € X. For all u € P(X)
and for all 0 < s <t, denote
: S— b if S— O Y
sl 1) i= {mym)/p#(yo Dy p(o1) #
0, otherwise

with the convention p#(yo;t|y0:_1) = p#(yo;t).
A quantity of central interest is the JSD, given by

t

1
Py(yo:t) /,U(dilfo)g(xo, yO) 51;[1 M(xsfl’ dxs)g(;ps, ys)]].D(fEO:t) s (4)

b,0:¢(Yo:t) (D) =

for all D € X®*D With T being some final time point, the PG sampler (reviewed in the
subsequent section) defines a Markov kernel which is reversible with respect to ¢, 0.7 (¥o.1)-
Samples drawn from the PG kernel can thus be used to draw inference about the states (and/or
parameters) of the state space model.

3 The particle Gibbs sampler

Consider first an SMC sampler targeting the sequence of JSDs defined in (). The SMC sampler
approximates ¢, 0.t(Yo:¢) by a collection of weighted samples {(X{.,,wi)}¥,, in the sense that

N

¢;JXO:t<}/0:T>(h’) = Z W%

N
i=1 Eé:lwf

is an estimator of ¢,0.t(Yo:+)(h) for a measurable function h : X**1 — R. These weighted
samples can be generated in several different ways, see e.g. [Doucet et all (2000); [Del Moral
(2004); Doucet and Johansen (2011); |[Cappé et all (2005) and the references therein. Here we
review a basic method, though it should be noted that the PG sampler can be generalized to
more advanced procedures, see |Andrieu et all (2010); |Chopin and Singh (2013).

h(Xét)



Initially, ¢,,0.0(Y0) is approximated by importance sampling. That is, we simulate indepen-
dently { X}, from a proposal distribution: X§ ~ 7(Yo)(-). The samples, commonly referred
to as particles, are then assigned importance weights,

wp = wo (Yo)(X¢) (5)
where wy(Yp)(z) = g(z, YO)%@), provided that r(Yp) is such that p < ro(Yo).

We proceed inductively. Denote by F}/¥ the filtration generated by the particles and weights
up to the current time instant ¢:

]:tN =0 ({(Xézsvwi)}ijilvo <s< t) . (6)

Assume that we have at hand a weighted sample {(X},_;,wi_;)}Y, approximating the JSD
Gu,0:t—1(Yo:e—1) at time t — 1. This weighted sample is then propagated sequentially forward in
time. This is done by sampling, conditionally independently given the particle history F7 ;, for
each particle i € {1,..., N} an ancestor index A} with probability
) wj
De—1 Wi

and then by sampling a new particle position from the proposal kernel R(Y):
i A
Xy~ R<Yt>(Xt—1= ) (8)

The particle trajectories (i.e., the ancestral paths of the particles X7, i € {1,...,N}) are
constructed sequentially by associating the current particle X; with the particle trajectory of
its ancestor:

i Al i
X = (Xo.4_1, Xt) - 9)

Finally, similarly to (Bl the particles are assigned importance weights given by

dQ(Yi) (X}, )

(X)), (10)
dR(Y:) (X 1,)

i Ay
Wy = w(Y})(Xt_l,Xt) =

where Q(y) is defined in (@) and, as before, it is assumed that Q(y)(z,-) < R(y)(x,-). This
results in a weighted particle system {(X{.,,wi)} Y, targeting ¢, 0.+(Yo:¢), completing the induc-
tion. Two classical choices for the proposal kernel R(y) are:

M(z,dz") bootstrap filter,

R<y>($,d$/) = { M(z,dz’)g(z’,y)
WM fully-adapted filter.

(11)

Assume now that 7 is some final time point and that we are interested in simulating from
the JSD ¢,.0.7(Yo.7) using an MCMC procedure. For that purpose, it is required to define
a Harris positive recurrent Markov kernel on the path space (XT*1 & ®(T+1)) having the JSD
¢p,0:7(Yo1) as its unique invariant distribution. The PG sampler accomplishes this by making
use of SMC. From an algorithmic point of view, the difference between PG and a standard SMC
sampler is that in the former, one particle trajectory, denoted as z{.;- = (z{, ..., o) € X! is
specified a priori. This trajectory is used as a reference for the PG sampler, as discussed below.

The reference trajectory is taken into account by simulating only N — 1 particles in the
usual way. The Nth particle is then set deterministically according to the reference. At the



initialization, we thus simulate independently { X} 71 with X§ ~ 7o(Yo)(-) and set X&' = x}.
We then compute importance weights for all particles, i =1, ..., N, according to (&).

Analogously, at any consecutive time point ¢, we sample the first N—1 particles { (A%, X}) ﬁi}l
conditionally independently given F}¥; according to (@)—(8). Note that these particles will de-
pend on the reference trajectory through the resampling step (7). The Nth particle and its
ancestor index are then set deterministically: XY = 2, and AY = N. Finally, importance
weights are then computed for all the particles according to (I0). Note that, by construction,
the Nth particle trajectory will coincide with the reference trajectory for all ¢, XY, = z{,.

After a complete pass of the above procedure, a trajectory X{.p is sampled from among the
particle trajectories at time T (see (@), with probability proportional to the importance weight
wh, i €{l,...,N}, ie.

7
_Yr
N J4
D=1 W

This procedure thus associates each trajectory (., € XT+1 to a probability distribution on
(XT+1, x@(T+1)) - defining a Markov kernel on (X7, X®(T+1) More specifically, this kernel
is given by

P(XST:XOZT|‘F'JJY): ) ’LE{l,,N} (12)

zﬁilw;mxgq)}

i
D i Wi

for (2).p, D) € XTH x X®(T+) | where E refers to expectation with respect to the random
variables generated by the PG algorithm. We refer to Pr n as the PG kernel.

As shown by [Andrieu et all (2010), the conditioning on a reference trajectory implies that
the PG kernel leaves the JSD invariant:

PT,N(‘Té:Tv D) =K

(13)

bu0r(Yor)(D) = /PT,N(%mD)¢M,O:T<YO:T>(dw6;T)a VD e x(THY.

Quite remarkably, this invariance property holds for any N > 1.

Empirically, it has been found that the mixing of the PG kernel can be improved significantly
by updating the ancestor indices AN for t € {1,...,T}, either as part of the forward recursion
(Lindsten et all,2012) or in a separate backward recursion (Whiteley et all,12010). We shall not
specifically analyze these modified PG algorithms in this work, although our uniform ergodicity
result apply straightforwardly to these algorithms as well.

4 Main result

In this section we state the main results. First, in [Section 4.1] we give a minorization condition
for the PG kernel. Following this we discuss how to increase the number of particles N = N
as a function of the number of observations 7' in order to obtain a non-degenerate lower-bound.
We consider first a strong mixing condition and then a much weaker moment assumption in

[Section 4.2l and [Section 4.3) respectively.

4.1 Minorization condition

Define the sequence of nonnegative random variables {B; r}i_, by

Bt,T = sup |w<§/t>|oo|Q<Y;f+1t+f>1|oo (14)

0<e<T—t Pu(YetvelYoir-1)




where, by convention, |Q (Yi41.4)1],, = 1.

Theorem 1. For all 2}, € XT*' and D € x®T+1),

Pr n(z(.p, D) > er,n ¢p.01(Yor) (D), (15)
where .
N -1
= S 16
e (6)

Proof. The proof is postponed to [Section 61 However, to provide some intuition for the result,
the main ideas of the proof are outlined below.
Using the representation of the PG kernel from (I3]) we can write
w%lZ(X(}T)‘| > (N _ 1)E [E w%]]-D(X(%:T];[),l : ]_-T]yl‘|‘| ,
2{w(Ye)|oo + 22520 Wi

where, for the first inequality, we have simply discarded the Nth term (corresponding to the
reference particle) and used the fact that the N — 1 weighted particles {(X},p,wi)} ¥ ! are
equally distributed. For the second inequality, we bound the first and the last term of the sum
in the denominator by |w(Y;)|.. This has the effect that the random variables entering the

numerator and the denominator of the expression are conditionally independent given FX .
By convexity of z — 1/ and using Jensen’s inequality we therefore obtain the bound

Pr n(z(.7,D) > (N - 1)E

E [wi1p(Xor) | 7]
20w(Yy)|oo + (N = 2)E [w] | F7L 4]

Pr.n(zg.p, D) > (N —1)E

| o0

The inner conditional expectations can be computed explicitly. Principally, the result follows
by repeating this procedure for time 7' — 1, then for T — 2, etc. O

Corollary 2. Assume that g(z,y) > 0 for all (z,y) € X x Y and |w(y)
Then, for fized T,

< oo forallye.

|
1 T
E —2
6TN_1+ﬁt 0(1—2Bt7T)+O]P(N ),

and limy_,oc €7 Ny = 1.

Proof. From the definition (I6) we have

T
2B 1
GT,N—GXP{ Zln<1+ t, T — 1 )}Zexp{mz(1_2Bt’T)} .

t=0

For a fixed T, we thus obtain the result provided that By < oo for all ¢t € {0,...,T}. However,
the positivity of g implies that pM(Yt:t+5|Y0:t71) > 0 for all £ > 0, and since |w(y)|,, < oo for all
y €Y, it can be easily checked that

t40
1Q(Yis1:40)1 oo < H [w(Ys)|oo <00,
s=t+1
which immediately implies that B, r < oo for all ¢t € {0,...,T'}. O



Remark 3. The minorization condition of{Theorem 1l is similar to Proposition 6 bylAndrieu et al.
(2013). However, they express the minorizing constant in terms of the expectation of a likelihood
estimator with respect to the law of a “doubly conditional SMC” algorithm. They do not pursue
an analysis of the effect on the minorization condition by the forgetting of the initial condition
of the state space model. To obtain an explicit rate of convergence they assume, in our notation,
that the triangular array of random variables { By 1 }o<i<T is uniformly bounded for T > 0. This
is the case, basically, only when the model satisfies strong mizing conditions, as we discuss in
the subsequent section. Indeed, | Andrieu et all (2013, Proposition 14 and Lemma 17) is the same

as our|Proposition .

4.2 Strong mixing condition
We first assume a strong mixing condition for the kernel M:

(S-1) There exist positive constants (o_, 04 ), a nonnegative measure v and an integer m € N such
that for all x € X,
o_y(dz') < M™(z,dz’) < oy y(da’) .

This condition has been introduced by |Del Moral and Guionnet (1999) to establish the uniform-
in-time convergence of the particle filter. This condition, which is stronger than the Doeblin
condition, typically requires that the state space is compact. It is overly restrictive but is often
use in the analysis of state space models because it implies a form of uniform forgetting of the
initial condition of the filter, which is key to obtaining long-term stability of the particle filter.

Proposition 4. Assume that [(S-1) holds with m = 1 and that the proposal kernel is fully-
adapted as defined in (). Then, taking Ny ~ XT for some A > 0, we have

1-2 _)?
lim inf er N, > exp (M) >0, P-as.
T—o00 ’ A
Proof. First, note that for all £ > 1,
1Q(Yit1:040)1] o < U+/W(dItH)g(ItH,Yt+1)Q<Yt+2:t+e>1($t+1) (17)

and
Pu(Yeese|Yor—1) = 027/W(dxt)g(iﬂtayt)/7(d$t+1)9($t+1,1@+1)Q<Yt+2:t+é>1($t+1)- (18)

Now, in the fully-adapted case, we have:

n M(z,da")g(z',y)
Ry, de) = e S gta )

so that by the definition of w(y),

[w(Y:)] oo = sup

zeX

| o0

/M(:C,d:vt)g(:th) < U+/7(dxt)g(xt,Yt).

Combining this equality with (I7) and (8] yields:

|w<Y2>|oo|Q<Y;f+1:t+é>1loo < (O’_+)2 '

Byr = sup

0<e<T—t Pu(YetreYoi—1) o_



By the definition (1], we then obtain:

. ﬁ N-1 N -1 B
TN =B+ N =2 T \N—2+2(0(/0_)? '
Finally, letting Np ~ AT, we obtain

1-2(04/0-)°

\ ) >0, P-as.

liminf er n, > exp (
T— 00

O

It is worthwhile to stress that holds whatever the distribution of the observa-
tion process, {Y;, ¢ € N} is. This is a consequence of the strong mixing condition which
provides a simple result, but at the expense of an assumption which is rarely met in practice. If
instead of the fully adapted case, we consider the bootstrap filter (see ([II])), we may also obtain
a uniform-in-time bound. However, this requires an even stronger assumption of the existence
of a lower and an upper bound for the observation likelihood.

(S-2) There exists a positive constant §, such that for all y € Y,

| < §upmexg(x,y) <5,
infyex g(z,y)

Proposition 5. Assume that|(S-1)H{(S-2) hold and that the bootstrap proposal is used: R(y)(z,-) =
M(z,-). Then, taking Ny ~ XT' for some X > 0, we have

(1 —2Moy Jo_

lim inf e N, > exp \

> >0, P-as.,
T—o0
where m is defined in|(S-1)

Proof. For the bootstrap filter, w(y)(z,z’) = g(z’, y). Therefore, |w(y)|s = Supgex 9(z,y). On
the other hand, for ¢ > m,

t+m—1
1Q(Yiq1:40)1 oo S 0y ( 11 Sugg(ways)> /7(d$t+m)g($t+m7Yt+m)Q<Yt+m+1:z>1($t+m) :
s=t+1 *€
(19)
and
t+m—1
Pu(YeyelYou—1) = 0 < II igig(%%)) /7(d$t+m)g($t+maYt+m)Q<Yt+m+1:t+e>1($t+m) :
s=t
(20)
Combining (I9) and 20) yields
By <mZt (21)
The result follows as in the proof of O



4.3 Moment assumption

Under the strong mixing condition and the even more restrictive we obtained non-
degenerate uniform convergence bounds when the number of trajectories Np depends linearly
on the number of observations T'. However, these conditions are very restrictive and hardly ever
satisfied when the state space is non-compact. We now turn to the analysis of the minorization
condition under a much weaker moment assumption. However, when the strong mixing assump-
tion is relaxed, we are no longer able to obtain bounds that hold uniformly with respect to the
observation sequence. Instead, we will take a probabilistic approach. In [Theorem 6 below, we
show that the minorizing constant will be bounded away from zero, in probability, provided
that Np is a power of T. Moreover, the result presented in this section is not restricted to the
fully-adapted or the bootstrap PG kernel and may be obtained for virtually any proposal kernel.

This result holds with respect to the law of the observation process {Y;, ¢ € N}. It is
therefore of interest to carry out the analysis for a parametric family of state space models
{(M?,G?%),0 € ©}, where © is a compact subset of a Euclidean space. Informally, this allows
us to analyse the ergodicity of the PG kernel, even when the algorithm is executed using a
misspecified model. We consider a sequence of parameters {7, T € N} that become increasingly
close to some “true” parameter 6, (in a sense that will be made precise in [Theorem 6l below),
converging at a rate 1/ VT. The rationale for this assumption is that we are considering the
large T regime and we can therefore expect 61 to be close to 6,. We discuss this further in
below. Note that, for a fixed observation sequence Yy.p (with finite T') we can instead

appeal to

(A-1) For all @ € ©, the kernel M? has a unique stationary distribution denoted as 7°.

In what follows, for § € © we let EZ and ]P’ﬁ refer to the expectation and probability, respectively,
induced on ((X x Y)N, (X ® ¥)*N) by a Markov chain {(X;,Y;),t € N} evolving according to
the state space model (M?,G?) starting with Xo ~ p. For simplicity, we write EY = Eze and
P? = ]P’fre. For 1 < s <t, we write

pﬁ,s(ys:t) = /pﬁ(yO:t)fi@(dyo:sq)

for the marginal probability density function of Yi. with respect to xk®(¢—s+1)
Define for all (¢,¢) € N x N*,

~ w? (Y} Y110l
Bf<§/:t:t+é> — | < t>|o<;|Q < t+1-t+2> |oo , (22)
p%t(}/t:tJrl)
~0 [ (V) oo [ MAzi41)9? (@41, Yig1) QP (Vigouqe) 1(wis1)
CY (Yeqe) = 5
p,u,t(}/%?t"rf)

; (23)
with, by convention,

BYY:) = [ (V) oo /05 (Ye) . CF (YVigsr) = [0 (V)] oo / Adwes1)g” (Tes1, Y1) /9, (Yersn) -

(A-2) There exists a constant o4 € RT and a nonnegative measure \ such that for all § € © and
(x,A) e Xx X,
MOz, A) <o \A) .

10



Denote by m?(x,-) the Radon-Nikodym derivative

0y .
m? (z,2') = %(m’) : (24)

Under the stationary distribution 7? is absolutely continuous with respect to \. Fur-
thermore, for notational simplicity it is assumed that the initial distribution p is absolutely
continuous with respect to X. By abuse of notation, we write 7% and p also for the correspond-
ing density functions.

(A-3) Forall @ € © and (z,2',y) € X2 x Y, m¥(x,2’) > 0 and ¢?(z,y) > 0.

(A-4) There exist constants (¢,, ) € N* x (0, 1) such that,

sup sup Eﬁ [(Ef(Y};tH))a] <oo, forallle{0,....0,—1}, (25)
teN €0
sup sup Ez {(5’?(3@;t+g*>)0‘} <00, (26)
teN 60

Theorem 6. Assume that|(A-1), |[(A-2), [(A-3), and|(A-4) hold. Let 0, € © and let {0p, T € N}

be a sequence of parameters such that

- O (Xo, X1)g" (X1,11)
lim sup TE%* [ln(m o ’ )] < 00 . 27
T~>oop m97(Xo, X1)g%7 (X1,Y1) 27)

o o (540

where p is the initial distribution used in the PG algorithm. Then, for all 0 < v < « (where « is
defined in|(A-4)) and for all sequences of integers {Nr}r>1 such that Ny ~ TY7, the sequence
{eilNT (01)}1>1, defined in (I8) is P%*-tight (bounded in probability).

Proof. The proof is postponed to [Section 7 O
Remark 7. For any 0 € ©,

Furthermore, assume that

D(0,]|6) = E* [ln (me*(XoaXl)g‘g* (Xlayl)ﬂ ,

m?(Xo, X1)g°(X1, Y1)
is the expectation under the stationary distribution ©% of the Kullback-Leibler divergence between
the conditional distribution of p?(X1,Y1|Xo) and p®(X1,Y1|Xo). Hence, D(04||0) > 0 for all

6 € © and D(0,]|0+) = 0. Assuming that 6, belongs to the interior of © and that the function
0 — D(6,]|0) is twice differentiable at 6., a Taylor expansion at 0, yields

D(6.]16) = 5 (6. — 0) H* (6, — ) + o( |6 — 6])

where HY is the Hessian of 6 +— D(0,]|0). Consequently, for regular statistical models, 1) holds
provided that 01 converges to 0, at a rate 1/\/T, i.e.,

oT:9*+QT/\/T7

where the sequence {or, T € N} is bounded: supps |lor| < oc.

11



Remark 8. It should be noted that our results do not cover explicitly the case when the sequence
{or, T € N} is stochastic. Still, we believe that our results hint at the possibility of obtaining
a non-degenerate lower bound on the minorizing constant also in the stochastic case, given that
{or, T € N} is tight, under conditions that are much weaker than the previously considered
strong mizing assumplion.

Remark 9. It is interesting to note that we do not require the initial distribution p to be equal
to %, but only that the Kullback-Leibler divergence 28)) is bounded. Hence, we may use a quite
arbztmry initial distribution and still obtain a sequence of inverse minorization constants that
is tight with respect to PV .

A straightforward generalization of the above result is to let the initial distribution belong to
a parametric family of distributions, {u? : § € ©}. The condition (28] should then be replaced

by
. o (Xo)
lim sup E%* [ln (u)] < 00.
T%oop /LHT (XO)

Allowing for the initial distribution to depend on 6 can be useful in some cases. For instance, if
the stationary distribution 7% is known it may serve as a natural choice for the initial distribution
used in the algorithm.

5 Examples

In this section we consider two examples to illustrate how the assumptions of [Theorem 6] can be
verified in practice. We preface the examples by a technical lemma, which will be very useful
for checking the assumptions.

Lemma 10. Let (Z, Z) be a measurable set and & be a measure on (Z,Z2). Let a € (0,1) and
let @, and q be nonnegative measurable functions, such that

/¢ dz) < (29)

/ 25 (2)g(2)€(dz) < (30)

/@%@&”@K@@<mw (31)

Proof. The result follows from Hélder’s inequality:

12



5.1 A nonlinear model with additive measurement noise

We consider first a class of nonlinear state space models where the latent process is observed in
additive noise,

X1 = b5 (Xy) + ow Wit (32)
Y;g = ¢Xt + O'UUt (33)

where {W,, t € N} and {U;, ¢t € N} are two independent sequences of i.i.d. standard Gaussian
random variables and {h¢,¢ € Z} is a parametric family of measurable real-valued functions,
where Z is a compact subset of a Euclidean space. We denote by 8 = (£, ¢,0u,0w) the pa-
rameters of the model. It is assumed that § € ©, where O is a compact subset of = x (0, 00)3.
We assume that for all £ € E,  +— hé(x) is continuous and sup,cz limsup, ., [h*(2)|/]z] < 1.
For any § > 0, we set Vs(x) = e®l. Tt is easily seen that there exist constants \s € (0,1) and
bs < oo such that

sup E? [V5(X1)] < AsVs(z) + bs (34)
0O

The Markov chain is strong Feller, Harris recurrent, all the compact sets are small, and the

Markov chain admits a single invariant distribution. Therefore, [(A-1)[ and |(A-2)| are satisfied.

Since both the transition density and the observation density are Gaussian, )| is also readily
satisfied. We will thus focus on verifying the moment assumption
First, note that

sup sup ES [V5(X;)] < AjVs (@) +bs(1+ X5+ + X51) < Va(a) +bs/(1 = Xs) - (35)
teN 0cO

We assume that the initial distribution p is such that u(Vs) < co. Therefore,

sup sup ]EZ [V5(Xy)] < o0 . (36)
teN €O

Interestingly for the model [B2)-(@3) it is possible to use the fully adapted proposal kernel
(Doucet et all, 12000) as defined in ({Il), for which

W (y) (') = / m (2, 2")g" (2", y)da”
1 o ( 1

- I

2n(¢?ody, + ofr) P 2(¢%cd, + o)

for all (z,2') e R xR, y € R, and 6 € ©. It can be seen that, for any § € © and any y € R,

(y—¢hf(x>)2> , (37)

e 1 1
0 0
z,y)de = -, and |w o ,
/700 g (@) ¢ [ il 2r(¢p?os, + of))

which implies the existence of constants D; and Dy such that

sup/ g‘g(x,y)dx <D;, and sup |w0<y>|OO < D,. (38)
0€e0 J - 6eO

Analogous bounds hold also if we would instead consider the bootstrap proposal (see ().
To verify we let £, = 1 and show that,

supsup Ef, | (B (¥i))"| < o0, supsupEf [(CF(Vis1))?] < o0, (39)
teN 0cO teN €O

13



for some (and actually any) « € [0,1). Consider first

Bl [(BY00)°] = [ o el < D5 [} 2y, (40)

where the inequality follows from (B8)). We apply [Lemma 10l to establish a bound for the right-
hand side of @0). Let v (y) = 1 and o(y) = 1/(1V |y|?). With these definitions the first
condition in ([29) is satisfied. To check ([B0), note that

TR (y) = (LV [y ™ < 1y

The integral in (B0) may be expressed as
/sﬂ‘ﬁ(yt)pﬁ,t(yt)dyt =E) [ (V)] = E), [E%, [¢" == (Y0)]] - (41)

Since Yy = ¢Xo + aUp, we get that for any = € X, Ef [p~ 74 (Yy)] < 1 +E [[pa + U2/(0-2)],
where U is standard normal. This implies that there exists a constant D3 such that, for all
x € Xandalld €0,

E} [¢7 5 (Y0)] < Ds(1 +Jaf**/0)). (42)
Plugging this into (A1) and using ([B)), this verifies the second condition in (B0). [Lemma 10/ can
thus be used to conclude that Ef, [(Ef <Yt>)o‘} < oo for all @ € (0,1). Since this holds for any

t € N and 6 € ©, we obtain the first part of ([B9)).
Next, we consider

lw? (Y% (f 9% (wes1, Y2+1)d$t+1)a
{00 :(Yerr1)}

< DyD3 //{Pz,t(yt:tﬂ)}kadyt:tﬂ .

E, (@6)(3@:#1»&} =E,

We will again make use of [Lemma 10/ to bound this quantity. Proceeding analogously to above,
we let 9 (yo,y1) = 1 and

Pl ) = 7 ! (43)

vV vl
for which ([29)) is satisfied. To check [B0]), we use the conditional independence of the observations
given the states and 1)) to get, for any 6 € ©,

// (p_ﬁ(yt:t-i-l)pﬁ,t(yt:t-i-l)dyt:t-i-l = Eﬁ [Eﬁ [@_&(Y}:H—l) | Xet41]]
_2a 2a 2a 2a
< B [B%, [1+ Yol ™| Bk, [1+¥ol™]| < DIEL |1+ 1% ™5)(1 + | Xon | 55)] .
From the Cauchy-Schwarz inequality we get, by using (B4,

Sup sup Eﬁ [gfﬁ(YmH)] < Dg sup sup EZ {(1 + |Xt|13_aa)2} <00,
teN €O teN €O

This shows that (B0) is satisfied for any ¢ € © and any ¢ € N which, by [Lemma 10l implies
SUpen SUPpeo EY [(6’?()@;”1})0‘] < oo for all « € [0,1), verifying |(A-4)|

Provided that 7 converges to 6, at a rate 1/v/T (see Remark 7)), we may therefore apply
[Theorem 6] which shows that for any v € (0,1), {eilNT (07)}r>1 is tight with Np ~ T1/7.
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5.2 A stochastic volatility model

The canonical model in stochastic volatility for discrete-time data has been introduced by
Taylonl (1982) and worked out since then by many authors; see [Hull and Whitd (1987) and
Jacquier et all (1994) for early references and [Shephard and Andersen (2009) for an up-to-date
survey. In this model, the hidden volatility process, {X;, t € N}, follows a first order autore-
gression,

Xiy1 = 0 Xy + oW, (44)

where {W;, t € N} and {U;, t € N} are white Gaussian noise with mean zero and unit variance.
The error processes {W;, t € N} and {U;, t € N} are assumed to be mutually independent. We
denote by 6 = (¢, 0, 8) € O, where © is a compact subset of (—1,1) x (0, oo)2. For § > 0, denote
by Vs(z) = ¢®l*l and let p an arbitrary distribution on (R, B(R)), for which u(V;) < oco.

For this model the transition kernel and the likelihood of the observation are given by

m?(z,2') =

\/21r7 exp (—2}7(:10' — ¢x)2) and (46)

1 2 2 —x

0 —(x/24+(y"/28%)e™ ")
T,Y) = —————e
g’ (z,y) on 2 32

respectively. For any 6 € O, the autoregressive process {X;, ¢t € N} has a unique stationary
distribution 7%, which is Gaussian, with mean 0 and variance o2/(1 — ¢?). Hence, is
satisfied.

We consider the bootstrap proposal kernel as defined in (1), in which case

, (47)

w(y)(z,2") = ¢%(2',y), forall (r,2/) ERxRandy€R. (48)

Note that, |w’ (y)|.. = |¢°(-,¥)|s- Assumptions[(A-2)|and[(A-3)]are readily satisfied. We finally
check |(A-4)| Tt is easily shown that, for all § € ©,

> D 1 [ e w/?
oz, dx:—l, D::—/ du 49
[ o= o=l ST )
1

D
sup ge(x,y) -2 , Dy := . (50)
zER |y| 27e

Similarly to [Section 5.1 we will check [(A-4)| with ¢, = 1, i.e., we show that

sup sup Ef, [ (B (¥i))?| < o0, sup supEf, [(Cf(Vis1))"| < o0, (51)
teN €O teN 0cO

for any o € (0,1). Note that we cannot expect (BIl) to hold with o = 1 since,

|w’ (¥s)

| (o8]

pz,t(Y;f)

We now turn to the proof of (GIl). Note first that

~ 1
E}, {Bfﬁ’tﬂ =E, = /Supge(w,y)dy = Dz/mdy =o00.

z€R

E? X
lim sup sup M

= O,
2|00 00 V()
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and for any M < 00, Sup|, < SUPgeo EY [V5(X1)] < co. Therefore, there exist constants \s €
(0,1) and bs < oo such that, for all x € X,

sup E? [V5(X1)] < AsVs(z) + bs . (52)
0O

Analogously to ([B3]), this implies that, for all § > 0,

supsup EY, (Vs (X,)] < u(Vs) + b/ (1 = Ag) < 0. (53)
teN 0cO

Using @8) and (E0), we get
) [(BY0i)*] = [ 10wl (el (w0~ < D5 [l 0w} . (50)

We apply [Lemma 10 to establish a bound for (G4]). Consider the functions ¢ and ¢ given by

V(y) =1/lyl, (55)
Y
( |y||z2/|v -, with 17_61& <1, 0<~y<l1. (56)

With these definitions, we get

Lyl

———dy < © ,
lyl ly|* v 1

/ (y)Y(y)dy =

showing that the first condition in (29]) is satisfied. We now check (B0):
[ wpl (o) = B [B, [0 75 05)]] 67)

Since Yy = Bexp(Xo/2)Up it follows that E? [~ 7= (Yy)] = E [¢~ 7= (8e”/2U)] where U is
standard normal. We have

E B2e*U? Vv 1 =
Brevz/2|U |
< E [(ﬁeiﬂ/2|U|)_% ]]-{B\U|cm/2§1}:| + E [(6281U2)ﬁ1{ﬁ|U\0w/2>1}}
< (8eF)"TRE [JU[TF] 4 (8%7) W E [[U] 175 |
Since ya/(1 — @) < 1 it holds that E [|U|*%} < oo and, additionally, E [|U|13—"a} < 00,
Therefore, there exist constants D3 < oo and ¢ > 0 such that, for allz € R and 6 € O,
E; [@_&(Yo)] < D3el®l = DyVs(x) . (58)

Using (B7), (E8) and (B3) verifies the second condition in ([B0). [Lemma 10 can thus be used to
conclude that Ef, [(Ef()@)o‘} < oo for all a € (0,1). Since this holds for any t € N and 6 € O,
we establish the first part of (&II).
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We will now check that, for all o € (0, 1), Ef, [(@9 <Yt;t+1>)o‘} < 0o. Using (@3) and (B0, we
get

Ej, [(@0 <Yt:t+1>)a} =E’

[w? (V)% (f 9% (weq1, Yegr)dweqr)”
(00 (Yeer41))®

:/ |’ (ye)] % (/99($t+17yt+1)d33t+1) P+ (Wers1) ' AYretga

< D?Dg/ |ytyt+1|_a(PZ,t(yt:t+1))1_adyt;t+1- (59)
We use again [Lemma, 10l with
$(yo,y1) = lyol "y |~ (60)
. ol
Yol ' Y1
P(Yo:¥1) = oo o (61)
(o V1) (¥ V1)

with ya/(1 — ) < 1 and v € (0,1). Note first that

/ / (o, y) (g0, v )dyos = / / {Qwollyt ) G2V D2V 1)} dyor <00 (62)

Hence, (29) is satisfied. We finally check (B0). Using the conditional independence of the
observations given the states and (58],

// (p_ﬁ(yt:t-‘rl)pﬁ*t(yt:t-i-l)dyt:t-i-l = Eﬁ [Eﬁ [‘P_ﬁ(yt:tﬂ) | Xeea4a]]

preovtvINTT| o, [ gy NTE sl
BerXo/2|U|Y Ko |\ BerXo/2|U ]y = 73 :

Using (B2]), we get, from the Cauchy-Schwarz inequality,
R? {e[s|xt|ea\xt+1|} < (Ee {emxtq E? {e2§|Xt+lq)1/2
1 =\ I J

Applying (B3) with § replaced by 26 yields (80). Using [Lemma 10| thus establishes (&I and

thereby, [(A-4)| holds.
Provided that 67 converges to 6, at a rate 1/v/T (see Remark 7)), we may therefore apply

[Theorem 6] which shows that for any v € (0,1), {eilNT (07)}r>1 is tight with Ny = T1/7.

=E l}Eﬁ(t

6 Proof of [Theorem 1l

We will now turn to the proof of the minorization condition in [Theorem 1l As in the statement
of the theorem, we will not explicitly indicate any possible dependence on unknown model
parameters in the notation in this section. This is done for notational convenience and is
without loss of generality. Throughout this section, P and E refer to probability and expectation,
respectively, with respect to the random variables generated by the PG algorithm. The proof is
inductive and follows from a series of lemmas.

Lemma 11. Let X >0 and Y > 0 be independent random variables. Then,



Proof. Since f(y) = 1/y is convex on y > 0 the result follows by independence and Jensen’s

inequality. O
Lemma 12. Let f and h be nonnegative measurable functions. Fort € {0,...,T —1}, we have
B Z]'V L Wi f (Xg1) }—N]
t
Zivlwt-i-lh(Xt-i-l)
i wi [ Qf Yt+1>(Xtad$t+1)f(X8:t=$t+1) (63)
S wf [N )h(X]) + w7 5up(y w0V 1), 2)h(a)]
and N _
> im0 w0 (Xo) (N —Dp(g(- ¥0)f())
E | &0 20 > : (64)
SN pwih(XE) | T (N =2)u(g(, Yo)h(+)) + 2sup,[w(Yo) (2)h(z)]

Proof. Using that

Wt+1h(Xt+1) + wt+1h(Xt+1) <2 (SUP)w<Yt+1>(9C €T )h(x’) )

and that the weighted particles {(X; ;,wj, )}~ ;" are conditionally ii.d. with respect to 7}V,
we get

N i i N—-1
E[Z 1wt+1f(X0t+1) N> E E =1 wt-‘,—lf(XOt—i-l) ]_-N]
N t = N t
die 1wt+1h(Xt+1) D e 1Wt+1h(Xt+1)
wt-i—lf(XO:t-i-l)

> (N—l)El S _
Z’L 2 wt+1h(XtZ+1) +2Sllp(m)$/)’LU<Y;§+1>(.’L',.’L'/)h(£L'/)

}‘tN]
E [Wt1+1f(X(}:t+1) |]:tN]
BN wh hXE ) | FN | + 2sup(, oy (Vi) (@,27)h(a’)

where the last inequality follows from [Cemma 111 Consider first the numerator in the right-hand
side of (G3). We have

> (N-1)

1 )
[Wt+1f(Xo 1 “Ft |= E Zwt/ (Vi) (XY, dagyr)w <Yt+1>(XtaIt+1)f(X(J);taIt+1)
=1 t j=1
E RIS S [ Qi) (X i) (G i) (66)
=1 t j=1

We now consider the denominator in the right-hand side of (65):

N-1

Z w§+1h(Xf+1)
i=2

]:tN‘| =(N-2)E [wt1+1h(Xt1+1) ‘ -FtN}

= (N — WtQYtl X
( let; )h(X7)

where the last identity follows from (G6) with f(zo.t4+1) = h(xt+1). The proof of (@3] follows.
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Consider now (64). Since the particles { X4} 7! are i.i.d., we obtain, using again [Cemma 111

. lzf_l whf (X3) Wb (X3)
SN wih(XE) + 2 sup, w(Y) (x)h(z)
(N —1E [wh f(X)]

T E XS wih(x))] + 25up, w(Yo)(@)h(a)

>y, wéh(X@] = (D

The numerator is given by

E [wdf(XD)] = / ro(Yo) (do)w (Yo} (0) f (o) = / (o) (o, Yo) f (o) -

Similarly, we get

E

N-1
> w3h<xs>] — (¥ = 20 [w3h(X)] = (V= 2) [ n(dso)glan, Yolh(as)

O

Define a sequence of nonnegative scalars {3;}1_, by the backward recursion: Br = [w(Y7)]|,
and fort=T-1,T—2,...,0,

T—t

-1
B = lw(¥i)| {N2— 1 Z (x : ?) Bere |Q(Yeg1:t+e-1)1 o0

=1
T—t
+ <%) |Q<Yt+1:T>1|oo} . (67)

Given {B:}L_, define the functions {h;}]_, h: : X — Ry, by the backward recursion: hy =1
and, forallt =T —-1,T—2,...,0,

ht X = ht(l') = % Q<Y2+1>ht+1 (ac) + %ﬁﬂ.l . (68)

By solving the backward recursion, (68)) implies

N -1 N -1 N -1
=1

T—t —1 T—t
ha(w) = Z(N _2) 6t+ecz<n+1;t+g_1>1<x)+(ﬂ) QWina)i(@) . (69)

For D € X®T*Y set fr(zo.r) = Lp(xor) and, for t =T —1,T = 2,...,0,

fi(zor) = / Qi1 (e, dzegn) frn (o) (70)
or equivalently,
T—t
feo) = [ [T QWessdossor.doern) o (oor) (71)
/=1
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Lemma 13. For any D € X®T+1),

i, whlp(XEr) (N = 1D)p,(Yor)
E|== = = 7 (Yor)(D) .
S N = 2g(- Yoo () + 28, 07 or (D)
Proof. Note first that, by construction,
Yl wh Y whhr(XE)

We now show that, by backward induction, for all ¢ € {0,...,T — 1},

E [Zf\il Wti+1ft+1(Xé:t+1)] SE [valwift(Xé t)] '

(73)

E

N o i
Dic1 Wil (XG4 0) Zz 1 wihe(X3)
To obtain (73)), note first that the tower property of the conditional expectation, [Lemma 12|
and ([Q) imply
N i i N i i
Zi:1 Wt+1ft+1(X0:t+1)1 - F [E [ E’L:l wt+1ft+1(X0:t+1) ]_-Nll
N i i B N P t
D1 Wiprher1(Xigy) D1 Wiprher (Xigy)
N i
>iz1 wWife(Xo.)
S wi [%Q<}/ﬁ+l>ht+l(‘xti> + 7 SUP oy W (Yeg1) (2, l”)ht+1($')}
By the triangle inequality, it follows directly from (G7) and (69) that

>E

sup w(Yo)(x)ho(z) < Bo , (74)
Su9w<n+1>($7$/)h’t+l(x/) < ﬂt+l ) te {Oa s 7T - 1} . (75)

Combining the inequality (75]) with the definition of h; in (68]) yields

N
N2 . 2
Zwt [HQ<Yt+1>ht+1(Xt) + ] (sup)w(Yt+1>(3: 2 Vhiyq (") ] < Zw ,

=1

showing (73). Combining (73) with (72) and using [Lemma 12+(64) establishes that

iy @il (Xir) Yl wsfo(XD) | L (N = Dulg(, Yo fo()
SN wi S whho(XE) | T (N = 2)u(g(+, Yo)ho(+) + 280

where the last inequality stems from (74]). The proof is completed by noting that

w(g(, Y0) fo()) = bu,00 (Yor)(D)p, (Yo.r) -

E >E

O
Finally, to prove [[heorem 1lit remains to show the following.
Lemma 14. With By r defined as in ([I4), it holds that
T
2By 7+ N -2
(N =2)u(g(-, Yo)ho(+)) + 260 < (N — 1)p,(Yo.r) H t]TV——ll : (76)
t=0
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Proof. Define for t € {0,...,T},

Be

= ——,
‘ pu(}/t:T|YO:t71)

(77)

with the convention p,,(Yo.r|Yo.—1) = p,(Yo.7). In particular, ap = Bo/p,(Yo.T).
Eq. (67) implies

|’LU<Y « < )EIQ |:|Q<}/t+13t+l1>1|oop#(}/t+E:T|}/O:t+El):|
£
t 1 a PM(Yt:T|Y0:t—1)

N (N— Q)T_t 1Q(Yit1:1)1]|
N-1 P (Yer|You—1) |

Pu(Yirer|Youre—1) 1

p‘u(YVt:TD/O:t—l) N P#(Y;t:t-i-é—l |Yb:t—l)
and the definition in (I4)) imply that

Tt -1 T—t
2 N -2 N -2
< —_— .
at_Bt,T{N_IZ<N_1) Oét+é+<N_1) } (78)

=1

Z:

The identity

By a backward induction, define the sequence {a;}7_, as follows: set a1 = By r and
T—t

2 —[(N-2\""_ N-2\""
N—1;;<N—1) CM%+(N—1) ' (79)

Since by construction, ap < Brp = &rp, an elementary backward recursion using (78)) shows
that,

&y = By 1

for allte{O,,T}, O[tSONét. (80)
However
) 5 [ 9 Tirl <N_2>z1~ . (N_2)Tt+1‘|
a1 =By a1 | ~ Qqp—1 —
N-1 & \N-1 N-1
B 5 . 5 TZt /N _o\F N N 9\ Tt
= _ « (87 -
TN TN T \N-1) TN -
2By 171 N—-2 o
= B;_
N1 TP I,
Bi_y7 |2Bir N -2 i
By [IN—1 N—-1|""
Therefore
2B N —2
Oéo—BOTH tT+ (81)

Now, since

s—1 T
ho(:v):N2_1522<x:i> 5. + (23 ) Qi)



we have

T s—1 T
o 1te0) = g 3 (F=a ) Bl + (3= pulbo)

s=1

Plugging ([T7) into this equation and using that

pu(}/O:T)
pu(YO?S—l) - p#(YS:T|YOJS—1)
yield
2 /N -—2\! N_o\7
U(g(vifo)hO()) = N _1 Z (N — 1> aspu(}/():T) + (m) pu(}/O:T) .
s=1

Finally, using (80) and then (79),
(N =2)p(g(:, Yo)ho(+)) + 20

T s—1 T
2 N -2 N -2
< . — R—
_p#(}/O.T){(N 2) N—l;(N—l) as—l—(N_l) +2040}
T s—1 T
2 N -2 N -2
< Yo. N -2 g —_— 20
< pul o.T){( )[N—1;<N—1) a+(N—1> + Oéo}
Qo -
< ) (N =252 + 2
T
2Bi7+ N -2
=, (Vo) =2+ 2Bo7) [ [ = F— -
t=1
where the last equality follows from (§I]). The proof follows. O

7 Proof of [Theorem 6l

Define
= (V)] | Q% (Vg1 10)1]
BY (Vo) = 1Y Tt Sloo 82
¢ (Youe) P8 (Yitre[Yoi—1) (82)
~ oY, A(d 4 Y; (Viio. 1
GO (Vouss) = [w” (V)| oo | A( $t+1)99 (41, Yey1)Q (Yer2:t40)L(Ti41) ' (83)
P8 (Yeerre|Yo—1)
Note that
0 0
5 = Pyt (Yeetre) ~ =~ 2% (Yette)
By, = By, — T and CUYG. = Oy, e
¢ (Youre) tl t't+é>pfb(yt:t+z|Y0:t71) ¢ (Yore) vl t't+€>pZ(Yt:t+e|Y0:t71)
(84)

where B (Yi.y1¢) and C?(Yy.y4¢) are defined in @2) and (@Z3), respectively.

Lemma 15. For all 0 € O, the sequence {6?()”0:,5”)}@0 defined in [83)) is a (]P’f“ {Fireyeso0)-
martingale, where Fy = o(Yo.t).
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Proof. For all ¢ > 0,

E, [6150<}/(J:t+6+1> ‘]"wre} = [’ (Y2) / {PZ(yt+e+1|Y0:t+£)

" S A dze41)9% (es1, Yey1)QF (Yegoire) (g1, dwege) Q% (Yeog1) L(wetr)
P8 (Yetve Yever1|Yor—1)

“(dyt+£+1)} .

Combining this identity with
pz(Yt:tM, yt+e+1|YO:t71) = pZ(yt+l+1|Y0:t+e)pZ(Yt:t+l|YO:t71) ,

and [ Q% (yryey1)1(zeye)r(dyiser1) = MP(2z440,X) = 1, we obtain

Eﬁ [@0<Y0:t+é+1> ‘]:t-i-é}

_ W (Yy)| oo [ Mdzi11) 9% (e41, Yig1) QP (Yigaise) 1 (w41)
pﬁ(y;ﬁzt—i-dYO:t—l)

which completes the proof. O

= C (Youre)

Lemma 16. For all0 <~y <1 and all { € N,
Ef, |(BY (You))"] < Ef (B (Vewse))] (85)
B, [(CF (Youre))] <EL (@0 (Yiara))] - (86)
Proof. Using ([84]), the proof of (85) and (86l follow from the inequality:

Y (Yerre) ]< 9[ (Yietre)
{pﬂ(Y't:H-AYO:t—l)}’Y - {pfht(y;fzt—i-f)}’y

which holds for any nonnegative measurable function 1 : Y — R*. We now show (B7).
Note first that, by applying the tower property of the conditional expectation and then the
1/}(}/15:t+6) 1/)(}/,5:t+4)

Tonelli-Fubini theorem, we get
=EY
{pz(}/t:tJrZD/O:tfl)}’y . {pZ(}/t:terYO:tfl)}’Y

= EZ {/¢(yt:t+z) {pZ(yt:t+z|Yo:tfl)}17’Y Ii®(€+1)(dyt:t+z)}

0
©w

, (87)

EG

6
Iz Eu

}/O:tfl

= /w(yt:tH)EfL [{pfb(yt;we%:t—l)}l_q K (dypire) . (88)

. . - 1—
By the Jensen identity, IEZ [{pz(yt:t+g|Y0:t,1)} 7} < {EZ [pZ(yt;t+g|Y0:t,1)} } 7. On the other
hand,

EY (90 (yere|Yor—1)] = /pﬁ(yt:t+é|y0:t—1)PZ(yo;t—1)Fé@t(dyo:t—l) = (Yeese) - (89)

The proof of (87) follows by combining the above relations.
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Lemma 17. Assume|(A-2) and|(A-4)} Then, for all0 < v < a,

¥
sup sup Eﬁ [<sup Bf <}/0;t+g>) ] < 00.
t>0 6O >0

where « is defined in|(A-4)
Proof. Under [[A-2)] we obtain by definitions of B (Yg.41¢) and C?(Yo.s40),
6,-1 6,-1

sup Bf (Yo.r) < Z B (You) + sup Bf (Yo.s) < Z BY (Yo.ty0) + 0y sup Cf (Your10)
>0 = >0, = A

where o and ¢, are defined in|(A-2)|and [(A-4)] respectively. Then, by subadditivity of u +— u?,
£,—1

o [(sp B0 ) | < 3 B (B 00100 + (02 BL [ @0 0o0s

Applying [Lemma 16l and (28, it is thus sufficient to bound

B [sup (@ Yoren))"]
>0,

Since by [Lemma 15 {6’?(Y0;t+g>}k20 is a {Fi+r}e>o-martingale and o € (0,1), we have that

{(C{Yo.140))* }e>0 is a nonnegative {F;i¢}e>0-supermartingale. The Doob maximal inequality

then applies: for all a > 0,

aPZ [Sup(af<YO:t+l>)a >a
>0,

ft+e*1] <E;, [(af<Y0:t+e*>)a }ftu*fl] -
Take now the expectation in both sides of the previous inequality and set § = a?/®*. We obtain

P, [;gyéfthW > 5] < 671EL [(C (Youse.))?]

Combining this with the inequality E [U] <1+ [°P[U > 4] d§ which holds for all nonnegative
random variable U, we obtain under |(A-4)|

) | (@ oue)| < 14 ( [ 620708} BL [(@F (ore )]
ZLx 1

Y ~ @
=1+ CV—-WEZ [(Cf<Y0:t+z*>) } :

The proof follows by applying again [Lemma 16 under |(A-4)} O

Proof of [Theorem @. For simplicity we will use in this proof the notations p?(Yo.;) := pfr@ (Yo:t)
and p¥(Yus|Yoi—1) = p%o (Yiis|Youe—1). First note that

_ 564 50+ (Y. ot (Y5, or (V7.
PG*{pe 0T >p}—P0* w2 Qor) | o Oor) gy o or)
i (Yo.r ot (Yo.r) % (Yor) 2% (Yo.r)

B 50+ (Y, Or (Y5,
< PO+ lnpe (O'T)+]i‘;(O'T)—1>lnp—1 '
Pt (Yo.r)  p% (Yor)



Now, since for all u > 0, In(u) + u~1 — 1 > 0, we obtain for for all p > e = exp(1):

PO~ {1_79* (Yo.r) S p} < 1 0. 1n139* (Yo.1) +pZT(Y0:T) 1
pir (Yo.r) " Inp-—1 i (Yor) PO (Yor)
—0,
1 Eg* |:1n pe (}/OT):| )
lnp -1 p,LLT(}/O:T)
This implies that for all M > 0 and all p > e,
B (e, (0r) > M) < B | 22001) 1 + B {Z_’e*( or) p}
= _ —1
T,Nt 1] pZT (}/O:T) {:ﬁ%gp} {GT,NT (GT)>M} pZT (Y )
I P (Yor)
< p]PJ T {e Or) > M} E%- [ln
i (0r) 10 | (Vo)
_ 1 0+ (YO'T)
< ppfr [6 L (07) > M} + (su Ef~ [lni' . 90
=P 1% T,NT( T) 1np 1 T>13 (YO T) ( )

We consider first the last term of the right-hand side. Note first that, by the tower property,
T
_ Xo.1|Y¢ Y
E% [ln "(XorlYor ] = / /( ‘(zor] OT))pe*(iﬁo:ﬂYo:T)H)‘(d%) >0
pi (Xor|[Yo.r) pi (zor [Yo.r) 0

because this quantity is the expectation under the stationary distribution of a Kullback-Leibler
divergence. This implies that

_ 70 Y _ B ~0, Y _ ~0, X Y _ =0, _X Y
RO [m#] <E% |1 199(702”} 1o [mp@ (Xor| O.T)} — O {lnpe (Xo.r, o.:r)}
" (Yo.r) i (Yor) pi" (Xo.r|Yo:r) pi’ (Xo.r, Your)

On the other hand, using

- {m " (Xor, Yor) |
Ot
pu” (Xo.r, Yo.r) |

= bR e ()

we obtain, under ([27) and (28], that

_ 50+ (Y.
sup E% {ln w] < 00. (91)
720 pu’ (Yor)
Assume first that
lim sup sup]PJ T |:€TN (0r) > M} =0. (92)
M—so0 T>0

The proof of the tightness of {ei ~np(07)}7>0 then follows by plugging (@) into (@0) and by
noting that (@0) holds for all p > e, combined with ([@2]). To complete the proof, it thus remains
to show ([@2). Rewriting the definition (I6l), we obtain

T 6 T 6 6
) 2BIT + Ny — 2 9BIT + Ny — 2 2BIT — 1
1 < t — g o= oL 2 < E ==t - .
erv; (07) < Nr—1 exp{t_01n< Nr—1 >} _exp{ — Nr—1 }
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where B} := sup,s BY(Yy.4¢). This implies that for M > 1,

2B — 1 2B — 1\
Z Nr—1 >1DM] ) Mv E, KZ Nr—1 ) ]

The proof of ([@2) follows by noting that Ny ~ T/7 and by using

PyT [ET Np (07) > M} <PiT

T 0 v T 0
_,2B;T -1 S (2BT)Y
]EGT Zt—o t < EHT t=0 t < 27 E9 B(-) lo%
' ( ey B e e b P CE
where the last inequality follows from [Lemma 17 O
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