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A hidden Markov model (HMM) is a stochastic process { X, Y} i>0 in X x Y,
where the state sequence { X}, }x>0 is a Markov chain and where the observations
{Y%}x>0 are independent conditionally on {Xj}r>0. Moreover, the conditional
distribution of Y}, given the state sequence depends only on X;. The sequence
{Xk}r>0 being unobservable, any statistical inference task is carried out using
the observations {Y} }r>0. These HMM can be applied in a large variety of dis-
ciplines such as financial econometrics ([24]), biology ([7]) or speech recognition
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Abstract

The Expectation Maximization (EM) algorithm is a versatile tool for
model parameter estimation in latent data models. When processing large
data sets or data stream however, EM becomes intractable since it requires
the whole data set to be available at each iteration of the algorithm. In
this contribution, a new generic online EM algorithm for model param-
eter inference in general Hidden Markov Model is proposed. This new
algorithm updates the parameter estimate after a block of observations is
processed (online). The convergence of this new algorithm is established,
and the rate of convergence is studied showing the impact of the block-size
sequence. An averaging procedure is also proposed to improve the rate of
convergence. Finally, practical illustrations are presented to highlight the
performance of these algorithms in comparison to other online maximum
likelihood procedures.
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The Expectation Maximization (EM) algorithm is an iterative algorithm
used to solve maximum likelihood estimation in HMM, see [12]. The EM algo-
rithm is generally simple to implement since it relies on complete data compu-
tations. Each iteration is decomposed into two steps: the E-step computes the
conditional expectation of the complete data log-likelihood given the observa-
tions and the M-step updates the parameter estimate based on this conditional
expectation. In many situations of interest, the complete data likelihood be-
longs to the curved exponential family. In this case, the E-step boils down to
the computation of the conditional expectation of the complete data sufficient
statistic. Even in this case, except for simple models such as linear Gaussian
models or HMM with finite state-spaces, the E-step is intractable and has to
be approximated e.g. by Monte Carlo methods such as Markov Chain Monte
Carlo methods or Sequential Monte Carlo methods (see [6] or [5, 14] and the
references therein).

However, when processing large data sets or data streams, the EM algo-
rithm might become impractical. Online variants of the EM algorithm have
been first proposed for independent and identically distributed (i.i.d.) observa-
tions, see [4]. When the complete data likelihood belongs to the cruved expo-
nential family, the E-step is replaced by a stochastic approximation step while
the M-step remains unchanged. The convergence of this online variant of the
EM algorithm for i.i.d. observations is addressed by [4]: the limit points are
the stationary points of the Kullback-Leibler divergence between the marginal
distribution of the observation and the model distribution.

An online version of the EM algorithm for HMM when both the observations
and the states take a finite number of values (resp. when the states take a finite
number of values) was recently proposed by [26] (resp. by [3]). This algorithm
has been extended to the case of general state-space models by substituting
deterministic approximation of the smoothing probabilities for Sequential Monte
Carlo algorithms (see [2, 9, 22]). There do not exist convergence results for
these online EM algorithms for general state-space models (some insights on the
asymptotic behavior are nevertheless given in [3]): the introduction of many
approximations at different steps of the algorithms makes the analysis quite
challenging.

In this contribution, a new online EM algorithm is proposed for HMM with
complete data likelihood belonging to the curved exponential family. This algo-
rithm sticks closely to the principles of the original batch-mode EM algorithm.
The M-step (and thus, the update of the parameter) occurs at some deter-
ministic times {T}},>1 i.e. we propose to keep a fixed parameter estimate for
blocks of observations of increasing size. More precisely, let {T)}r>0 be an in-
creasing sequence of integers (Tp = 0). For each k > 0, the parameter’s value
is kept fixed while accumulating the information brought by the observations
{Yr,41,--- . Y7, }. Then, the parameter is updated at the end of the block.
This algorithm is an online algorithm since the sufficient statistics of the k-th
block can be computed on the fly by updating an intermediate quantity when a
new observation Y;, t € {Ty, + 1,...,T+1} becomes available. Such recursions
are provided in recent works on online estimation in HMM, see [2, 3, 9].



This new algorithm, called Block Online EM (BOEM) is derived in Section 2
together with an averaged version. Section 3 is devoted to practical applications:
the BOEM algorithm is used to perform parameter inference in HMM where
the forward recursions mentioned above are available explicitly. In the case of
finite state-space HMM, the BOEM algorithm is compared to a gradient-type
recursive maximum likelihood procedure and to the online EM algorithm of [3].
The convergence of the BOEM algorithm is addressed in Section 4. The BOEM
algorithm is seen as a perturbation of a deterministic limiting EM algorithm
which is shown to converge to the stationary points of the limiting relative en-
tropy (to which the true parameter belongs if the model is well specified). The
perturbation is shown to vanish (in some sense) as the number of observations
increases thus implying that the BOEM algorithms inherits the asymptotic be-
havior of the limiting EM algorithm. Finally, in Section 5, we study the rate of
convergence of the BOEM algorithm as a function of the block-size sequence.
We prove that the averaged BOEM algorithm is rate-optimal when the block-
size sequence grows polynomially. All the proofs are postponed to Section 6;
supplementary proofs and comments are provided in [20].

2 The Block Online EM algorithms

2.1 Notations and Model assumptions

Our model is defined as follows. Let © be a compact subset of R%. We are
given a family of transition kernels {Mp}gco, Mp : X x X — [0,1], a positive
o-finite measure p on (Y,)), and a family of transition densities with respect
to u, {ge}oco, go : X XY — Ry. For each § € O, define the transition kernel
Ky on X XY by

Ky [(z,y),C) % / 1o(2,y') go e o) pldy’) My (x, da’)

Denote by {Xk,Ys}r>o0 the canonical coordinate process on the measurable
space ((X x Y)V, (X ® Y)®N). For any 6 € © and any probability distribution
x on (X, X), let PX be the probability distribution on ((X x Y)N, (X ® Y)®N)
such that {X}, Y} }r>0 is Markov chain with initial distribution P} ((Xo,Yp) €
C) = [1c(z,y) go(z,y) p(dy) x(dz) and transition kernel Ky. The expectation
with respect to Py is denoted by Ej. Throughout this paper, it is assumed
that the Markov transition kernel Ky has a unique invariant distribution 7y
(see below for further comments). For the stationary Markov chain with initial
distribution 7y, we write Py and Ey instead of Pp? and Ej?. Note also that the
stationary Markov chain {Xj, Yi}r>0 can be extended to a two-sided Markov
chain {Xk, Yk}k€Z~

It is assumed that, for any 6 € © and any = € X, Mpy(z,-) has a density
mg(x,-) with respect to a finite measure A on (X, X'). Define the complete data



likelihood by

T-1
def
po(zor, yor) = go(o,y0) [ [ me (@i, ziva)ge (@i, yirn) (1)
=0

where, for any u < s, we will use the shorthand notation x,.s for the sequence
(Ty, -+ ,xs). For any probability distribution x on (X, X), any 6 € © and any
s <u<wv<t, we have

E?Q( [f(Xuv)‘Yst] = /f(xu:v)(bg)u;ﬂszt(dxu:v) ’

where %‘ wlsit is the so-called fixed-interval smoothing distribution. We also
define the fixed-interval smoothing distribution when X ~ x:

E)GOS [f(Xu:v)|Ys+1:t]
_ fHE:5+1{m9(75i71ami)g9(xivYi)}f(xu:v)X(d$8))‘(dms+1:t)
fH§:s+1{m9(1’i717xi)ga(xi»E)}X(dxs))‘(dxﬁrl:t)
Given an initial distribution y on (X, X) and T + 1 observations Y., the

EM algorithm maximizes the so-called incomplete data log-likelihood 6 — %"T
defined by

(2)

def

%,T(Y) = IOg/Pe(mo:T,Yl:T)X(dCEo))\(dxl:T) . (3)

The central concept of the EM algorithm is that the intermediate quantity

defined by

60— Q0,0") o Ey, [log po(Xo.1, Y1i.7)|Y1.7]

may be used as a surrogate for £} .(Yo.7) in the maximization procedure. There-
fore, the EM algorithm iteratively builds a sequence {6, },>0 of parameter es-
timates following the two steps:

i) Compute 6 — Q(0,6,,).
ii) Choose 6,11 as a maximizer of 6 — Q(0,6,,).

In the sequel, it is assumed that there exist functions S, ¢ and ¢ such that (see
A1 for a more precise definition), for any (x,z') € X? and any y € Y,

mo(x,2)go (2, y) = exp{$(0) + (S(z, ., y),%(0))} -

Therefore, the complete data likelihood belongs to the curved exponential family
and the step i) of the EM algorithm amounts to computing

T
0 Q(6,0,) = 9(0) + <; STEY, [S(Xe-1, X0, Y0 Vi) 7w<9>> ,



where (-, -) is the scalar product on R? (and where the contribution of gg(zg, Yo)
is omitted for brevity). It is also assumed that for any s € S, where S is
an appropriately defined set, the function 8 — ¢(0) + (s, (6)) has a unique
maximum denoted by 0(s). Hence, a step of the EM algorithm writes

T
_ (1
O =0 <T ;E;‘ [S(th,Xt,Y;)YLTQ :

2.2 The Block Online EM (BOEM) algorithms

We now derive an online version of the EM algorithm. Define SX7(0,Y) as
the intermediate quantity of the EM algorithm computed with the observations
YTZTJr’T:

T+T1

a det 1

SYTO.Y) = = D0 By [S(Xemn, X0, V) [Yranas] ()
t=T+1

where E;"T [|Yr41.7+-] is defined by (2). Let {7, }n>1 be a sequence of positive
integers such that lim,,_,, 7, = 400 and set

and Tp & 0; (5)

e
g
NE

=

k=1

T, denotes the length of the n-th block. Given an initial value 6y € ©, the
BOEM algorithm defines a sequence {6,,},>1 by

9n déf é[snfl] ) and Snfl déf §$:717Tn71(9n*17Y) ) (6>

where {xn }n>0 is a family of probability distributions on (X, X). By analogy to
the regression problem, an estimator with reduced variance can be obtained by
averaging and weighting the successive estimates (see [19, 28] for a discussion

on the averaging procedures). Define g 410 and for n >1,

n

def 1
Yn = T—ZTJ‘SJ‘,1 . (7)
n i

Note that this quantity can be computed iteratively and does not require to
store the past statistics {.5; };‘;01. Given an initial value g, the averaged BOEM

algorithm defines a sequence {ﬁn}nzl by

6, L 0(2,) . (8)
The algorithm above relies on the assumption that S, can be computed in closed
form. In the HMM case, this property is satisfied only for linear Gaussian models
or when the state-space is finite. In all other cases, S,, cannot be computed



explicitly and will be replaced by a Monte Carlo approximation §n Several
Monte Carlo approximations can be used to compute S,. The convergence
properties of the Monte Carlo BOEM algorithms rely on the assumption that
the Monte Carlo error can be controlled on each block. [21] provides examples
of applications when Sequential Monte Carlo algorithms are used. Hereafter, we
use the same notation {6, },>0 and {6, },>o for the original BOEM algorithm
or its Monte Carlo approximation.

Our algorithms update the parameter after processing a block of observa-
tions. Nevertheless, the intermediate quantity S, can be either exactly com-
puted or approximated in such a way that the observations are processed online.
In this case, the intermediate quantity .S, or .S, is updated online for each obser-
vation. Such an algorithm is described in [3, Section 2.2] and [9, Proposition 2.1]
and can be applied either to finite state-space HMM or to linear Gaussian mod-
els. [9] proposed a Sequential Monte Carlo approximation to compute .S,, online
for more complex models (see also [21]).

The classical theory of maximum likelihood estimation often relies on the
assumption that the "true" distribution of the observations belongs to the spec-
ified parametric family of distributions. In many cases, it is doubtful that this
assumption is satisfied. It is therefore natural to investigate the convergence of
the BOEM algorithms and to identify the possible limit for misspecified models
i.e. when the observations {Y;}r>o are from an ergodic process which is not
necessarily an HMM.

3 Application to inverse problems in Hidden Markov
Models

In Section 3.1, the performance of the BOEM algorithm and its averaged version
are illustrated in a linear Gaussian model. In Section 3.2, the BOEM algorithm
is compared to online maximum likelihood procedures in the case of finite state-
space HMM.

Applications of the Monte Carlo BOEM algorithm to more complex models
with Sequential Monte Carlo methods can be found in [21].

3.1 Linear Gaussian Model

Consider the linear Gaussian model:
Xiy1 = o Xy + 0, Uy, Y, =X +0o,V,

where Xo ~ N (0,02(1 — ¢?)™1), {Ui}1>0, {Vi}i>0 are independent i.i.d. stan-
dard Gaussian r.v., independent from Xy. Data are sampled using ¢ = 0.9,
02 =0.6 and 02 = 1. All runs are started with ¢ = 0.1, 02 =1 and o2 = 2.
We illustrate the convergence of the BOEM algorithms. We choose 7,, =
n'!l. We display in Figure 1 the median and lower and upper quartiles for

the estimation of ¢ obtained with 100 independent Monte Carlo experiments.



Both the BOEM algorithm and its averaged version converge to the true value
¢ = 0.9; the averaging procedure clearly improves the variance of the estimation.
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(a) The BOEM algorithm without averaging.
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(b) The BOEM algorithm with averaging.

Figure 1: Estimation of ¢.

We now discuss the role of {7,,},>0. Figure 2 displays the empirical vari-
ance, when estimating ¢, computed with 100 independent Monte Carlo runs, for
different numbers of observations and, for both the BOEM algorithm and its av-
eraged version. We consider four polynomial rates 7, ~ n?, b € {1.2,1.8,2,2.5}.
Figure 2a shows that the choice of {7,,},>0 has a great impact on the empirical
variance of the (non averaged) BOEM path {6, },>0. To reduce this variability,
a solution could consist in increasing the block sizes 7,, at a larger. The influence
of the block size sequence 7, is greatly reduced with the averaging procedure as
shown in Figure 2b. We will show in Section 5 that averaging really improves
the rate of convergence of the BOEM algorithm.

3.2 Finite state-space HMM

We consider a Gaussian mixture process with Markov dependence of the form:
Y, = Xy+V; where {X;};>0 is a Markov chain taking values in X def {z1,..., 24},
with initial distribution x and a d x d transition matrix m. {V;};>o are i.i.d.
N(0,v) r.v., independent from {X;};>o, i.e., for all (z,y) € X x Y,

(o) 2m0)ep { U2
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Figure 2: The BOEM algorithm: empirical variance of the estimation of ¢ after
n = 0.5¢ - 105 observations (¢ € {1,---,7}) for different block size schemes
T ~nl? (stars), 7, ~ n'® (dots), 7, ~ n? (crosses) and 7,, ~ n*® (squares).

def . .
where 0 = (v, 1.4, (mi’j)ﬁjzl). The true transition matrix is given by

0.5 005 01 015 0.15 0.05
02 035 01 015 0.05 0.15
— 01 01 06 005 005 0.1
0.02 0.03 01 07 0.1 0.05
0.1 005 013 002 06 0.1
01 01 013 012 0.1 045

In the experiments below, the initial distribution below is chosen as the uniform
distribution on X. The statistics used to estimate 0 are, for all (4, j) € {1,--- ,d}
and all (z,2') € X2,

SZ’O(x7 x/7y) = 1I7, (xl) )
SU2(x, 2" y) = y*10,(a") |

St (@2’ y) = yla,(a') |

Si,j (Jf, 33/, y) = 1'LL (x)lLJ ('T/) .
The online computation of these intermediate quantities is given [3, Section 2.2].
The computations below are performed for each statistic in (9). Define, for all
z €X, ¢o(r) = x(z) and po(x) = 0.

i) For t € {1,--- , 7}, compute, for any x € X,

(9)

ZI’EX gbtfl (xl)mm’,a:QO (m7 Y;‘/+T)
Zx’,x“ex bt—1 (x/)mm’,x”g(f (2", Yiyr) ,

or(x) =



and
/) . ¢t—1(xl)mz’,$

Y erex -1 (@ )mar

) = 3 (18 Yior) + (127 ) a6 o)

’I‘t(I7I’

i) Set

SYT(0,Y) = Y prl@)ela)

zeX

At the end of the block, the new estimate is given, for all (i,5) € {1,---,d}? by
(the dependence on Y, 0, x, T and 7 is dropped from the notation)

Gii d d d
S il i . .
mi; = % s g = =7, U= Sl’2 + .CE?SZ’O -2 xiSl’l .
»J d S, . S4,0 2

Zj:l 2,] =1 i=1 1=1

We first compare the averaged BOEM algorithm to the online EM (OEM)
procedure of [3] combined with a Polyak-Ruppert averaging (see [28]). Note
that the convergence of the OEM algorithm is still an open problem. In this
case, we want to estimate the variance v and the states {z1,...,z4}. All the
runs are started from v = 2 and from the initial states {—1;0;.5;2;3;4}. The
algorithm in [3] follows a stochastic approximation update and depends on a
step-size sequence {7y, }n>0. It is expected that the rate of convergence in Lo

after n observations is fyi/ 2 (and n~1/2 for its averaged version) - this assertion
relies on classical results for stochastic approximation. We prove in Section 5
that the rate of convergence of the BOEM algorithm is n=%/(®+1) (and n—1/2
for its averaged version) when 7, n®. Therefore, we set 7, = n''! and ~,, =
n~0%3, Figure 3 displays the empirical median and first and last quartiles
for the estimation of v with both algorithms and their averaged versions as
a function of the number of observations. These estimates are obtained over
100 independent Monte Carlo runs. Both the BOEM and the OEM algorithms
converge to the true value of v and the averaged versions reduce the variability of
the estimation. Figure 4 shows the similar behavior of both averaged algorithms
for the estimation of x; in the same experiment. Some supplementary graphs
on the estimation of the states can be found in [20, Section 4]).

We now compare the averaged BOEM algorithm to a recursive maximum
likelihood (RML) procedure (see [23, 30]) combined with Polyak-Ruppert aver-
aging (see [28]). We want to estimate the variance v and the transition matrix
m. All the runs are started from v = 2 and from a matrix m with each entry
equal to 1/d. The RML algorithm follows a stochastic approximation update
and depends on a step-size sequence {7, },>0 which is chosen in the same way
as above. Therefore, for a fair comparison, the RML algorithm (resp. the
BOEM algorithm) is run with 7,, = n=%53 (resp. 7, = n''!). Figure 5 displays
the empirical median and empirical first and last quartiles of the estimation
of m(1,1) as a function of the number of observations over 100 independent
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(a) The BOEM algorithm. (b) The OEM algorithm.
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Figure 3: Estimation of v using the online EM and the BOEM algorithms (top)
and their averaged versions (bottom). Each plot displays the empirical median
(bold line) and the first and last quartiles (dotted lines) over 100 independent
Monte Carlo runs with 7, = n*! and v,, = n=0-%3.
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(a) The averaged BOEM algorithm. (b) The averaged OEM algorithm.

Figure 4: Estimation of x; using the averaged OEM and the averaged BOEM
algorithms. Each plot displays the empirical median (bold line) and the first
and last quartiles (dotted lines) over 100 independent Monte Carlo runs with
T, = n'! and v, = n7°%3. The first ten observations are omitted for a better
visibility.

Monte Carlo runs. For both algorithms, the bias and the variance of the esti-
mation decrease as n increases. Nevertheless, the bias and/or the variance of

10



the averaged BOEM algorithm decrease faster than those of the averaged RML
algorithm (similar graphs have been obtained for the estimation of the other
entries of the matrix m and for the estimation of v; see [20, Section 4]). As a
conclusion, it is advocated to use the averaged BOEM algorithm instead of the
averaged RML algorithm.

5 6 7 8 9 10 11 2 3 4 5 6 7 8
Number of observations x10° Number of observations

2 3

(a) The averaged BOEM algorithm. (b) The averaged RML algorithm.

Figure 5: Empirical median (bold line) and first and last quartiles (dotted line)
for the estimation of m(1,1) using the averaged RML algorithm (right) and
the averaged BOEM algorithm (left). The true values is m(1,1) = 0.5 and
the averaging procedure is starter after 10000 observations. The first 10000
observations are not displayed for a better clarity.

4 Convergence of the Block Online EM algorithms

4.1 Assumptions

Consider the following assumptions.

A1l (a) There exist continuous functions ¢ : © — R, ¢ : © — R? and
S:XxXxY—R?st.

logme(z,2") +log go(2',y) = ¢(0) + (S(x,z," ,y),¥(9)) ,

where (-,-) denotes the scalar product on R%.

(b) There exists an open subset S of R? that contains the convex hull of
S(X x X xY).

(c) There exists a continuous function 6 : S — O s.t. for any s € S,

0(s) = argmaxpee {4(0) + (s,9(0))} -

A2 There exist o and o s.t. for any (z,2') € X?> and any § € ©, 0 < 0_ <
mg(x,2’) < op. Set p iy (0_Joy) .

11



A2 often referred to as the strong mixing condition, is commonly used to prove
the forgetting property of the initial condition of the filter, see e.g. [10, 11].
This assumption holds for example if X is finite or for linear state-spaces with
truncated gaussian state and measurement noises. More generally, this condition
holds when X is compact. Note in addition that by [25, Theorem 16.0.2], A2
implies that the Markov kernel My has a unique invariant distribution which
guarantees the existence of the unique invariant distribution my for Ky.

We now introduce assumptions on the observation process Y def {Vi}ez.
It is defined on some probability space (2, F,P). We stress that this process is
not necessarily the observation of an HMM. Let

FE Y o ({Vabusk) and GY = 0 ({Valuze) (10)

be o-fields associated to Y. We also define the S-mixing coefficients by, see [§],

BY(n) =sup sup E[|P(B|Fy)—-P(B)[]] ,¥n>0. (11)
u€Z BegY,

A3_(p) E [Supm@’EF@ |S((E,{E/,Y0)|p] < Fo0.

A4 (a) Y is a S-mixing stationary sequence such that there exist C' € [0,1)
and B € (0,1) satisfying, for any n > 0, 8Y (n) < CB", where 3Y is
defined in (11).

(b) E[|logb_(Yo)| + |logbs(Yp)|] < +oo where

b_(y) infoeo [ go(z,y)A(dzx) ,

bi(y) = suppeo [ go(z,y)A\(dz) .

Upon noting that, for all n > 0, ¥ (n) < XY)(n), we can prove that A4(a)
holds when Y is the observation process of a an HMM under classical geometric
ergodicity conditions [25, Chapter 15| and [5, Chapter 14].

A5 There exists ¢ > 0 and a > 1 such that for all n > 1, 7, = [en®].

For p > 0 and Z a random variable measurable w.r.t. the o-algebra o (Y;,,n € Z),

def
set [|Z]|, = (E[|Z[P])"?.

A6 -(p) There exists b > (a + 1)/2a (where a is defined in A5) such that, for
any n > 0,

where S, is the Monte Carlo approximation of S,, which is defined by (6).

Sp — gﬂ = O(Tr:-ilzl) )

p

A6 gives a L, control of the Monte Carlo error on each block. In [15, Theo-
rem 1], such bounds are given for Sequential Monte Carlo algorithms. Practical
conditions to ensure A6 are given in [21] in the case of Sequential Monte Carlo
methods.

12



4.2 The limiting EM algorithm
In the sequel, M(X) denotes the set of all probability distributions on (X, X).
Theorem 4.1. Let p > 2. Assume that A1-2, A3-(p) and AJ hold.

i) For any 0 € ©, there exists a r.v. S(0,Y) s.t.

sup  [EXTTH[S(X 1, X0, Y0)|Y_rr] — S(6,Y)
€O, xe M(X)

<Cp” sup |S(x,2',Yy)|, P-as., (12)
(z,2")€EX?

where C' is a finite constant. Define for all 6 € O,

S(0) ¥ E[S06,Y)] . (13)

ii) 0 — S(0) is continuous on © and for any T > 0,

ST, Y) — S(0), P-as., (14)

T—+00
where SXT(0,Y) is defined by (4).

iii) Assume in addition that AG-(p) holds. For any p € (2,D), there exists a
constant C' s.t. for anyn > 1,
< C

’ p o \/Tn-‘,-l ’

where Sy, is the Monte Carlo approzimation of S,, defined by (6).

S, —S(6,)

Theorem 4.1 allows to introduce the limiting EM algorithm, defined as the
deterministic iterative algorithm 6,, = R(6,,—1) where

R(0) €6 (S(9)) - (15)

The limiting EM can be seen as an EM algorithm applied as if the whole tra-
jectory Y was observed instead of Yy.p. For this limiting EM, the so-called suf-
ficient statistics depend on the observations only through the mean E [S(0,Y)].
The stationary points of the limiting EM are defined as

def

L% 0co; RO) =0} . (16)

We show that there exists a Lyapunov function W w.r.t. to the map R and the
set L i.e., a continuous function W satisfying the two conditions:

(i) for all 0 € ©, WoR(§) — W(F) >0,
(ii) for all compact set K C © \ L, infyexc {WoR(8) — W(0)} > 0.
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For such a function, the sequence {W(f)}r>o is nondecreasing and {6 }r>0
converges to L.
Define, for any m > 0, § € © and probability distribution x on (X, X),

p>9( (Y1|Y—m:0)
aet J X(A2—1n)96(2 -, Vi) [Tie_py1 {0 (wim1, @i)go (s, Vi) } M(dz—m11)
X Az) g (@, ) T pr {mo(ims, 20)g0 (i, Y} M(d7—mer0)
By [13, Lemma 2 and Proposition 1], under Al-4, for any 6 € ©, there exists a
random variable log pg (Y1]Y_s0.0), such that for any probability distribution y

on (X, X), logps (Y1|Y_oc:0) is the a.s. limit of logpy (Y1|Y_p.0) as m — +oo
and

TN (YY) =2 0(6) LR logpe (Y1|Y_oe0)] , P—aus. , (17)

where (5 (Y) is the log-likelihood defined by (3). The function 6 + £(6) may
be interpreted as the limiting log-likelihood. We consider the function W, given,

for all § € ©, by
def

W(0) = exp{(0)} - (18)

To identify the stationary points of the limiting EM algorithm as the stationary
points of £, we introduce an additional assumption.

A7 (a) Foranyy € Y and for all (z,2') € X2, 0 + go(z,y) and 0 — my(z,z')
are continuously differentiable on ©.

(b) E[¢(Yo)] < 400 where

def
#(y) = sup sup |Vglogme(z,z’) + Vglogge(z',y)| .
0€0 (z,0')EX?

Proposition 4.2. Assume that A1-2, A3-(1) and A4 hold. Then, the function
W given by (18) is a Lyapunov function for (R,L). Assume in addition that
A7 holds. Then, 0 — £(0) is continuously differentiable and

L=1{0€c0; R(O) =0} ={0c0O; ViO) =0} .

Proposition 4.2 is proved in Section 6.2.

Remark 4.3. In the case where {Y}},>0 is the observation process of the sta-
tionary HMM {(X}, Yi)}k>0 parameterized by 6, € ©, we can build a two-
sided stationary extension of this process to obtain a sequence of observations
{Y%}rez. Following [13, Proposition 3|, the quantity £(f) can be written as

6(9) = EG* mllirkloo 10gp0(Y1|Y7m:0)

= lim EG* [IOgPG(YﬂYLm:O)]

m——+oo

= lim EG* [EO* [IOgPQ(YﬂYfm:O)‘Yfm:OH )

m——+oo

14



where pg(Y1|Y_m.0) is the conditional distribution under the stationary distri-
bution. Since

Eg, [logpe, (Y1|Y_1m:0)|Y—m:0] — Eg, [log pe(Y1|Y_1m:0)|Y—m:0]

is the Kullback-Leibler divergence between pg, (Y1|Y_m.0) and pg(Y1|Y_1n.0), for
any 6 € ©, £(0,) —£(0) > 0 and 6, is a maximizer of § — ¢(6). If in addition 6,
lies in the interior of ©, then 6, € L.

The following proposition gives sufficient conditions for the convergence of
the limiting EM algorithm and the Monte Carlo BOEM algorithm to the set L.

Theorem 4.4. Let p > 2. Assume that A1-2, A3-(p) and Aj hold. Assume in
addition that W(L) has an empty interior. For any initial value Oy € © , there
exists wy s.t. {0} k>0 converges to {0 € L; W(0) = w, }. If in addition A5 and
A6-(p) hold, then the sequence {6, }n>0 converges P—a.s. to the same stationary
points.

Theorem 4.4 is a direct application of Proposition A.1 for the limiting EM
algorithm. The proof for the Monte Carlo BOEM algorithm is detailed in Sec-
tion 6.3. By Sard’s theorem if W is at least dp (where © C R%) continuously
differentiable, then W(L) has Lebesgue measure 0 and hence has an empty
interior.

5 Rate of convergence of the Block Online EM
algorithms

We address the rate of convergence of the Monte Carlo BOEM algorithms to a
point 6, € L. It is assumed that

A8 (a) S and 0 are twice continuously differentiable on © and S.

(b) There exists 0 < v < 1 s.t. the spectral radius of V(S o é)szg(g*) is
lower than ~.

Hereafter, for any sequence of random variables {Z,, },>0, write Z, = O, (1)
if sup,, E[|Z,,|P] < o0 and Z,, = O,5(1) if sup,, |Z,| < +o0 P—a.s.

Theorem 5.1. Let p > 2. Assume that A2, A3-(p), A4-5, A6-(p) and A8 hold.
Then, for any p € (2,D),

1
VTn [en - 9*] Liim, 0,=0, = OLp(1> + ﬁOLp/a(l)Oa.s (1) : (19>

In (19), the rate is a function of the number of updates (i.e. the number of
iterations of the algorithm). Theorem 5.2 shows that the averaging procedure
reduces the influence of the block-size schedule: the rate of convergence is pro-
portional to Tﬁ/ % j.e. to the inverse of the square root of the total number of
observations up to iteration n.

15



Theorem 5.2. Let p > 2. Assume that A2, A3-(p), A4-5, A6-(p) and A8 hold.
Then, for any p € (2,D),

\/ﬁ |:§n - 0*:| 11imn 0,=0, — OLp(l) OLP/2( )Oas (1) . (20)

\/7

Theorems 5.1 and 5.2 give the rates of convergence as a function of the
number of updates but they can also be studied as a function of the number
of observations. Let {#i""};>o (resp. {Gmt}k>0) be such that, for any k£ > 0,
it (resp. 9”““) is the value 6, (resp. 6,), where n is the only integer such
that k € [T}, + 1,T,,4+1]. The sequences {#i"*}, >, and {g}cnt}kzo are piecewise
constant and their values are updated at times {7}, },,>1.

By Theorem 5.1, the rate of convergence of {#i"},>o is given (up to a
multiplicative constant) by k—e/(2(a+1)) where a is given by A5. This rates is
slower than k~'/2 and depends on the block-size sequence (through a). On the
contrary, by Theorem 5.2, the rate of convergence of {g}c‘“}kzo is given (up to
a multiplicative constant) by k~1/2, for any value of a. Therefore, this rate of
convergence does not depend on the block-size sequence.

6 Proofs

Define, for any initial density y on (X,X), any 6§ € O, any y € Y% and any
r<s<t,

‘Pg;t(h, Y)
def I x@){TTZr mo(@i, 2is1) g0 (i1, Yirr) } h(@s—1, s, Ys) A(dyag)
/ X(wr){l'[f;i mo (@i, Tit1)90(Tit1, Yit1) } A(dzre)

,» (21)

for any bounded function kA on X? x Y. Then, the intermediate quantity of the
Block online EM algorithm is (see (4)),

T+T
def 1
5xT(9,Y) < - > oyl (5Y). (22)
t=T+1

Lemma 6.1. Assume A1-2. Lety € YZ s.t. sup, ., |S(z, 2, y:)| < +oo for any
i € Z. Then for any r > 0 and any distribution x on (X, X), 0 = @57 (S, y)
is continuous on ©.

Proof Set Ko(z,2',y) def me(z,x")ge(x’,y). Let r > 0 and x be a distribution
n (X, X). By definition of ®j (S, y) (see (21)) we have to prove that

r—1

0 '—>/ (dz_, (H Ko( x17x1+17yz+1)> h(x_1,70,y0) dAN@_ry1:r)

1=—T
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is continuous for h(z,2’,y) = 1 and h(z,2',y) = S(z,2',y). By Al(a), the
function 6 — H:;ir Ko(xi,xip1,Yit1) h(x_1,20,Yo) is continuous. In addition,

under Al, for any 0 € ©,

r—1

H Ko(xi, xit1,Yit1) h(z—1,z0,%0)

i=—T

= [h(z-1, 20, y0)| exp (27“(15(9) + <¢(‘9)7 z_: 5($i,$i+1,yi+1)>> :

i=—r

Since © is compact, by A1, there exist constants C; and Cs s.t. the supremum
in # € O of this expression is bounded above by

r—1
Cysup |h(z, ', y0)| exp <02 Z sup|S(m,x’7yi+1)|> :
z,x’

i=—7 @,
Since x is a distribution and A is a finite measure, the continuity follows from
the dominated convergence theorem. O

€

Let us introduce the following shorthand Ss(z,z’) ef S(x,x',Ys). Define
the shift operator ¥ onto YZ by (Jy) = yr+1 for any k € Z; and by induction,

define the s-iterated shift operator 95*1y = 9(9°y), with the convention that 9°

is the identity operator. For a function h, define osc(h) ef sup, . [h(2) —h(z')|.

6.1 Proof of Theorem 4.1

The proof of Theorem 4.1 relies on auxiliary results about the forgetting proper-
ties of HMM. Most of them are really close to published results and their proof
is provided in the supplementary material [20, Section 3|. The main novelty is
the forgetting property of the bivariate smoothing distribution.

Proof of i) Note that under A3-(1), E [osc(Sp)] < +o00. Under A2, Proposi-
tion A.2(ii) implies that for any 6 € O, there exists a r.v. S(0,Y) s.t. for any
r<s<T,

sup ‘CI)Z,";T (S,Y) —S(9, ﬁSY)‘ < (P77 + p¥ ) ose(Ss) (23)
SC] w

This concludes the proof of (12).
Proof of i) We introduce the following decomposition: for all T' > 0,

SX7(0,Y) = %Z [50.97Y) + { @7, (8,97Y) = S0,9"TY)}] |

t=1

upon noting that by (22), SXT(0,Y) = 7713, <I>?§:2T (5,97Y). By (21),
(23) and A3-(1) E[|S(6,Y)|] < +oo. Under A4, the ergodic theorem (see e.g. [1,
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Theorem 24.1, p.314]) states that, for any fixed T,
1 t+T~\
lim ;25(9,19 Y)=E[S,Y)], P-as.
By (23),
1 T
- Z ‘cpe L (S,97Y) — S(G,ﬁ”TY)‘ <- S (07 4o ) ose(Sier) - (24)
t=1

Set 7, & %22:1 osc(Ss4r) and Zg f, Then, by an Abel transform,

Zpt Yosc(Siir) = p" 1 Z, + —P tht 17, . (25)

By A3-(1) and A4, the ergodic theorem implies that lim, . Z, = E [osc(So)],
P—a.s. Therefore, limsup, Z, < oo, P—a.s. Since ), tp!~! < oo, this implies
that 771 >°7_, p'~tosc(Sitr) - 0, P—a.s. Similarly,

T—r+00

T—1

T—1
e 1- _
— E p” tosc(Siir) = Zr — (1 —p) E pt 1Zt+Tp E tpt 12, .
t=1

t=1

Using the same arguments as for the second term in (25), we can state that
lim, oo 771 22;11 tpt='Z._, =0, P—a.s. Furthermore,

Tl -1

p

— Ttl —
t=1 L=p

Z

Zt — E [osc(So)]| <

| Z: — E [osc(So)]]

+ E [osc(So)] p" L.

Since, P—a.s., Z; — EJosc(Sp)], the RHS converges P—a.s. to 0 and

T—+00

T—1

Zr = (1=p) Z P,

t=1

lim
T—+00

=0, P-as.

Hence, the RHS in (24) converges P—a.s. to 0 and this concludes the proof
of (14). We now prove that the function 6 — E[S(0,Y)] is continuous by
application of the dominated convergence theorem. By Proposition A.2(ii), for
any y s.t. osc(Sy) < oo,

lim sup |®X (S, S(0, =0.
Jm_sup b0, (Sy) =S(6,y)

Then, by Lemma 6.1, § — S(6,y) is continuous for any y such that osc(Sp) <
+00. In addition, supycg [S(6, Y)| < sup, .. |S(x,2',Yp)|. We then conclude by
A3-(1).
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Proof of iii) Let m,,, v, be positive integers s.t. 1 <m,, < 7,41 and 7,41 =
20, My, + Ty, where 0 < 1, < 2m,,. Set Ap def p~1 — p~ L. By the Minkowski
inequality combined with Lemmas A.6, A.7 applied with ¢, def 2u, My, there
exists a constant C s.t.

— n 1
Sn S Hn < C M J,. mi 7nnAp -
H ( )Hp - P Tn41 +B Tn+1

The proof is concluded by choosing m,, = |—logm,+1/ (logp V Aplog 5)] and
by A6-(p) (since b in A6-(p) is such that b > 1/2).

6.2 Proof of Proposition 4.2

(Continuity of R and W) By Al(c) and Theorem 4.1, the function R is con-
tinuous. Under A1-2 and A4, there exists a continuous function £ on © s.t.
limp T 45 (YY) = £(6) P—a.s. for any distribution x on (X, X) and any 6 € O,
(see [13, Lemma 2 and Propositions 1 and 2], see also [20, Theorem 3.8]). There-
fore, W is continuous.

Proof of Proposition 4.2 (i) Under Assumption Al(a)

t=1

%lnge(xO:T7Y1:T) = ¢(0) + <{; ZS(ﬂft—hﬂCt,Yt)} ,¢(9)> ;

where pg(zo.7, Y1.7) is defined by (1). Upon noting that

p@(xO:Ta Yl:T)
/S(xt1’%’K)fpe(zo:T,Y1:T))\(dz1:T)X(d20)

A(dz1.7)x(dzo)
=0y (S.Y),

the Jensen inequality gives, P—a.s.,
1 1 1 «
T 002 (Y) = (V) = 6(R(6) + <T > <I>z<;2T<s,Y>,w<R<e>>>

T
—0(0) - <; - @) (S.Y), w<e>> . (26)

t=1

Under Al-4, it holds by Theorem 4.1 and [13, Lemma 2 and Proposition 1] (see
also [20, Theorem 3.8]) that for all § € ©, P—a.s.,

T—+oo T—+oco

T
1 a 1
T2 War(SY) 22 8O), (V) o W),

Therefore, when T — +o00, (26) implies
In (W(R(9))/W(0)) = ¢(R(6)) + (S(0), b(R(0))) — ¢(0) — (S(6),¥(8)) . (27)
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By definition of § and R (see Al(c) and (15)), the RHS is non negative. This
concludes the proof of Proposition 4.2(i).

Proof of Proposition 4.2 (ii) We prove that WoR/(6) — W (6) = 0 if and only if
6 € L. Since WoR —W is continuous, this implies that oin’fCWOR(G) -W() >0
€

for all compact set L C ©\ L. Let 6 € © be s.t. WoR(#) — W(#) = 0. Then,
the RHS in (27) is equal to zero. By definition of 8, R(f) = # and thus 6 € L.
The converse implication is immediate from the definition of L.

Stationary points If in addition A7 holds, [20, Theorem 3.12] proves that,
for any initial distribution x on (X, X),

1 X
ngﬂg,T(Y) T—)—+>oo Vg((@) P—a.s.

Therefore,

T
%W?},Tm = Vo (0) + Vo' (0) {} > oyi(S, Y)} :
t=1

where A’ is the transpose matrix of A. Theorem 4.1 yield, P—a.s.,
Vol(8) = Voo (6) + Vor (0)5(6) -

The proof follows upon noting that by definition of 6, the unique solution to
the equation Vgo(T) + Veyp (1)S(8) =0 is 7 = R(6).

6.3 Proof of Theorem 4.4
def

The proof of Theorem 4.4 relies on Proposition A.1 applied with T'(8) = R(6)
and with 6,41 = @ <§$ﬂﬁ+’?" (HmY)). The key ingredient for this proof is the
control of the L),-mean error between the Monte Carlo Block Online EM algo-
rithm and the limiting EM. The proof of this bound is derived in Theorem 4.1
and relies on preliminary lemmas given in Appendix A. The proof of (37) is now
close to the proof of [16, Proposition 11] and is postponed to the supplement
paper [20, Section 2.1].

6.4 Proof of Theorem 5.1

Define s, def S(6,) and write

6(S0) = B(s2) = T(Sn = 52) +6(S2) = 0(s:) = T(Sn —5),  (28)
where T &' VO(s,). We now derive the rate of convergence of the quantity
Sn — s.. Set G(s) 5, 6(s). Note that under A8(b), p(I') < 7, where

& VG(sy). Since G(sy) = Sy, we write

S.—s,=T (sn_1 - s*) 45, — G(8n_1) +C(Sp 1) — G(s,) - T (§n_1 - 5) .
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Define {pn }n>0 and {pn}n>0 s.t. po =0, po = Sy — s, and

lffndéfl—‘ﬂn71+ena pndéfgn_s*_/lny 712]-7 (29)

where,

en S, —S(0,), n>1. (30)

Proposition 6.2. Assume A2, A3-(p), A4-5, AG-(D) and A8 for some p > 2.
Then for any p € (2,D),

\/Tin//‘n = OLp(l) and Tnpn]-limn 0,=0, — OLp/g(l)Oa.s(l) .

The proof of Proposition 6.2 is on the same lines as the proof of [16, Theorem
6]. The main ingredient is the control of x|, which is a consequence of [27,
Result 178, p. 39] and Theorem 4.1. The detailed proof is thus omitted and
postponed to the supplementary material [20, Section 2.2].

By Proposition 6.2, the first term in (28) gives

1
\/ET(Sn — 5*)1limn 0, =0, = OLp(l) + ﬁOLp/Q(l)Oa.s (1) .

A Taylor expansion with integral remainder term gives the rate of convergence
of the second term. This concludes the proof of Theorem 5.1, Eq. (19).
6.5 Proof of Theorem 5.2

In the sequel, for all function Z on © x Y% and all v € ©, we denote by
E[Z(0,Y)],_, the function § — E[Z(,Y)] evaluated at § = v. We preface
the proof by the following lemma.

Lemma 6.3. Assume A2, A3-(p), A4-5, A6-(p) and A8 for some p > 2. For

any p € (2,p),
n
Z Tk+1€k
k=1

) 1
lim sup

n—+oo 1/ Tn+1

where ey, s given by (30).

< oo,
p

Proof. By A5 and A6-(p), we have

lim sup

1 n
o Y|
n—-+o0o \/Tn+1 =1

Then, it is sufficient to prove that

‘gk — Ska < 0.

1 = .
lims SO) — S < o00.
B o | B0 7S] <
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Let p € (2,p). In the sequel, C is a constant independent on n and whose value

def
may change upon each appearance. Let 1 < m,, < 7,41 and set v, = H’;IIJ

By Lemma A.7 applied with g <f 2upmy,, we have,

zn:ﬂcﬂ (S(Qk) - Sk)
k=1

p

n

<O Amerp™ +mi} +
k=1

n

> {0k + G}

k=1

)

P
where §; and (; are defined by

2upmy

> {FanY) B[R Y7 ]}

t=2my,

def
o =

2upmy

G > {IE [Ft,k(okaY)’ﬁ%;] —E {‘I’Zw{o_;@n: (5 Y)} 9_9k}

t=2my,

and where F (0%, Y) def X, t—m (S,97%Y) and f}i is given by (41). We will

Op b, t+mp
prove below that there exists C' s.t.
ICkll, < CB™ /Py, VE>1 (31)
> k|| SCOVTuir +C> mea B Wn>1 (32)
k=1 lp k=1

so that the proof is concluded by choosing my = |nlog m4+1], n def (—=1/logp)V
(—pb/log ) and by using A5.

We turn to the proof of (31). By the Berbee Lemma (see [29, Chapter 5])
and A4, there exist C € [0,1) and 8 € (0,1) s.t. for all k > 1, there exists a
random variable Y(¥) on (9, F,P) independent from .7?%2 with the

R . Tet+mp:Thi1+mp
same distribution as Y7, 4m,.T,,,+m, and

*,(k
P {YTk(«H)nk:TkJFl«kmk 7é YTk+mkiTk+1+mk} < Cﬁmk . (33)

Upon noting that E [Ftyk(ﬁk,Y“(k))‘f%i] =E [Fx(0,Y)]y_y, , we have

2vkmk

o5 (e v fRE] 2 v o
t=2my
Therefore, by setting Aj, {Y*’(k) +Y; . }
» DY g Ak Ty +mp:Thtp1+my Ti+mp:Trr1+me S
2ump _
|<k| < Z E |:Sug ‘Ft7k(0,Y) - Ft7k~(0,Y*7(k))‘ 14, J—":,Yﬂ;:| .
t=2my, €
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Minkowski and Holder (with a def p/pand b1 def 1—a~1) inequalities, combined
with (33), A4, Lemma A.4 and A3-(p) yield (31).

We now prove (32). Upon noting that Jj is ]t'}iﬂ—measurable and Jy is a
martingale increment, the Rosenthal inequality (see [17, Theorem 2.12, p.23])

1/p
states that || ;_, ll, < C (22:1 I,gl)) + CI? where

" 1/2
1S E 6] ad 12 (ZEUW!@Q)

k=1
P

Using again E [Fm(ek, Y*v(’“))‘]?}i } = E[F1(0,Y)],_,, and (34)

2vkmk p

P<c| Y {Ft,k(ek,Y) —E[Ft,k(e,y)]ezek} +C GlP

t=2my, p

By Lemma A.6 and (31), there exists C s.t. for any k > 1
'<c ( lffl + Tlfﬂﬂmk/b) ’ (35)

and since 2/p < 1, convex inequalities yield (ZZ=1 I,g”)l/p < Oy/Thy1 +

Cyo, Te 1™ /P2, By the Minkowski and Jensen inequalities, it holds Iy(f) <

(Zzzl{llgl)}wp) 1/2. Hence, by (35), I{? < C\/Tpi1 + C Y f_y Tk B/,

This concludes the proof of (32). O
We write X, — s = lin + pn with

n

1 1
fn o ?n k_lTk,LLk_l and p, def = Z’Tkpk 1. (36)

n

Proposition 6.4. Assume A2, A3-(p), A4-5, AG-(D) and A8 for some p > 2.
For any p € (2,p),

Tn _
V Tn/jn - OLp(l) 5 ; pn]-limn 0, =0, OLp/z( )Oa.s(l) .

Proof. Set A (I —T). Under A8, A~ exists. By (29) and (36),

Trt1fhn 7]
AN Tpjin = — \J/rl—u \/—ZTkH@k-ﬁ-\/—Zﬂc (kzl—1> Ppg—1 .

The result now follows from Proposition 6.2, Lemma 6.3 and A5. The proof of
the second assertion follows from (36) and Proposition 6.2. O
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Upon noting that 6, = 0(s,), we may write, for the averaged sequence,

Op — 0, =T (X, —5,) +0(2,) — 0(5:) — V(S — 54) -

The first term in this decomposition gives

n
V TnT(En - 5*)1limn 0,=0, — OLp(l) + \/?OLP/Q(l)Oa.S (1) .

By A8(b), as for the non averaged sequence, a Taylor expansion with integral
remainder term gives the result for the second term. This concludes the proof
of Theorem 5.2, Eq.(20).
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A Technical results

Proposition A.1 is exactly [16, Proposition 9] applied with a compact set ©.

Proposition A.1. Let T : © — © and W be a continuous Lyapunov function
relatively to T and to L C ©. Assume W(L) has an empty interior and that
{0} n>0 is a sequence lying in © such that

Hm [W(0pi1) — WoT(6,)]=0. (37)

n—-+4o00o
Then, there exists w, such that {0, },>0 converges to {0 € L; W(0) = w,}.
The proof of Proposition A.2 is given in [20, Proposition 3.3]

Proposition A.2. Assume A2. Let x, X be two distributions on (X, X). For
any measurable function h : X2xY — R® and anyy € Y? such that sup,, ., |h(z,2',ys)| <
+o00 for any s € Z

(i) For anyr < s <t and any {1,02 > 1,

sup |05, (h,y) = 93715, (hy)| < (077177 + ) osclh) . (38)
€

(ii) For any 0 € O, there exists a function y — ®g(h,y) s.t. for any distribu-
tion x on (X, X) and any r < s <t

sup ’@?},’Qt (h,y) — @4 (h, 198}’)’ < (P ) ose(hs) - (39)
€
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Remark A.3. (a) If x =X, £1 =0 and ¢3 > 1, (38) becomes

sup ‘% ot (hy) = @50y, (h,y)) < p'Posc(hs) .

(b) if ¢ =0 and ¢, > 1, (38) becomes

sup @57 (hy) = @37 (hy)| < o Tosc(h,)
€O

Lemma A.4 is a consequence of (21) and of Proposition A.2(ii).
Lemma A.4. Assume A2. Let r < s <t be integers, 0 € © andy € Y%, and
h:X2xY —=R?s.t. for any s € Z, sup, .+ |h(z,2',ys)| < oo. Then

[®30, ()| < sw (b gl 1@ () < sup|h(z )]
(z,x")€X? (z,z’)eX?

For any L > 1, m > 1 and any distribution y on (X, X), define

def m
(@) F QG (S Y) —E [0S Y], (40)
We introduce the o-algebra ‘%Tn defined by
= def Y
]:Tn = U{an’HTn} ) (41)

where Fr,, is given by (10) and where Hr, is independent from Y (the o-algebra

‘Hr, is generated by the random variables independent from the observations

Y used to produce the Monte Carlo approximation of {Sx_1}7_,). Hence, for
o, . . Y . . .

any positive integer m and any B € Gy ., since Hr, is independent from B

and from FY P(B|Fr,) = P(B|F¥,). Hence, the mixing coefficients defined in

(11) are such that

BGF, s F1,) = BGF, yms Fry) -

Note that 6, is .7T"Tn— measurable and that S, is an +1-mmeasurable.

Lemma A.5. Assume A2, A3-(p) and A4 for some p > 2. Let p € (2,p).
There exists a constant C s.t. for any distribution x on (X, X), any m > 1,
k, 0 >0 and any O-valued F¥ -measurable r.v. 0,

W+ kﬁmAP] :
m

k
Z KjguerZ,m(O’Y) S C

u=1

p

dﬁpip

where Ap and 3 is given by AJ.
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Proof. For ease of notation y is dropped from the notation K%Cum)m. By the
Berbee Lemma (see [29, Chapter 5]), for any m > 1, there exists a O-valued r.v.
v* on (Q, F,P) independent from GY (see (10)) s.t.

PO #v) = sup [P(BJo(6)) ~P(B)]. (42)

Set L, 4f 9um + £. We write

k k
> rrem®Y) = Y {@FL (8 Y) - @V T (.Y
u=1 u=1
k
+3 pm (W, Y) 4k {E [@Xom(S,Y)],_ . —E[®Xm(s, Y)]U:e} .

u=1

(43)

By the Holder’s inequality with a def p/p and b1 defy a’l,

|y (8. Y) = X T L(8,Y)

p

,L—m ,JL—m *1A
<||@pE (S 0TY) — R (S Y)| B0 £

By A3-(p), A4, (11) and (42), there exists a constant Cy s.t. for any m, L > 1,
any distribution y and any ©-valued F¥ -measurable r.v. 6,

JL—m JL—m m
H(I)g,L,L+m(SvY) - (I)z*,L7L+m(SvY)Hﬁ <018

Similarly, there exists a constant Cy s.t. for any m > 1, any distribution x and
any ©-valued F¥ -measurable r.v. 6,

HIE [®X57(S,Y)]

v,00m

—E[@X5m(S,Y)]

ol

v=v*

< AP
p

Let us consider the second term in (43). For any u > 1 and any v € O, the r.v.
kL, m(v,Y) is a measurable function of Y; for all L, —m+1 < i < L, +m.
Since L, > 2um, for any v € O, Zﬁ:l kr,.m(v,Y) is GY¥-measurable. v* is
independent from Q;{ so that:
P 1/p
] v_'u*‘|
def

=E [IE
p
Define the strong mixing coefficient (see [8])

a¥(r) = sup sup [P(AN B) —P(A)P(B)|,r>0.
u€Z (A,B)eFY xGY.

u+4r

k
ZEZIiLuﬂn(U*,‘{)
u=1

k
Z KLy,m,Y)
u=1
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Then, [8, Theorem 14.1, p.210] implies that for any m > 1, the strong mix-

ing coefficients of the sequence K (m) ef {kL,,m(V,Y)}y>1 satisfies e (7) <
a¥(2(i — 1)m). Furthermore, by [29, Theorem 2.5],

k 1 1/p
> nLu,m<v7Y>H < (2kp)'/2 ( / [Ny (t) A K] Qz,mu)dt) :
u=1 P 0

where N(,,)(t) ef > ois1 Lorm ()¢ and Qy p denotes the inverse of the tail

function t — P(|kr, m(v,Y)| > ). The sequence Y being stationary, this
inverse function does not depend on u. By A4 and the inequality a¥ (r) < Y (r)
(see e.g. [8, Chapter 13]), there exist 8 € [0,1) and C € (0,1) s.t. for any
u,m>1,

logu — log C
Nimy(u) < Z lovi-1ym)>u < Z loga-nms, < <2mloﬁ vo.
i>1 121 &

Let U be a uniform r.v. on [0,1]. Observe that C3?™* < 1. Then, by the

Holder inequality applied with a def p/p and b1 defy g1

[N @ A Qun@)], ([ (N0 A7 @210 "

IRERR YL
< f_
- {leogﬂ}

7\ /2
Qum(U) <—1Og C) Lcgome oy (U)

p
+ k1?2 HQu,m(U)lUgcgszva ;

IA

1 1/2
(Cﬁka)Apkl/Q + |: :|

7\ /2
— —log — 1 m
2mlog 3 ( 08 C’) (©pe k’c)(U)

X (| Qum (U)

Since U is uniform on [0,1], Q, m(U) and |kL, m(v,Y)| have the same distri-
bution, see [29]. Then, by Lemma A.4 and A3-(p), there exists a constant C
s.t. for any v € ©, any m > 1,

pb

I -

sup ‘S(x,l‘/,Yo)
z,x’ €X?

9

sup Q)] < C
vEO

which concludes the proof. O

Lemma A.6. Assume A2, A3-(p) and A4 for some p > 2. Let p € (2,p).
There exists a constant C s.t. for any n > 1, any 1 < m,, < 741 and any
distribution x on (X, X),

2V My
: Z Iiicm, (0715 ﬁanY> S C |:1 + an,AP ;
Tot1, 52 Nt
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where Ky, ., and 3 are defined by (40) and A4, vy, <ef {%J and Ap def ;;pf’.

Proof. We write,

20, My, 2my, —1 [|v,—1
E : X Tn E : E : X Tn
Ktm, (0”’ v Y) < H2umn +4,mp, (0"’ U Y)
t=2m,, p =0 u=1 P

Observe that by definition 6, is f}i -measurable. Then, by Lemma A.5, there
exists a constant C s.t. for any m,, > 1 and any ¢ > 0,

vy —1

v
Z K}%C’uanrf,mn (en,ﬂTnY) S O [ . + vnﬁmnAp:| .
u=1 p n
The proof is concluded upon noting that 7,41 > 2m,v,. O

Lemma A.7. Assume A2, A3-(p) and A4 for some p > 2. For any p € (2,p],
there exists a constant C' s.t. for anyn > 1, any 1 < m, < g, < Tht1 and any
distribution x on (X, X),

|

where p, < 1 ot o Ein, (O, 9T YY) and K. 15 defined by (40).

SXT (0, Y) = S(0n) — B

Tn+1

m T, —
<c{pm"+ n ot q"} ,
p Tn+1 Tn+1

Proof. By (4) and (21), SX1(6,,,Y) — S(0,,) — pn = 2?21 gi,n Where

Tn+1
1 Tn+1
def x,0 T x,t—m T,
g1 > (BN, (S 9TY) = @Y (S,9TY))
Tn+1 —1

2mqy, —1
def 1 X,t—m T, X,—m
Gon = (OB . S, 9 "Y fE[@’m"S,Y] ,
2 Tot1 ; < bt t g, ( ) 8.0.m. ( )0:19"

Tn+1
def 1 —My, n =M
ma ™ N (et sy B sy )

dﬁf X, —Mn _Q
gan = E |:q)0,0,mn (S? Y):| 0=, S(en) .

In the case 7,41 > 2m,,, it holds

Tn+1

Tnt1 [91,n] < Z (Pt + pT ) ose(Sitr,)

t=Tpy1—mp+1

My Tn+l1—Mn
+> (" 4o ) ose(Serr,) + 20T DT ose(Sipr,)
t=1 t=my,+1
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where we used Proposition A.2(i) and Remark A.3 in the last inequality. By
A3-(p) and A4, there exists C s.t. [|g1n[[, < C (p™ +7,.14). The same bound
hold in the case 7,41 < 2m,,. For g2, and g3, we use the bounds

O i, (S9TY) — B (@5 (S, V)]

0=0,,

< sup |S(z, 2", Y7, 1) +E

< sup |S(x, 2", Yo)]
(z,z’)EX2

(z,2")EX2

Then, by A4,

On tit+mn,

Hcpx,f—’”n (S,97Y) ~ E [0 (5, Y))|

=0, |,

sup |S(x, 2, Y0)]
(z,2’)EX2

and the RHS is finite under A3-(p). Finally,
‘g4m| < 2Pm"—1E [OSC(S())] s

where we used Theorem 4.1. This concludes the proof. O
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