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Chapter 1

Main Definitions and
Notations

We now formally describe hidden Markov models, setting the notations that will be
used throughout the book. We start by reviewing the basic definitions and concepts
pertaining to Markov chains.

1.1 Markov Chains

1.1.1 Transition Kernels

Definition 1 (Transition Kernel). Let (X, X) and (Y,Y) be two measurable spaces.
An unnormalized transition kernel from (X, X) to (Y,)) is a function Q : X x Y —
[0, 00] that satisfies

(i) for allx € X, Q(x,-) is a positive measure on (Y,));
(i) for all A €Y, the function x — Q(z, A) is measurable.

IfQ(z,Y) =1 for allz € X, then @Q is called a transition kernel, or simply a kernel.
IfX=Y and Q(z,X) =1 for all z € X, then Q will also be referred to as a Markov
transition kernel on (X, X).

An (unnormalized) transition kernel Q is said to admit a density with respect to
the positive measure p on Y if there exists a non-negative function g : XxY — [0, o0],
measurable with respect to the product o-field X ® ), such that

Qlz, A) = /A o) pldy), Ae€Y.

The function q is then referred to as an (unnormalized) transition density function.

When X and Y are countable sets it is customary to write Q(x,y) as a short-
hand notation for Q(x,{y}), and Q is generally referred to as a transition matrix
(whether or not X and Y are finite sets).

We summarize below some key properties of transition kernels, introducing im-
portant pieces of notation that are used in the following.

e Let @ and R be unnormalized transition kernels from (X, X) to (Y,)) and
from (Y,)) to (Z, Z), respectively. The product QR, defined by

QR(z, A) ' / Qe,dy) R(y, A), zeX AcZ,

1



CHAPTER 1. MAIN DEFINITIONS AND NOTATIONS

is then an unnormalized transition kernel from (X, X) to (Z,2). If @ and R
are transition kernels, then so is QR, that is, QR(x,Z) =1 for all x € X.

If @ is an (unnormalized) Markov transition kernel on (X, X), its iterates are
defined inductively by

Q%x,-) =0, for r € X and Q* = QQ* ! for k> 1.

These iterates satisfy the Chapman-Kolmogorov equation: Q"t™ = Q"Q™
for all n,m > 0. That is, for all z € X and A € X,

QUM (x, A) = / Q" (. dy) Q™ (4, A) . (11)

If @ admits a density ¢ with respect to the measure p on (X, X), then for
all n > 2 the kernel Q" is also absolutely continuous with respect to p. The
corresponding transition density is

i) = [ awm) el pdn) - ulde ). (12

Positive measures operate on (unnormalized) transition kernels in two different
ways. If p is a positive measure on (X, X), the positive measure u@ on (Y,))
is defined by

hQA) ™ [ () Q. a).  aey.

Moreover, the measure ;1 ® @ on the product space (X x Y, X ® )) is defined
by

M®Q(C)d§f//c,u(dx)Q(x,dy), CexXo).

If p is a probability measure and @ is a transition kernel, then @ and p® Q
are probability measures.

(Unnormalized) transition kernels operate on functions. Let f be a real mea-
surable function on Y. The real measurable function @ f on X is defined by

Qf(x) / Q.dy) fly), zeX,

provided the integral is well-defined. It will sometimes be more convenient
to use the alternative notation Q(z, f) instead of Qf(x). In particular, for
xeXand A€ Y, Q(z,A), 0:Q(A), QL a(z), and Q(z, 14), where 1 4 denotes
the indicator function of the set A, are four equivalent ways of denoting the
same quantity. In general, we prefer using the Q(z,14) and Q(x, A) variants,
which are less prone to confusion in complicated expressions.

For any positive measure p on (X, X') and any real measurable function f on

Y, ),

(1Q) (f) = u(Qf) = / / u(dz) Qe dy) f(y)

provided the integrals are well-defined. We may thus use the simplified nota-
tion u@f instead of (u@Q)(f) or w(Qf).
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Definition 2 (Reverse Kernel). Let Q be a transition kernel from (X, X) to (Y,))
and let v be a probability measure on (X, X). The reverse kernel 6,, associated
to v and Q is a transition kernel from (Y,Y) to (X, X) such that for all bounded
measurable functions f defined on X X Y,

/ F(,y) v(dz)Q(z, dy) = / [y vQy) Qulydz) . (13)
XxY XxY

The reverse kernel does not necessarily exist and is not uniquely defined. Never-
theless, if (6—21,71 and 51,’2 satisfy (1.3), then for all A € X, (C—2y71(y,A) = ayﬂg(yﬂﬁl)
for vQ-almost every y in Y. The reverse kernel does exist if X and Y are Polish
spaces endowed with their Borel o-fields. If Q admits a density g with respect to a
measure 4 on (Y,)), then t_gy can be defined for all y such that fx q(z,y)v(dz) #0
by

q(z,y) v(dx)

Qu(y,dz) = W - (1.4)

The values of ay on the set {y € Y : [{ q(z,y)v(dz) = 0} are irrelevant because
this set is v@-negligible. In particular, if X is discrete and p is counting measure,
then for all (z,y) € X x Y such that vQ(y) # 0,

v(z)Q(z,y)
0w (1.5)

I8}

v(y, @) =

1.1.2 Homogeneous Markov Chains

Let (Q,F,P) be a probability space and let (X,X) be a measurable space. An
X-valued (discrete index) stochastic process {X,}n>0 is a collection of X-valued
random variables. A filtration of (Q,F) is a non-decreasing sequence {F,},>0 of
sub-o-fields of F. A filtered space is a triple (Q,F,F), where F is a filtration;
(Q, F,F,P) is called a filtered probability space. For any filtration F = {F,, },>0, we
denote by Foo = V52 F, the o-field generated by F or, in other words, the minimal
o-field containing F. A stochastic process {X,, }n>0 is adapted to F = {F, },>0, or
simply F-adapted, if X,, is F,,-measurable for all n > 0 The natural filtration of a
process {X;, }n>0, denoted by FX = {FX}, 50, is the smallest filtration with respect
to which {X,,} is adapted.

Definition 3 (Markov Chain). Let (Q,F,F,P) be a filtered probability space and
let @ be a Markov transition kernel on a measurable space (X, X). An X-valued
stochastic process { X }r>0 is said to be a Markov chain under P, with respect to
the filtration F and with transition kernel Q, if it is F-adapted and for all k > 0 and
AeXx,

P (X1 € A[Fy) = Q(Xy, A) . (1.6)

The distribution of Xq is called the initial distribution of the chain, and X is called
the state space.

If {X)}r>o is F-adapted, then for all k > 0 it holds that X C Fj; hence a
Markov chain with respect to a filtration F is also a Markov chain with respect to
its natural filtration. Hereafter, a Markov chain with respect to its natural filtration
will simply be referred to as a Markov chain. When there is no risk of confusion,
we will not mention the underlying probability measure P.

A fundamental property of a Markov chain is that its finite-dimensional distri-
butions, and hence the distribution of the process { Xy }r>o, are entirely determined
by the initial distribution and the transition kernel.
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Proposition 4. Let {Xj;}r>0 be a Markov chain with initial distribution v and
transition kernel Q. For any k > 0 and any bounded X®*+1) measurable function
f on X(E+1)

E [f(Xo, RPN ,Xk)] = /f(l‘o, ‘e ,xk) l/(daﬁo) Q(l‘o, dIl) ce Q(l‘k_l,dl‘k) .

In the following, we will use the generic notation f € Fy, (Z) to denote the fact
that f is a measurable bounded function on (Z, Z). In the case of Proposition 4 for
instance, one considers functions f that are in 75, (X(**1). More generally, we will
usually describe measures and transition kernels on (Z, Z) by specifying the way
they operate on the functions of Fy, (Z).

Canonical Version

Let (X, X) be a measurable space. The canonical space associated to (X, X) is
the infinite-dimensional product space (XY, X¥®N). The coordinate process is the X-
valued stochastic process { Xy, },>0 defined on the canonical space by X, (w) = w(n).
The canonical space will always be endowed with the natural filtration FX of the
coordinate process.

Let (Q,F) = (XN X®N) be the canonical space associated to the measurable
space (X, X). The shift operator 6 : Q — Q is defined by

Ow)(n) =wn+1), n>0.

The iterates of the shift operator are defined inductively by 6° = Id (the identity),
0! = 0 and 08 = 0o 0*! for k > 1. If {Xx}r>0 is the coordinate process with
associated natural filtration FX, then for all k,n > 0, X} 0 §” = X}, and more
generally for any F{X-measurable random variable Y, Y o 6™ is fii_k-measurable.

The following theorem, which is a particular case of the Kolmogorov consistency
theorem, states that it is always possible to define a Markov chain on the canonical
space.

Theorem 5. Let (X, X) be a measurable set, v a probability measure on (X, X), and
Q a transition kernel on (X, X). Then there exists an unique probability measure on
(XN, X®N) " denoted by P, such that the coordinate process {Xx}k>o0 is a Markov
chain (with respect to its natural filtration) with initial distribution v and transition
kernel Q.

Forxz € X, let P, be an alternative simplified notation for Ps, . Then for all A €
XN the mapping v — P,(A) = Q(z, A) is X-measurable, and for any probability
measure v on (X, X),

P,(A) = / v(dz) Py(A) . (1.7)

The Markov chain defined in Theorem 5 is referred to as the canonical version
of the Markov chain. The probability P, defined on (X, X®Y) depends on v and
on the transition kernel (). Nevertheless, the dependence with respect to @ is
traditionally omitted in the notation. The relation (1.7) implies that + — P, is a
regular version of the conditional probability P, (- | Xx = ) in the sense that one
can rewrite (1.6) as

P, (Xp1 € A|FY) =P, (X100 € A|FY) =Px, (X1 €4)  P,-as.
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Markov Properties

More generally, an induction argument easily yields the Markov property: for any
FX-measurable random variable Y,

E [Y 0 0% | F¥] =Ex,[Y] P,-as. (1.8)

The Markov property can be extended to a specific class of random times known as
stopping times. Let N = NU{+oc} denote the extended integer set and let (2, F,F)
be a filtered space. Then, a mapping 7 : @ — N is said to be an F-stopping time if
{r =n} € F, for all n > 0. Intuitively, this means that at any time n one should
be able to tell, based on the information F,, available at that time, if the stopping
time occurs at this time n (or before then) or not. The class F, defined by

Fr={B€Fs: Bn{r=n}e€F,foralln >0},
is a o-field, referred to as the o-field of the events occurring before 7.

Theorem 6 (Strong Markov Property). Let {Xj}i>o0 be the canonical version of
a Markov chain and let T be an FX-stopping time. Then for any bounded F2X-
measurable function U,

Eu[l{rcoo}¥ 00" | FX] = 1{r <00y Ex, [V] P, -a.s. (1.9)

We note that an F2X-measurable function, or random variable, ¥, is typically a
function of potentially the whole trajectory of the Markov chain, although it may
of course be a rather simple function like X; or X5 + Xg.

1.1.3 Non-homogeneous Markov Chains

Definition 7 (Non-homogeneous Markov Chain). Let (Q, F,F,P) be a filtered prob-
ability space and let {Qx } x>0 be a family of transition kernels on a measurable space
(X, X). An X-valued stochastic process {Xy}r>0 is said to be a non-homogeneous
Markov chain under P, with respect to the filtration F and with transition kernels
{Qr}, if it is F-adapted and for all k >0 and A € X,

P(Xk;+1 cA | Fk) = Qk(XkaA) .

For i < j we define
Qij = QiQit1---Qy

With this notation, if v denotes the distribution of X, (which we refer to as the
initial distribution as in the homogeneous case), the distribution of X, is v Qg n—1.
An important example of a non-homogeneous Markov chain is the so-called reverse
chain. The construction of the reverse chain is based on the observation that if
{Xk}r>0 is a Markov chain, then for any index n > 1 the time-reversed (or, index-
reversed) process {X,,_;}7_, is a Markov chain too. The definition below provides
its transition kernels.

Definition 8 (Reverse Chain). Let Q be a Markov kernel on some space X, let v be
a probability measure on this space, and let n > 1 be an index. The reverse chain is
the non-homogeneous Markov chain with initial distribution vQ™, (time) index set
k=0,1,...,n and transition kernels

«—
Qk:QuQnikilﬂ k:07~..,n_17

assuming that the reverse kernels are indeed well-defined.
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If the transition kernel () admits a transition density function ¢ with respect
to a measure g on (X, X), then Q also admits a density with respect to the same
measure u, namely

_ Iankfl(zvx)Q(xvy) l/(dZ)
M) = Gy v(d2)

Here, q; is the transition density function of Q' with respect to i as defined in (1.2).
If the state space is countable, then

_vQ" N (@)Q(,y)
Qk(yaz) - VQn_k(y> .

An interesting question is in what cases the kernels Qx do not depend on the
index k£ and are in fact all equal to the forward kernel Q. A Markov chain with
this property is said to be reversible. The following result gives a necessary and
sufficient condition for reversibility.

(1.10)

(1.11)

Theorem 9. Let X be a Polish space. A Markov kernel Q on X is reversible with
respect to a probability measure v if and only if for all bounded measurable functions
fon XxX

/ / Fa o) v(da) O, da’) = / / Flo, ) v(da)) Q@ da) . (1.12)

The relation (1.12) is referred to as the local balance equations (or detailed bal-
ance equations). If the state space is countable, these equations hold if for all
z, 7 € X,

v(2)Q(z,2') = v(2)Q(2', z) . (1.13)

Upon choosing a function f that only depends on the second variable in (1.12),

it is easily seen that vQ(f) = v(f) for all functions f € Fy (X). We can also write

this as v = v@Q. This equation is referred to as the global balance equations. By

induction, we find that ¥Q™ = v for all n > 0. The left-hand side of this equation

is the distribution of X,,, which thus does not depend on n when global balance

holds. This is a form of stationarity, obviously implied by local balance. We shall
tie this form of stationarity to the following customary definition.

Definition 10 (Stationary Process). A stochastic process { Xy} is said to be sta-
tionary (under P) if its finite-dimensional distributions are translation invariant,
that is, if for all k,m > 1 and all nq,...,ng, the distribution of the random vector
(Xny4ny -y Xnptn) does not depend on n.

A stochastic process with index set N, stationary but otherwise general, can
always be extended to a process with index set Z, having the same finite-dimensional
distributions (and hence being stationary). This is a consequence of Kolmogorov’s
existence theorem for stochastic processes.

For a Markov chain, any multi-dimensional distribution can be expressed in
terms of the initial distribution and the transition kernel—this is Proposition 4—
and hence the characterization of stationarity becomes much simpler than above.
Indeed, a Markov chain is stationary if and only if its initial distribution v and
transition kernel @ satisfy v@Q) = v, that is, satisfy global balance. Much more will
be said about stationary distributions of Markov chains in Chapter 7.

1.2 Hidden Markov Models

A hidden Markov model is a doubly stochastic process with an underlying stochastic
process that is not directly observable (it is “hidden”) but can be observed only
through another stochastic process that produces the sequence of observations.
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1.2.1 Definitions and Notations

In simple cases such as fully discrete models, it is common to define hidden Markov
models by using the concept of conditional independence. It turns out that condi-
tional independence is mathematically more difficult to define in general settings (in
particular, when the state space X of the Markov chain is not countable), and we
will adopt a different route to define general hidden Markov models. The HMM is
defined as a bivariate Markov chain, only partially observed though, whose transi-
tion kernel has a special structure. Indeed, its transition kernel should be such that
both the joint process { Xy, Yi } x>0 and the marginal unobservable (or hidden) chain
{Xk}k>0 are Markovian. From this definition, the usual conditional independence
properties of HMMs will then follow (see Corollary 15 below).

Definition 11 (Hidden Markov Model). Let (X, X) and (Y,Y) be two measurable
spaces and let Q and G denote, respectively, a Markov transition kernel on (X, X)
and a transition kernel from (X, X) to (Y,Y). Consider the Markov transition kernel
defined on the product space (X x Y, X ®Y) by

Tl(w,y),C] = //Q(x,dx’) G dy),  (my) EXxY,CeXey. (L14)
C

The Markov chain {Xy, Yy k>0 with Markov transition kernel T' and initial distri-
bution v ® G, where v is a probability measure on (X, X), is called a hidden Markov
model.

Although the definition above concerns the joint process { Xy, Yi }x>0, the term
hidden is only justified in cases where {X}}r>0 is not observable. In this respect,
{Xk}r>0 can also be seen as a fictitious intermediate process that is useful only
in defining the distribution of the observed process {Yj}r>0. We shall denote by
P, and E, the probability measure and corresponding expectation associated with
the process { Xy, Yy }x>0 on the canonical space ((X x Y)¥, (X @ V)®). Notice that
this constitutes a slight departure from the Markov notations introduced previously,
as v is a probability measure on X only and not on the state space X x Y of the
joint process. This slight abuse of notation is justified by the special structure of
the model considered here. Equation (1.14) shows that whatever the distribution
of the initial joint state (Xo,Yp), even if it were not of the form v x G, the law of
{Xk, Yy }k>1 only depends on the marginal distribution of X,. Hence it makes sense
to index probabilities and expectations by this marginal initial distribution only.

If both X and Y are countable, the hidden Markov model is said to be discrete,
which is the case originally considered by Baum and Petrie (1966).

Definition 12 (Partially Dominated Hidden Markov Model). The model of Def-
inition 11 is said to be partially dominated if there exists a probability measure
woon (Y,Y) such that for oll x € X, G(z,-) is absolutely continuous with respect
to p, G(z,-) < u(-), with transition density function g(z,-). Then, for A € Y,
Gz, A) = [, g(x,y) u(dy) and the joint transition kernel T can be written as

T((z,y).C] = / / Qla,de')g(z!,y') uldy) C € X @Y . (1.15)
C

In the third part of the book (Chapter 5 and following) where we consider
statistical estimation for HMMs with unknown parameters, we will require even
stronger conditions and assume that the model is fully dominated in the following
sense.
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Definition 13 (Fully Dominated Hidden Markov Model). If, in addition to the
requirements of Definition 12, there exists a probability measure X\ on (X, X) such
that v < X and, for all x € X, Q(x,-) < A(-) with transition density function
q(z,-). Then, for Ae X, Q(z,A) = [, q(z,2’) \(dz') and the model is said to be
fully dominated. The joint Markov transition kernel T is then dominated by the
product measure A @ i and admits the transition density function

t(2,9), (', y)] < qlw,a")g(z',y) . (1.16)

Note that for such models, we will generally re-use the notation v to denote the
probability density function of the initial state Xy (with respect to ) rather than
the distribution itself.

1.2.2 Conditional Independence in Hidden Markov Models

In this section, we will show that the “intuitive” way of thinking about an HMM,
in terms of conditional independence, is justified by Definition 11.

Proposition 14. Let {Xy, Y} x>0 be a Markov chain over the product space X x'Y
with transition kernel T given by (1.14). Then, for any integer p, any ordered set
{k1 < --- < kp} of indices and all functions f1,..., [, € Fu (Y),

E, [Hfi(yki) Xklw--,ka] ZH/Yfi(y) G(Xk,;,dy) - (1.17)

Proof. For any h € Fy, (XP), it holds that

E, Hfz(Yk,)h(Xk177ka)]
1= k:p
:/.../y(de)G(xo,dyO) [T Q@-1, de) G, dys)
i=1

X [H fl(y/ﬁ)‘| h(xkly . ,xkp)

:// (dxo)ﬁQ(xi 1 dz) D@y, k)

[+ G(ai, dy,) H / Fi(s) G s, dyi)

1€{k1, i€{k,..
Because [ G(z;,dy;) =1,
p

Hfi(Yki)h(Xkl,...,ka)] —

i=1

E,

E, h(Xk17~-~7ka) /fz yz Xudyl)
ze{kl, -k

Corollary 15.
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(i) For any integer p and any ordered set {k1 < --- < ky} of indices, the random
variables Yy, , ..., Yy, are P, -conditionally independent given (X, , Xp,, ..., Xp

(ii) For any integers k and p and any ordered set {k1 < --- < k,} of indices
such that k & {ki,...,ky}, the random variables Yy, and (Xy,,...,Xy,) are
P, -conditionally independent given Xj.

Proof. Part (i) is an immediate consequence of Proposition 14. To prove (ii), note
that for any f € Fy, (Y) and h € Fy, (XP),

Ey [f(Yk)h(Xlﬂ Yy ka) | Xk]
=B, [E (V) | Xbrs s Xay X)X, - Xn,) | X]
=B, [f(V) | Xe) B [W( X, -, Xi, ) | Xa] -

O

The conditional independence of the observations given the underlying sequence
of states implies that for any integers p and p’, any indices k1 < --- < kj, and k] <
+++ <k, such that {ky,...,kp} N {ki,... Kk, } =0 and any function f € Fy, (YP),

E,,[f(Ykl,...,Ykp)|Xk1,...,ka,Xk/l,...,Xk;,Ykll,...Yk;]
=E [f(Yers oo s Vi, ) | Xy oo, X ] o (1.18)
Indeed, in terms of conditional independence of the variables,
P

(Voo Yig,) AL (Vg Vi ) [ (X, Xy Xig o, X)) [P

and
(Ykl,...,YkP) 1L (Xk;,...,Xk;,)|(Xk1,...,Xk ) [P.] -

Hence,

7?7

(Virs o Vi) AL (Kip, o Ko

which implies (1.18).

e
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State Inference

11






Chapter 2

Filtering and Smoothing
Recursions

This chapter deals with a fundamental issue in hidden Markov modeling: given a
fully specified model and some observations Yy, ..., Y,, what can be said about the
corresponding unobserved state sequence Xy, ..., X,,? More specifically, we shall
be concerned with the evaluation of the conditional distributions of the state at
index k, X}, given the observations Yj,...,Y,, a task that is generally referred
to as smoothing. There are of course several options available for tackling this
problem (Anderson and Moore, 1979, Chapter 7) and we focus, in this chapter, on
the fized-interval smoothing paradigm in which n is held fixed and it is desired to
evaluate the conditional distributions of X, for all indices k£ between 0 and n. Note
that only the general mechanics of the smoothing problem are dealt with in this
chapter. In particular, most formulas will involve integrals over X. We shall not,
for the moment, discuss ways in which these integrals can be effectively evaluated,
or at least approximated, numerically.

The driving line of this chapter is the existence of a variety of smoothing ap-
proaches that involve a number of steps that only increase linearly with the number
of observations. This is made possible by the fact (to be made precise in Sec-
tion 2.3) that conditionally on the observations Y, ...,Y,,, the state sequence still
is a Markov chain, albeit a non-homogeneous one.

From a historical perspective, it is interesting to recall that most of the early
references on smoothing, which date back to the 1960s, focused on the specific case
of Gaussian linear state-space models, following the pioneering work by Kalman and
Bucy (1961). The classic book by Anderson and Moore (1979) on optimal filtering,
for instance, is fully devoted to linear state-space models—see also Chapter 10 of the
recent book by Kailath et al. (2000) for a more exhaustive set of early references on
the smoothing problem. Although some authors such as (for instance) Ho and Lee
(1964) considered more general state-space models, it is fair to say that the Gaus-
sian linear state-space model was the dominant paradigm in the automatic control
community'. In contrast, the work by Baum and his colleagues on hidden Markov
models (Baum et al., 1970) dealt with the case where the state space X of the hidden
state is finite. These two streams of research (on Gaussian linear models and finite
state space models) remained largely separated. Approximately at the same time, in
the field of probability theory, the seminal work by Stratonovich (1960) stimulated
a number of contributions that were to compose a body of work generally referred to

Interestingly, until the early 1980s, the works that did not focus on the linear state-space
model were usually advertised by the use of the words “Bayes” or “Bayesian” in their title—see,
e.g., Ho and Lee (1964) or Askar and Derin (1981).

13
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as filtering theory. The object of filtering theory is to study inference about partially
observable Markovian processes in continuous time. A number of early references in
this domain indeed consider some specific form of discrete state space continuous-
time equivalent of the HMM (Shiryaev, 1966; Wonham, 1965)—see also Lipster
and Shiryaev (2001), Chapter 9. Working in continuous time, however, implies the
use of mathematical tools that are definitely more complex than those needed to
tackle the discrete-time model of Baum et al. (1970). As a matter of fact, filtering
theory and hidden Markov models evolved as two mostly independent fields of re-
search. A poorly acknowledged fact is that the pioneering paper by Stratonovich
(1960) (translated from an earlier Russian publication) describes, in its first sec-
tion, an equivalent to the forward-backward smoothing approach of Baum et al.
(1970). Tt turns out, however, that the formalism of Baum et al. (1970) generalizes
well to models where the state space is not discrete anymore, in contrast to that
of Stratonovich (1960).

2.1 Basic Notations and Definitions

2.1.1 Likelihood

The joint probability of the unobservable states and observations up to index n is
such that for any function f € 7, ({X x Y} 1),

El/[f(XOa)/Oa"'aXnnYn)]:/"'/f(:r07y07"'7$nayn)
v(dzo)g(zo, yo) H (Tr—1,dzk)g(Tk, y) } n(dyo, - .- dyn) , (2.1)

where y1,, denotes the product distribution p®(*+1) on (Y?+1, y®+1)  Marginaliz-
ing with respect to the unobservable variables Xy, ..., X,,, one obtains the marginal
distribution of the observations only,

E.[f(Yo,...,Yn)] :/--~/f(y0,...,yn) Lun(Yos---»yn) n(dyo, - .- dyn) , (2.2)

where L, ,, is an important quantity which we define below for future reference.

Definition 16 (Likelihood). The likelihood of the observations is the probability
density function of Yy, Y1, ..., Y, with respect to u, defined, for all (yo,...,yn) €
Yn+1; by

Vn y07-~-7

Yn) =
/ / de x07y0)Q(xO7d(E1) (‘rhyl) Q(xnfhdxn)g(xnayn) . (23)
In addition,
o < log Ly (2.4)
is referred to as the log-likelihood function.

Remark 17 (Concise Notation for Sub-sequences). For the sake of conciseness, we
will use in the following the notation Y;.,, to denote the collection of consecutively

indexed variables Y}, ...,Y;, wherever possible (proceeding the same way for the
unobservable sequence {X}). In quoting (2.3) for instance, we shall write Ly, ,, (yo:n.)
rather than L, ,(vo,...,yn). By transparent convention, Y., refers to the single

variable Yy, although the second notation (Y}) is to be preferred in this particular
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case. In systematic expressions, however, it may be helpful to understand Yj.; as a
valid replacement of Y. For similar reasons, we shall, when needed, accept Yy41.x as
a valid empty set. The latter convention should easily be recalled by programmers,
as instructions of the form “for i equals k+1 to k, do...”, which do nothing, constitute
a well-accepted ingredient of most programming idioms.

2.1.2 Smoothing

We first define generically what is meant by the word smoothing before deriving
the basic results that form the core of the techniques discussed in the rest of the
chapter.

Definition 18 (Smoothing, Filtering, Prediction). For positive indices k, I, and n
with | > k, denote by ¢, ., the conditional distribution of Xi. given Yo.n, that is

(a) Gu ain is a transition kernel from Y@t o XU—k+1) .

b fO?” any g’L"U@’fL set A € X®(l_k+l); Yoin ¢u7k:l|n(y0:n,A) 1S a y®(”+1)-
measurable function,

e for any given sub-sequence Yo, A ¢y kjn(Yoin, A) is a probability dis-
tribution on (X!F+1 x®U-k+1)y,

(b) Gy aan satisfies, for any function f € F, (XI7F+1),
Eu [f(Xkl) |Y0:n] = / : /f(xkl) ¢u,k:l\n(ybzn7 dﬂ?k;l) 3

where the equality holds P, -almost surely. Specific choices of k and | give rise to
several particular cases of interest:

Joint Smoothing: ¢, o.nn, for n > 0;
(Marginal) Smoothing: ¢, ,, forn >k >0;

Prediction: ¢, 1), for n > 0; In describing algorithms, it will be convenient to
extend our notation to use ¢, 0—1 as a synonym for the initial distribution v;

p-step Prediction: ¢, , |, for n,p >0.

Filtering: ¢, |, for n > 0; Because the use of filtering will be preeminent in the
following, we shall most often abbreviate ¢, nn t0 Gy p-

In more precise terms, ¢, i1, is a version of the conditional distribution of Xj,
given Yj.,. It is however not obvious that such a quantity indeed exists in great
generality. The proposition below complements Definition 18 by a constructive
approach to defining the smoothing quantities from the elements of the hidden
Markov model.

Proposition 19. Consider a hidden Markov model compatible with Definition 12,
let n be a positive integer and yo., € Y™ a sub-sequence such that L, »(yon) > 0.
The joint smoothing distribution ¢, o.n|n then satisfies

Gu,0:nfn (Yons f) :Lu,n(?JO:n)_l/"'/f(!EO:n)

v(dzo)g(xo,y0) [ [ Q(wh-1, dur)g(zr,yx) (2.5)
k=1
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for all functions f € F, (X”‘H). Likewise, for indices p > 0,

Gu,0:n-+pln (Yoin, [) :/"'/f(xo:nﬂo)

n+p

X ¢u,0:n|n(y0!’n7 de:n) H Q(ij—l, d.’,l?k) (26)

k=n+1
for all functions f € Fy, (Xn+p+1).

Proof. Equation (2.5) defines ¢, .n|,, in a way that obviously satisfies part (a) of
Definition 18. To prove the (b) part of the definition, consider a function h €
Fu (Y1), By (2.1),

By [h(You) f (Xom)] = / / B (youn) f (202n)

x v(dxo)g(zo,yo) lH Q(zr-1,dzk)g(@k, Yr) | n(dyon) -

k=1

Using Definition 16 of the likelihood L, , and (2.5) for ¢, o.nn yields

Eu[h(YOn)f(XOn)] = / o / h(yOn) ¢U,O:n|n(y0:n7 f)Lu,n(yO:n) ,U/n(dyOn)
= Eu[h(YO:n)d)v,O:n\n(}/O:n; f)] . (27)

Hence E, [f(Xo:n) | Yo:n] equals ¢, 0.5 (Yo:n, f), Pu-a.e., for any function f € F, (X”“).
For (2.6), proceed similarly and consider two functions f € Fy, (X"™7%1) and
h € Fy, (Y™). First apply (2.1) to obtain

Eu[h(YO:n>f(X0:n+p)] = /"'/f(mO:ner)

x v(dwo)g(xo, o) lH Q(xkladxk)g(mkayk)] h(Yo:n)

k=1
n+p

X [ 11 Q(a:z_hdxz)g(wz,yz)] tin+p(dYointp) -
l=n+1

When integrating with respect to the subsequence ¥;,41:n+p, the third line of the pre-
vious equation reduces to H?:fﬂ Q(xi-1,dx;) pin (dyo.rn). Finally use (2.3) and (2.5)
to obtain

By [h(Yo) f (Xoumsp)] = / / B(Youn) f (Z0imsp)

n—+p
¢U,O:n|n(y0:n7d'r0:n) [ H Q(xkludwk)] Lu,n(yO:n)ﬂn(dyO:n) ) (28)
k=n+1
which concludes the proof. O

Proposition 19 also implicitly defines all other particular cases of smoothing
kernels mentioned in Definition 18, as these are obtained by marginalization. For
instance, the marginal smoothing kernel ¢, x|, for 0 < k < n is such that for any
Yo:n € Yn+1 and f € Fb (X)v

Gu kojn (Yoin, f) déf/"'/f(wk)¢V,O:n‘n(y():n;dx0;n>, (2.9)
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where ¢, .| is defined by (2.5).

Likewise, for any given 3o., € Y™ !, the p-step predictive distribution Gvn+pin (Yo
may be obtained by marginalization of the joint distribution ¢, ¢.pp|n(Y0:n, ) With
respect to all variables zj except the last one (the one with index k = n + p).
A closer examination of (2.6) together with the use of the Chapman-Kolmogorov
equations introduced in (1.1) (cf. Chapter 7) directly shows that ¢, 4pjn(Yoin, ) =
v (Yon, -)QF, where ¢, ,, refers to the filter (conditional distribution of X, given
Yoin)-

2.1.3 The Forward-Backward Decomposition

Replacing ¢, .n|n in (2.9) by its expression given in (2.5) shows that it is always
possible to rewrite ¢, |, (Yo:n, f), for functions f € Fy, (X), as

¢u,k|n(y0:n7 f) = Ly,n(yO:n)71 / f(ll?) o‘u,k(yO:kv dx)6k|n(yk+1:n7 17) ) (210)

where v, and B, are defined below in (2.11) and (2.12), respectively. In simple
terms, ay, j correspond to the factors in the multiple integral that are to be inte-
grated with respect to the state variables x; with indices [ < k while 3, gathers
the remaining factors (which are to be integrated with respect to z; for [ > k). This
simple splitting of the multiple integration in (2.9) constitutes the forward-backward
decomposition.

Definition 20 (Forward-Backward “Variables”). For k € {0,...,n}, define the
following quantities.

Forward Kernel «, . is the non-negative finite kernel from (YF+1 y2(k+1)y 4o
(X, X) such that

K
o,k (Yo, | / /f ) v(dzo)g(zo, yo) [ [ Qai-v, da)g(z,w) . (2.11)
=1

with the convention that the rightmost product term is empty for k = 0.

Backward Function [y, is the non-negative measurable function on Y7k o X
defined by

6k|n(yk+1 iny L

/ /Q 2, dry1)9(Tha1, Yrr1) H Q(z1—1,dz)g(zr, 1) »  (2.12)

I=k+2

for k < n —1 (with the same convention that the rightmost product is empty for
k=mn—1); Byn(-) is set to the constant function equal to 1 on X.

The term “forward and backward variables” as well as the use of the symbols
a and 3 is part of the HMM credo and dates back to the seminal work of Baum
and his colleagues (Baum et al., 1970, p. 168). It is clear however that for a general
model as given in Definition 12, these quantities as defined in (2.11) and (2.12)
are very different in nature, and indeed sufficiently so to prevent the use of the
loosely defined term “variable”. In the original framework studied by Baum and
his coauthors where X is a finite set, both the forward measures @, (Yo, -) and the
backward functions Bg|n (Yr+1:n,-) can be represented by vectors with non-negative
entries. Indeed, in this case o, i (Yo:k, ) has the interpretation P, (Yo = yo, ..., Y =
Yk, X, = x) while By, (Yrt1:m, ) has the interpretation P(Yiy1 = yri1,...,Yn =
Yn | Xr = x). This way of thinking of a1, and Sy, may be extended to general state

my )
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spaces: oy, i (Yo:k, dz) is then the joint density (with respect to pr11) of Y, ..., Y%
and distribution of Xy, while Sy, (yr+1:n, ) is the conditional joint density (with
respect to pi,—g) of Yii1,...,Y, given X = 2. Obviously, these entities may then
not be represented as vectors of finite length, as when X is finite; this situation is
the exception rather than the rule.

Let us simply remark at this point that while the forward kernel at index k
is defined irrespectively of the length n of the observation sequence (as long as
n > k), the same is not true for the backward functions. The sequence of backward
functions clearly depends on the index where the observation sequence stops. In
general, for instance, (y,— differs from [y, even if we assume that the same
sub-observation sequence yg.,—1 is considered in both cases. This is the reason for
adding the terminal index n to the notation used for the backward functions. This
notation also constitutes a departure from HMM traditions in which the backward
functions are simply indexed by k. For o, , the situation is closer to standard
practice and we simply add the subscript v to recall that the forward kernel oy, , in
contrast with the backward measure, does depend on the distribution v postulated
for the initial state Xj.

2.1.4 Implicit Conditioning (Please Read This Section!)

We now pause to introduce a convention that will greatly simplify the exposition of
the material contained in the first part of the book (from this chapter on, starting
with the next section), both from terminological and notational points of view. This
convention would however generate an acute confusion in the mind of a hypothetical
reader who, having read Chapter 2 up to now, would decide to skip our friendly
encouragement to read what follows carefully.

In the rest of Part I (with the notable exception of Section 3), we focus on the
evaluation of quantities such as ¢, o.n|n OF @, k| for a given value of the observation
sequence Yg.,. In this context, we expunge from our notations the fact that all
quantities depend on yo.,. In particular, we rewrite (2.5) for any f € F, (X"H)
more concisely as

Gvommin(f) = Lk / - / F(rom) vidro)go(zo) [[ Qi v, dr)ailes) ,  (213)

where gi are the data-dependent functions on X defined by gx(z) def g(z,yg) for
the particular sequence yg.,, under consideration. The sequence of functions {gx}
is about the only new notation that is needed as we simply re-use the previously
defined quantities omitting their explicit dependence on the observations. For in-
stance, in addition to writing L, ,, instead of L, ,,(Yo:n), we will also use ¢,,(+) rather
than ¢, (Yo:n, ), Brjn(-) rather than By, (Yx+1:m,-), etc. This notational simplifica-
tion implies a corresponding terminological adjustment. For instance, «,, j will be
referred to as the forward measure at index k and considered as a positive finite
measure on (X, X). In all cases, the conversion should be easy to do mentally, as in
the case of a, , for instance, what is meant is really “the measure a, x(yo.x, -), for
a particular value of yo.,, € YFH17,

At first sight, omitting the observations may seem a weird thing to do in a
statistically oriented book. However, for posterior state inference in HMMSs, one
indeed works conditionally on a given fixed sequence of observations. Omitting the
observations from our notation will thus allow more concise expressions in most
parts of the book. There are of course some properties of the hidden Markov
model for which dependence with respect to the distribution of the observations
does matter (hopefully!) This is in particular the case of Section 3 on forgetting
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and Chapter 6, which deals with statistical properties of the estimates for which we
will make the dependence with respect to the observations explicit.

2.2 Forward-Backward

The forward-backward decomposition introduced in Section 2.1.3 is just a rewriting
of the multiple integral in (2.9) such that for f € F, (X),

Suiin(1) = Lok [ £(&) @uadn) (o) (2.14)
where
k
ay, flag) v(dxo)go(z Q(zj—1,dx)gi(x;) (2.15)
k( / / k) 0)go(Zo 11;11 1-1,dxy)gi(x
and
ﬂk|n(x):

/ /Q T d$k+1)gk+1 x]g+1 H Q T — 1,dl‘[)gl(l’l) (216)

I=k+2

The last expression is, by convention, equal to 1 for the final index k = n. Note
that we are now using the implicit conditioning convention discussed in the previous
section.

2.2.1 The Forward-Backward Recursions

The point of using the forward-backward decomposition for the smoothing problem
is that both the forward measures «,; and the backward functions By, can be
expressed recursively rather than by their integral representations (2.15) and (2.1.4).
This is the essence of the forward-backward algorithm proposed by Baum et al.
(1970, p. 168), which we now describe.

Proposition 21 (Forward-Backward Recursions). The forward measures defined
by (2.15) may be obtained, for all f € F, (X), recursively for k =1,...,n according
to

avn(f) = / £@) / a1 (d2)Q (e, da ) gu () (2.17)

with initial condition

avalf) = [ @)l v(da) (2.18)

Similarly, the backward functions defined by (2.16) may be obtained, for all x €
X, by the recursion

Bun(®) = [ Qe (@)@ (2.19)
operating on decreasing indices k =n — 1 down to 0; the initial condition is

Bnpn(z) =1. (2.20)
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Proof. The proof of this result is straightforward and similar for both recursions.
For a, , for instance, simply rewrite (2.15) as

ayk(f) = /mkex f(xk)/zklex [/...LOEX,‘..,kaEX
k—1

v(dzo)go(o) [ | Q(xlhdﬂ«"z)gz(ﬂﬂz)] Q(xr—1, drr)gr(2r)

=1
where the term in brackets is recognized as «, k—1(dzi_1). O

Remark 22 (Concise Markov Chain Notations). In the following, we shall often
quote the above results using the concise Markov chain notations introduced in
Chapter 1. For instance, instead of (2.17) and (2.19) one could write more simply

avk(f) = avr—1Q(fgr) and Byn = Q(gr+18k+1jn). Likewise, the decomposition
(2.14) may be rewritten as

¢u,k|n(f) = L;}zau,k (fﬁkm) .

The main shortcoming of the forward-backward representation is that the quan-
tities ay , and By, do not have an immediate probabilistic interpretation. Recall,
in particular, that the first one is a finite (positive) measure but certainly not a
probability measure, as o, (1) # 1 (in general). There is however an important
solidarity result between the forward and backward quantities o, and By,, which
is summarized by the following proposition.

Proposition 23. For all indices k € {0,...,n},

O‘l@k(ﬁlﬂn) = Lum

and
al/,k:<1) = Lu,k 3

where L, i, refers to the likelihood of the observations up to index k (included) only,
under P, .

Proof. Because (2.14) must hold in particular for f = 1 and the marginal smoothing
distribution ¢, 1, is a probability measure,

def _
Gupin(1) = 1=L; Lowr (Biyn) -

For the final index k = n, 3,, is the constant function equal to 1 and hence
a,n(1) = L,,,. This observation is however not specific to the final index n, as o,
only depends on the observations up to index k£ and thus any particular index may
be selected as a potential final index (in contrast to what happens for the backward
functions). O

2.2.2 Filtering and Normalized Recursion

The forward and backward quantities a,, and (), as defined in previous sections,
are unnormalized in the sense that their scales are largely unknown. On the other
hand, we know that a, x(Bk,) is equal to L, ., the likelihood of the observations
up to index n under P,,.

The long-term behavior of the likelihood L, ,,, or rather its logarithm, is a result
known as the asymptotic equipartition property, or AEP (Cover and Thomas, 1991)
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in the information theoretic literature and as theShannon-McMillan-Breiman theo-
rem in the statistical literature. For HMMs, Proposition 112 (Chapter 6) shows that
under suitable mixing conditions on the underlying unobservable chain {Xj}r>0,
the AEP holds in that n~!log L, ,, converges P,-a.s. to a limit as n tends to infinity.
The likelihood L, ,, will thus either grow to infinity or shrink to zero, depending on
the sign of the limit, exponentially fast in n.

The famous tutorial by Rabiner (1989) coined the term scaling to describe a
practical solution to this problem. Interestingly, scaling also partly answers the
question of the probabilistic interpretation of the forward and backward quantities.

Scaling as described by Rabiner (1989) amounts to normalizing «, j and Brin
by positive real numbers to keep the numeric values needed to represent o, ; and
Br|n within reasonable bounds. There are clearly a variety of options available,
especially if one replaces (2.14) by the equivalent auto-normalized form

Dot (F) = [ (Bi)] / oo ) (2.21)

assuming that v, x(Bg)) is indeed finite and non-zero.

In our view, the most natural scaling scheme (developed below) consists in
replacing the measure «,,; and the function Gy, by scaled versions a,, ; and Bk‘n
of these quantities, satisfying both

(i) @u,k(l) = 1, and
(ll) &u,k(gkm) =1.

Item (i) implies that the normalized forward measures @, j are probability measures
that have a probabilistic interpretation given below Item (ii) 1mphes that the
normalized backward functions are such that ¢, . (f =[f(z ) B () i (d) for
all f € Fy, (X), without the need for a further renormahzatlon We note that this
scaling scheme differs slightly from the one described by Rabiner (1989).

To derive the probabilistic interpretation of &, i, observe that (2.14) and Propo-
sition 23, instantiated for the final index & = n, imply that the filtering distribution
bu,n at index n (recall that ¢, ,, is used as a simplified notation for ¢, ,,,) may be
written [ay,,(1)] "'y . This finding is of course not specific to the choice of the
index n as already discussed when proving the second statement of Proposition 23.
Thus, the normalized version @, of the forward measure o, j coincides with the
filtering distribution ¢, ; introduced in Definition 18. This observation together
with Proposition 23 implies that there is a unique choice of scaling scheme that
satisfies the two requirements of the previous paragraph, as

/f ) Gukjn(d) V'n,/f ) w1 (d) By ()

:/f(x) kauk(dx)L w Lok Bkjn (z)
@V’k(d.ﬂﬁ) Bk|n(x)

must hold for any f € Fy (X). The following definition summarizes these conclu-
sions, using the notation ¢, ;, rather than &, , as these two definitions refer to the
same object—the filtering distribution at index k.

Definition 24 (Normalized Forward-Backward Variables). For k € {0,...,n}, the
normalized forward measure o, 1, coincides with the filtering distribution ¢, 1 and
satisfies

v,k = Ok - Qy | = ;kau,k .
¢ [, (1)) Lo
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The normalized backward functions Bkln are defined by

auk()

w1 (Brjn)

The above definition would be pointless if computing a,, . and By, was indeed
necessary to obtain the normalized variables ¢, and Bj,. The following result
shows that this is not the case.

_ L,

Proposition 25 (Normalized Forward-Backward Recursions). Forward Filtering
Recursion The filtering measures may be obtained, for all f € Fy, (X), recursively
for k=1,....n according to

Con = / / b0 i1 (d2)Q(x, dr')gu(a') |
bur(f) = / f(a') / b1 (d2)Q (. dr' g (2) (2.22)

with initial condition
Cuo = /go(x)z/(dx) ,

buolf) = b / f(@)go(a) v(dx)

Normalized Backward Recursion The normalized backward functions may be
obtained, for all x € X, by the recursion

Bk\n(x) = C;]1g+1 /Q(xv dx/)ngrl ($/)3k+1|n($/) (2'23)

operating on decreasing indices k = n—1 down to 0; the initial condition is Bn‘n(x) =
1.

Once the two recursions above have been carried out, the smoothing distribution
at any gwen index k € {0,...,n} is available via

bom(f) = / F(2) Bugn (@) (d) (2.24)

for all f € F, (X).

Proof. Proceeding by forward induction for ¢, and backward induction for gy,
it is easily checked from (2.22) and (2.23) that

X 1 n -1
d)u,k: = <H CV,l) Ay k and Bk\n = ( H Cl/,l) ﬂk|n . (225)
=0

I=k+1
Because ¢, ) is normalized,

1
$ui(1) L1 = (ch) (1) -

Proposition 23 then implies that for any integer k,

k
Lox = ][ evi- (2.26)

1=0
In other words, ¢, 0 = L,0 and for subsequent indices k¥ > 1, ¢, = Ly /Ly k—1.
Hence (2.25) coincides with the normalized forward and backward variables as spec-
ified by Definition 24. O
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We now pause to state a series of remarkable consequences of Proposition 25.

Remark 26. The forward recursion in (2.22) may also be rewritten to highlight
a two-step procedure involving both the predictive and filtering measures. Recall
our convention that ¢, 1 refers to the predictive distribution of Xy when no
observation is available and is thus an alias for v, the distribution of X,. For
ke {0,1,...,n} and f € Fy, (X), (2.22) may be decomposed as

Cuk = v lk—1(9r)
bui(f) = C;i Gukpk—1(far) »
o vk = P k@ - (2.27)

The equivalence of (2.27) with (2.22) is straightforward and is a direct consequence
of the remark that ¢pi i = ¢,xQ, which follows from Proposition 19 in Sec-
tion 2.1.2. In addition, each of the two steps in (2.27) has a very transparent
interpretation.

Predictor to Filter: The first two equations in (2.27) may be summarized as

builf) ox / 1) g, Vi) by (da) (2.28)

where the symbol o« means “up to a normalization constant” (such that
¢v1,(1) = 1) and the full notation g(x, Yy) is used in place of gi(z) to highlight
the dependence on the current observation Yj. Equation (2.28) is recognized
as Bayes’ rule applied to a very simple equivalent Bayesian pseudo-model in
which

o X} isdistributed a priori according to the predictive distribution ¢, gr—1,

e ¢ is the conditional probability density function of Y, given Xj.

The filter ¢, 1, is then interpreted as the posterior distribution of X}, given Y7
in this simple equivalent Bayesian pseudo-model.

Filter to Predictor: The last equation in (2.27) simply means that the updated
predicting distribution ¢, ;1 1x is obtained by applying the transition kernel
to the current filtering distribution ¢, ;. We are thus left with the very basic
problem of determining the one-step distribution of a Markov chain given its
initial distribution.

Remark 27. In many situations, using (2.27) to determine ¢, ;, is indeed the goal
rather than simply a first step in computing smoothed distributions. In particular,
for sequentially observed data, one may need to take actions based on the observa-
tions gathered so far. In such cases, filtering (or prediction) is the method of choice
for inference about the unobserved states, a topic that will be developed further in
Chapter 4.

Remark 28. Another remarkable fact about the filtering recursion is that (2.26)
together with (2.27) provides a method for evaluating the likelihood L, ;, of the ob-
servations up to index k recursively in the index k. In addition, as ¢, = L, /Ly k-1
from (2.26), ¢, may be interpreted as the conditional likelihood of Y}, given the pre-
vious observations Yj.,_1. However, as discussed at the beginning of Section 2.2.2,
using (2.26) directly is generally impracticable for numerical reasons. In order to
avoid numerical under- or overflow, one can equivalently compute the log-likelihood
¢, ;. Combining (2.26) and (2.27) gives the important formula

k
def
Ku,k = IOgLu,k = E 10g¢u,l|l71(gl) ) (229)
=0
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where ¢, ;1 is the one-step predictive distribution computed according to (2.27 )
(recalling that by convention, ¢, o1 is used as an alternative notation for v).

Remark 29. The normalized backward function Bk|n does not have a simple proba-
bilistic interpretation when isolated from the corresponding filtering measure. How-
ever, (2.24) shows that the marginal smoothing distribution, ¢, x|,, is dominated
by the corresponding filtering distribution ¢, and that Gy, is by definition the
Radon-Nikodym derivative of ¢, |, with respect to ¢, y,

3 d¢u,k|n
ﬁk|n = dbur

AS a consequence,
inf {M €R: ¢, ({Brjn > M}) =0} > 1

and
sup {M eR: ¢u,k({5k\n <M}) = 0} <1,

with the conventions inf() = co and sup@ = —oo. As a consequence, all values
of Bkm cannot get simultaneously large or close to zero as was the case for S,
although one cannot exclude the possibility that By, still has important dynamics
without some further assumptions on the model.

The normalizing factor H?:k+1 ¢vi =Ly /Ly i by which Bk\n differs from the
corresponding unnormalized backward function 3, may be interpreted as the con-
ditional likelihood of the future observations Yjy1., given the observations up to
index k, Yy.k.

2.3 Markovian Decompositions

The forward-backward recursions (Proposition 21) and their normalized versions
(Proposition 25) were probably already well-known to readers familiar with the
hidden Markov model literature. A less widely observed fact is that the smooth-
ing distributions may also be expressed using Markov transitions. In contrast to
the forward-backward algorithm, this second approach will already be familiar to
readers working with dynamic (or state-space) models (Kailath et al., 2000, Chap-
ter 10). Indeed, the method to be described in Section 2.3.2, when applied to
the specific case of Gaussian linear state-space models, is known as Rauch-Tung-
Striebel (sometimes, abbreviated to RTS) smoothing after Rauch et al. (1965). The
important message here is that {Xj}r>0 (as well as the index-reversed version of
{Xk}k>0, although greater care is needed to handle this second case) is a non-
homogeneous Markov chain when conditioned on some observed values {Yj }o<k<n.
The use of this approach for HMMs with finite state spaces as an alternative to the
forward-backward recursions is due to Askar and Derin (1981)—see also (Ephraim
and Merhav, 2002, Section V) for further references.

2.3.1 Forward Decomposition

Let n be a given positive index and consider the finite-dimensional distributions of
{Xk}k>0 given Yp.,. Our goal will be to show that the distribution of X}, given
Xo.x—1 and Yp., reduces to that of X given Xj_; only and Yj.,, this for any
positive index k. The following definition will be instrumental in decomposing the
joint posterior distributions ¢, o.xn-
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Definition 30 (Forward Smoothing Kernels). Given n > 0, define for indices
ke€{0,...,n— 1} the transition kernels

€ n d ! n ! ] n O
Fyn(a, A) 2 £ [Brpn ()] 7! [, Qz, da") grgr (27) Brgapn (') if Bry (?3) # (2.30)
0 otherwise ,
for any point x € X and set A € X. For indices k > n, simply set
Fk:|n d§f Q 5 (231)

where Q is the transition kernel of the unobservable chain {Xi}r>o.

Note that for indices k <n —1, Fjjn depends on the future observations Yy 1.,
through the backward variables Sy, and By11}, only. The subscript n in the Fy,
notation is meant to underline the fact that, like the backward functions By, the
forward smoothing kernels Fy,, depend on the final index n where the observation
sequence ends. The backward recursion of Proposition 21 implies that [5Mn(x)]’1
is the correct normalizing constant. Thus, for any z € X, A +— Fp,(z, 4) is a
probability measure on X. Because the functions = +— ﬁk‘n(x) are measurable on
(X, &), for any set A € X, x — Fy, (2, A) is X/B(R)-measurable. Therefore, Fy,,
is indeed a Markov transition kernel on (X, X). The next proposition provides a
probabilistic interpretation of this definition in terms of the posterior distribution of
the state at time k 4 1, given the observations up to time n and the state sequence
up to time k.

Proposition 31. Given n, for any index k > 0 and function f € F, (X),
El/[f(Xk+1) |X0:k’7 }/On} = Fk|n(Xk7 f) )

where ¥y, is the forward smoothing kernel defined by (2.30) for indices k <n —1
and (2.31) for indices k > n.

Proof. First consider an index 0 < k < n and let f and h denote functions in F, (X)
and Fy, (X¥*1), respectively. Then

E, [f (Xky1)h(Xowx) | Youn] = /"'/f(karl)h(xO:k) Bu0:k+1jn(dT0:k11)
which, using (2.13) and the definition (2.16) of the backward function, expands to
k
L;i/---/h(wozk) V(dl‘o)go(xo)HQ(xi—hda?z‘)gi(%)
i=1
x /Q(mkadwk+1)f($k+1)gk+1(wk+1)

/ / H Q(zi—1, day)gi(z:) . (2.32)

i=k+2

Briin(Tr+1)

From Definition 30, [ Q(@x, dzks1) f(Zr+1)gr+1(Zh+1)Brt1in (Tht1) is equal to Fryp (2, f)Bjn (k)
Thus, (2.32) may be rewritten as

By [f (Xt )h(Xou) | You] = Ly / - / Fopn (i, £)h (o)

k
v(dxo)go(xo) [H Q(xz'—hdxi)gi(xi)] Brpn(Tr) . (2.33)

i=1
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Using the definition (2.16) of B, again, this latter integral is easily seen to be
similar to (2.32) except for the fact that f(xx41) has been replaced by Fy, (v, f).
Hence

Eu [f(XlH»l)h(XOk) |Y0:n] - EV [Fk|n(Xka f)h(XOk) | YO:n} 3

for all functions h € F, (X**1) as requested.
For k > n, the situation is simpler because (2.6) implies that ¢, .xtr1pn =

(bu.,o:k\nQ- Hence,
Ey [f(Xk+1)h(Xo:k) | Youn]
://h(l"ok) ¢V7O:k|n(d$0:k)/Q(xk’dxk+1)f(xk+l)’

and thus

Eu [f(Xk—ﬁ-l)h(XOk) |Y0:n] = / o / h(xOZk)d)u,O:Hn(d‘rOZk)Q(IEk’ f) ’
= EV [Q(Xk, f)h(XO:k) | Ybn] .
[

Remark 32. A key ingredient of the above proof is (2.32), which gives a repre-
sentation of the joint smoothing distribution of the state variables Xg.; given the
observations up to index n, with n > k. This representation, which states that

¢V,O:k|n(f)
k
:L;}l/.../f(xo;k) v(dzo)gn(ao) | [] Qios,dwi)giw) | Bun(ar)  (2:34)

for all f € Fy, (X¥1), is a generalization of the marginal forward-backward decom-
position as stated in (2.14).

Proposition 31 implies that, conditionally on the observations Yj.,, the state
sequence {Xy}r>0 is a non-homogeneous Markov chain associated with the family
of Markov transition kernels {Fy/,, }r>0 and initial distribution ¢,, o|,. The fact that
the Markov property of the state sequence is preserved when conditioning sounds
surprising because the (marginal) smoothing distribution of the state X} depends
on both past and future observations. There is however nothing paradoxical here, as
the Markov transition kernels Fy,, indeed depend (and depend only) on the future
observations Yy 1.

As a consequence of Proposition 31, the joint smoothing distributions may be
rewritten in a form that involves the forward smoothing kernels using the Chapman-
Kolmogorov equations (1.1).

Proposition 33. For any integers n and m, function f € Fy, (Xm“) and initial
probability v on (X, X),

Eu[f(XO:m)) |}/On] =

/ - / Fom) Do o) [T Ficn(oa-,do) . (2:35)

where {Fy,, }rk>0 are defined by (2.30) and (2.31) and ¢,,o},, is the marginal smooth-
ing distribution defined, for any A € X, by

buoin(A) = [(gofop)] " /A () go () Born () (2.36)
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If one is only interested in computing the fixed point marginal smoothing dis-
tributions, (2.35) may also be used as the second phase of a smoothing approach
which we recapitulate below.

Corollary 34 (Alternative Smoothing Algorithm). Backward Recursion Com-
pute the backward variables By, down to By, by backward recursion according
to (2.19) in Proposition 21.

Forward Smoothing ¢, |, is given by (2.36) and for k >0,

¢u,k’+1\n = ¢u,k|an|n s
where Fy, are the forward kernels defined by (2.30).

For numerical implementation, Corollary 34 is definitely less attractive than the
normalized forward-backward approach of Proposition 25 because the backward
pass cannot be carried out in normalized form without first determining the forward
IMeasures Qy j.

On the other hand, Proposition 33 provides a general decomposition of the
joint smoothing distribution that will be instrumental in establishing some form of
ergodicity of the Markov chain that corresponds to the unobservable states { Xy } x>0,
conditional on some observations Yp., (see Section 3).

2.3.2 Backward Decomposition

In the previous section it was shown that, conditionally on the observations up to
index n, Y.y, the state sequence { X}, }x>0 is a Markov chain, with transition kernels
Fin. We now turn to the so-called time-reversal issue: is it true in general that
the unobserved chain with the indices in reverse order, forms a non-homogeneous
Markov chain, conditionally on some observations Yj.,,?

We already discussed time-reversal for Markov chains in Section 1.1 where it
has been argued that the main technical difficulty consists in guaranteeing that the
reverse kernel does exist. For this, we require somewhat stronger assumptions on
the nature of X by assuming for the rest of this section that X is a Polish space
and that X is the associated Borel o-field. From the discussion in Section 1.1 (see
Definition 2 and comment below), we then know that the reverse kernel does exist
although we may not be able to provide a simple closed-form expression for it. The
reverse kernel does have a simple expression, however, as soon as one assumes that
the kernel to be reversed and the initial distribution admit densities with respect
to some measure on X.

Let us now return to the smoothing problem. For positive indices k such that
k < n — 1, the posterior distribution of (X, Xy4+1) given the observations up to
time k satisfies

E,[f(Xk, Xit1) | Youu] = // f(xr, xpg1) dui(dey) Q(@r, drysr) (2.37)

for all f € Fy, (X x X). From the previous discussion, there exists a Markov transi-
tion kernel B, ; which satisfies Definition 2, that is

Bux (B, (2, A), 7 € X, A € X}

such that for any function f € Fy (X x X),

By [f(Xk, Xkq1) | You] = //f(xkaxlwrl)¢v,k+1\k(dxk+1)Bu,k(xk+17dmk) , (2.38)

where ¢, j11x = ¢u,kQ is the one-step predictive distribution.
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Proposition 35. Given a strictly positive index n, initial distribution v, and index
ke{0,...,n—1},

E,[f(Xk) | Xkt 15 Yorn] = By ke (X1, f)
for any f € F, (X). Here, B, 1 is the backward smoothing kernel defined in (2.38).

Before giving the proof of this result, we make a few remarks to provide some
intuitive understanding of the backward smoothing kernels.

Remark 36. Contrary to the forward kernel, the backward transition kernel is only
defined implicitly through the equality of the two representations (2.37) and (2.38).
This limitation is fundamentally due to the fact that the backward kernel implies a
non-trivial time-reversal operation.

Proposition 35 however allows a simple interpretation of the backward kernel:
Because E, [f(Xk) | Xk+1:n, Yo:n] is equal to By, (Xy11, f) and thus depends neither
on X; for I > k41 nor on Y, for [ > k + 1, the tower property of conditional ex-
pectation implies that not only is B, (Xk11, f) equal to E, [f(Xk) | Xx+1, Yo:n] but
also coincides with E, [f(Xk) | Xk+1, Yo.x], for any f € F, (X). In addition, the dis-
tribution of Xj41 given X and Yp., reduces to Q(Xk, ) due to the particular form
of the transition kernel associated with a hidden Markov model (see Definition 11).
Recall also that the distribution of X}, given Yp., is denoted by ¢, . Thus, B, j
can be interpreted as a Bayesian posterior in the equivalent pseudo-model where

e X, is distributed a priori according to the filtering distribution ¢, g,
e The conditional distribution of Xy given X} is Q(Xg, -).

B, k(Xk+1,-) is then interpreted as the posterior distribution of X given Xj14 in
this equivalent pseudo-model.

In particular, for HMMSs that are “fully dominated” in the sense of Definition 13,
@ has a transition probability density function ¢ with respect to a measure A on X.
This is then also the case for ¢, j, which is a marginal of (2.13). In such cases, we
shall use the slightly abusive but unambiguous notation ¢, x(dz) = ¢, k(x) A(dz)
(that is, ¢, denotes the probability density function with respect to A rather
than the probability distribution). The backward kernel B, y(xr+1,-) then has a
probability density function with respect to A, which is given by Bayes’ formula,

éf’u,k(x)Q(x,wkH)

N fx bu ke (2)q(z, 2p11) Ndx) (2.39)

By k(Tr+1, )

Thus, in many cases of interest, the backward transition kernel B, ; can be
written straightforwardly as a function of ¢, and @. In these situations, Propo-
sition 38 is the method of choice for smoothing, as it only involves normalized
quantities, whereas Corollary 34 is not normalized and thus can generally not be
implemented as it stands.

of Proposition 35. Let k € {0,...,n— 1} and h € F, (X”_k). Then

Eu[f(Xk)h(Xk+1:n) |Y0:n] = / '/f(xk)h($k+1:n) (bu,k:n\n(dxk:n) . (2'40)
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Using the definition (2.13) of the joint smoothing distribution Gu,kin|n yields

EV[f(Xk)h(Xk+1n) | YO:n]

k
— Lk / / A don(ro) [ Qv o) o)

X [ H Q($i—1,dxi)gi(zi)] h(@kt1:n)
i=k+1

M/ G in (drg)Q(wk, drgy1) f(Tk) Ght1 (Tht1)

L ki
x // [ H Q(xi_l,daji)gi(l‘i)‘| h(Zkt1:n) (2.41)

i=k+2

which implies, by the definition (2.38) of the backward kernel, that
EV[f(Xk)h(Xk+l:n) ‘ YO:n}

L,
ok // By k(@rq1, doeg) f(2r) O or 1)k (dTrg1) Gy (Trg1)

" Lun
™ //[ H Q(_xil,dmi)gi(wi)] h(Zry1m) . (2.42)

i=k+2

Taking f = 1 shows that for any function b’ € F, (X"7F),

L,
El/[h/(XkJrl:n) |Y0:n] = TJC/ ' '/hl(karl:n)

X Gy k1 k(A1 1) g1 (Trr1) H Q(zi—1,dx;)gi () .
i=kt2

Identifying A" with h(zgt1.) [ f(2) By g(zg41,dz), we find that (2.42) may be
rewritten as

Eu[f<Xk)h<Xk+1:n) ‘ Yon}

=E, l:h(Xk+1:n) /Bu,k(Xk-i-l:d'r)f(x)

YO:n:| 3
which concludes the proof. O

The next result is a straightforward consequence of Proposition 35, which refor-
mulates the joint smoothing distribution ¢, g.,|, in terms of the backward smooth-
ing kernels.

Corollary 37. For any integer n > 0 and initial probability v,

n—1

Eu[f(XO:n) ‘ Ybn] = / : /f(mOm) ¢V,n(dxn) H Bu,k(karlvdxk) (243)

k=0

for all f € F (X"“), Here, {By k}o<k<n—1 are the backward smoothing kernels
defined in (2.38) and ¢y, is the marginal filtering distribution corresponding to the
final index n.
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It follows from Proposition 35 and Corollary 37 that, conditionally on Yj.,, the
joint distribution of the index-reversed sequence {Xk}ogkgn, with X = Xp_g, is
that of a non-homogeneous Markov chain with initial distribution ¢, , and transi-
tion kernels {B, »_}1<k<n. This is an exact analog of the forward decomposition
where the ordering of indices has been reversed, starting from the end of the obser-
vation sequence and ending with the first observation. Three important differences
versus the forward decomposition should however be kept in mind.

(i) The backward smoothing kernel B, ; depends on the initial distribution v
and on the observations up to index k but it depends neither on the future
observations nor on the index n where the observation sequence ends. As a
consequence, the sequence of backward transition kernels {B, s }o<x<n—1 may
be computed by forward recurrence on k, irrespectively of the length of the
observation sequence. In other terms, the backward smoothing kernel B, j
depends only on the filtering distribution ¢, j, whereas the forward smoothing
kernel F,, was to be computed from the backward function Sy,

(ii) Because B, j depends on ¢, j rather than on the unnormalized forward mea-
sure ay,k, its computation involves only properly normalized quantities (Re-
mark 36). The backward decomposition is thus more adapted to the actual
computation of the smoothing probabilities than the forward decomposition.
The necessary steps are summarized in the following result.

Proposition 38 (Forward Filtering/Backward Smoothing). Forward Filtering
Compute, forward in time, the filtering distributions ¢, o to ¢, ., using the recur-
sion (2.22). At each index k, the backward transition kernel B, may be computed
according to (2.38).

Backward Smoothing From ¢, ,, compute, fork=n—-1,n—-2,...,0,

d)l/,k\n = ¢u,k+1|n Bu,k )

recalling that qﬁy,n\n def Dun-

(i) A more subtle difference between the forward and backward Markovian decom-
positions is the observation that Definition 30 does provide an expression of
the forward kernels Fy,, for any k > 0, that is, also for indices after the end of
the observation sequence. Hence, the process { X} }r>0, when conditioned on
some observations Yj.,, really forms a non-homogeneous Markov chain whose
finite-dimensional distributions are defined by Proposition 33. In contrast, the
backward kernels B, j are defined for indices k € {0,...,n — 1} only, and
thus the index-reversed process {X,,_x} is also defined, by Proposition 35, for
indices k in the range {0,...,n} only. In order to define the index-reversed
chain for negative indices, a minimal requirement is that the underlying chain
{Xy} also be well defined for k¥ < 0. Defining Markov chains {X}} with in-
dices k € Z is only meaningful in the stationary case, that is when v is the
stationary distribution of Q). As both this stationarization issue and the for-
ward and backward Markovian decompositions play a key role in the analysis
of the statistical properties of the maximum likelihood estimator, we postpone
further discussion of this point to Chapter 6.



Chapter 3

Forgetting of the initial
condition and filter stability

Recall from previous chapters that in a partially dominated HMM model (see Def-
inition 12), we denote by

e P, the probability associated to the Markov chain {X}, Y} }x>0 on the canon-
ical space ((X x Y)N, (X ® Y)®) with initial probability measure v and tran-
sition kernel T' defined by (1.15);

® ¢, k|n the distribution of the hidden state X} conditionally on the observations
Y0.n, under the probability measure P,,.

Forgetting properties pertain to the dependence of ¢, y|, with respect to the
initial distribution v. A typical question is to ask whether ¢, x|, and ¢,/ ), are
close (in some sense) for large values of k and arbitrary choices of v and /. This
issue will play a key role both when studying the convergence of sequential Monte
Carlo methods (Chapter ??) and when analyzing the asymptotic behavior of the
maximum likelihood estimator (Chapter 6).

In the following, it is shown more precisely that, under appropriate conditions
on the kernel @ of the hidden chain and on the transition density function g, the
total variation distance ||¢,j,k|n - ¢’/vk|”HTV converges to zero as k tends to infinity.
Remember that, following the implicit conditioning convention (Section 2.1.4), we
usually omit to indicate explicitly that ¢, ), indeed depends on the observations
Yo.n. In this section however we cannot use this convention anymore, as we will
meet both situations in which, say, |[¢,n — ¢/ nllpy, converges to zero (as n tends
to infinity) for all possible values of the sequence {y,}n>0 € YN (uniform forget-
ting) and cases where ||¢,n — ¢u/n| -y can be shown to converge to zero almost
surely only when {Y} }r>0 is assumed to be distributed under a specific distribution
(typically P, for some initial distribution v,). In this section, we thus make de-
pendence with respect to the observations explicit by indicating the relevant subset
of observation between brackets, using, for instance, @, in[yo:n] rather than ¢, .

We start by recalling some elementary facts and results about the total variation
norm of a signed measure, providing in particular useful characterizations of the
total variation as an operator norm over appropriately defined function spaces. We
then discuss the contraction property of Markov kernels, using the measure-theoretic
approach introduced in an early paper by Dobrushin (1956) and recently revisited
and extended by Del Moral et al. (2003). We finally present the applications of these
results to establish forgetting properties of the smoothing and filtering recursions
and discuss the implications of the technical conditions required to obtain these
results.

31
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3.0.3 Total Variation

Let (X, X) be a measurable space and let £ be a signed measure on (X, X’). Then
there exists a measurable set H € &, called a Jordan set, such that

(i) €(A) >0 for each A € X such that A C H;
(if) £(A) <0 for each A € X such that A C X\ H.

The set H is not unique, but any other such set H' € X satisfies {(H N H') = 1.
Hence two Jordan sets differ by at most a set of zero measure. If X is finite or
countable and X = P(X) is the collection of all subsets of X, then H = {z : {(x) > 0}
and H = {x : {(x) > 0} are two Jordan sets. As another example, if £ is absolutely
continuous with respect to a measure v on (X, X) with Radon-Nikodym derivative
f, then {f > 0} and {f > 0} are two Jordan sets. We define two measures on
(X, X) by

€ (A)=EHNA) and €_(A)=—€HNA), AecXx.

The measures £, and £_ are referred to as the positive and negative variations of
the signed measure £. By construction, £ = £ — {_. This decomposition of £ into
its positive and negative variations is called the Hahn-Jordan decomposition of &.
The definition of the positive and negative variations above is easily shown to be
independent of the particular Jordan set chosen.

Definition 39 (Total Variation of a Signed Measure). Let (X, X) be a measurable
space and let & be a signed measure on (X, X). The total variation norm of £ is
defined as

1€l py = &+(X) +&-(X)
where (£4,&_) is the Hahn-Jordan decomposition of &.

If X is finite or countable and ¢ is a signed measure on (X, P(X)), then ||{||pv =
Y ozex [§(x)]. If £ has a density f with respect to a measure A on (X, &), then

€lvy = [ 1f ()| Ada).

Definition 40 (Total Variation Distance). Let (X, X) be a measurable space and
let & and &' be two measures on (X, X). The total variation distance between & and
&' is the total variation norm of the signed measure & — &',

Denote by M(X, X) the set of finite signed measures on the measurable space
(X, X), by M; (X, X) the set of probability measures on (X, X') and by My (X, X') the
set of finite signed measures £ on (X, X) satisfying £(X) = 0. M(X, X) is a Banach
space with respect to the total variation norm. In this Banach space, the subset
M; (X, X) is closed and convex.

Let Fy, (X) denote the set of bounded measurable real functions on X. This
set embedded with the supremum norm ||f||, = sup{f(z) : * € X} also is a
Banach space. For any £ € M(X, X) and f € Fy, (X), we may define £(f) = [ f d&.
Therefore any finite signed measure £ in M(X, X') defines a linear functional on the
Banach space (Fy, (X), ||-||..)- We will use the same notation for the measure and
for the functional. The following lemma shows that the total variation of the signed
measure ¢ agrees with the operator norm of &.

Lemma 41.

(i) For any & € M(X,X) and f € Fy, (X),

\ / fdﬁ‘ < Nelley 1l -
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(ii) For any & € M(X, X),

1€llpy =sup{&(f) : f € Fo (X, X), Ifllc = 1} -
(iii) For any f € Fy, (X),

[flloe = sup {&(f) : & € M(X, X), [l py = 1} -

Proof. Let H be a Hahn-Jordan set of £&. Then £ (H) = &(H) and £_(H®) =
—¢(H®). For f € Fy (X),

€O <1+ (DTH1E- (D < oo (E+X) + (X)) = Il 1€l 2y

showing (i). It also shows that the suprema in (ii) and (iii) are no larger than |||/,
and | f||.,, respectively. To establish equality in these relations, first note that
11z — 1gell,, = 1and {(1g — 1) = §(H) — E(HC) = |||l py- This proves (ii).
Next pick f and let let {x,,} be a sequence in X such that lim, o |f(zn)| = || f]l o
Then || f|| . = limp—oo [0z, (f)|, proving (iii). O

The set My(X, X) possesses some interesting properties that will prove useful in
the sequel. Let £ be in this set. Because £(X) = 0, for any f € F, (X) and any real ¢
it holds that £(f) = £(f — ¢). Therefore by Lemma 41(i), |£(f)| < |Ellpy 1f — ¢l s
which implies that

€1 < glloy inf I el

It is easily seen that for any f € F, (X), infeer || f — ||, is related to the oscillation
semi-norm of f, also called the global modulus of continuity,

osc(f) € sup |f(x) — f(a)| =2inf |f —e|. - (3.1)

(z,x")EXXX
The lemma below provides some additional insight into this result.

Lemma 42. For any £ € M(X,X) and f € Fy, (X),
E(H < sup X|§+(X)f(117) =& (X)f(@)], (32)

(z,z")eXX

where (£4,&_) is the Hahn-Jordan decomposition of £&. In particular, for any & €
Mo (X, X) and f € Fy (X),

601 < 5 ey ose (f) | (33)

where osc (f) is given by (3.1).
Proof. First note that

= [ 1@ - [ )¢ (do)

@) & ()€ (dn)  [[ @) €4(dn) & (dr)

£-(X) £+ (X)
Therefore
|</ |f(@)/€-(X) = f(2") /€4 (X)[ €4 (d) € (da”)
sup | f(2)/€-(X) = f(2")/€+(X)[ €+ (X)E-(X) ,
(m z/)eEXXX

which shows (3.2). If £(X) = 0, then & (X) = £-(X) = 1 [|¢[| ;v showing (3.3). O
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Therefore, for £ € Mo(X, X), [|£|| 1y is the operator norm of ¢ considered as an
operator over the space F, (X) equipped with the oscillation semi-norm (3.1). As a
direct application of this result, if £ and £’ are two probability measures on (X, X),
then & — & € My(X, X') which implies that for any f € F, (X),

6F) ~ €I < 5 I~ €y o5 (f) - (34)

This inequality is sharper than the bound |£(f)—&'(f)] < 1§ — &' ||y || f]l o Provided
by Lemma 41(i), because osc (f) < 2| f]| .-

We conclude this section by establishing some alternative expressions for the
total variation distance between two probability measures.

Lemma 43. For any £ and &' in My (X, X),

S llE = €l = supe(4) — €/(A) (35)
A
=1- sup v(X) (3.6)
v<E,¢’
=1—inf) &(A) A& (A). (3.7)

Here the supremum in (3.5) is taken over all measurable subsets of X, the supremum
in (3.6) is taken over all finite signed measures v on (X, X) satisfying v < £ and
v < &, and the infimum in (3.7) is taken over all finite measurable partitions
Aq, ... Ay of X,

Proof. To prove (3.5), first write £(A) —&'(A) = (£ —¢')1 4 and note that osc (14) =
1. Thus (3.4) shows that the supremum in (3.5) is no larger than (1/2)[|{ — &' ||y -
Now let H be a Jordan set of the signed measure £ —¢’. The supremum is bounded
from below by {(H) —&'(H) = (£ — &)+ (X) = (1/2) || — &'||py- This establishes
equality in (3.5).

We now turn to (3.6). For any p,q € R, |[p—¢q| =p+q—2(p A q). Therefore for
any A € X,

SIE(A) — €1(4)] = S(E(4) +€(4)) — E(4) A€ (4)

Applying this relation to the sets H and H¢, where H is as above, shows that

DN | =

S (€~ €) (H) = 3 [e(H) + € (H)] — €(H) A€ (H)
5 (€ =€) (H) = J[€(H") + € (H")] — §(H") A €/(H")
For any measure v such that v < & and v < &', it holds that v(H) < {(H) AE'(H)
and v(H®) < £(H®) ANE'(H®), showing that
S (€= E)(H)+ 3 (€ ~ ) (H) = 5116~ Ellay < 1-v(X).

Thus (3.6) is no smaller than the left-hand side. To show equality, let v be the
measure defined by
v(A)=EANH) 4+ (ANH) . (3.8)

By the definition of H, §(ANH¢) < &(ANH®) and &(ANH) < (AN H) for any
A € X. Therefore v(A) < £(A) and v(A) < ¢'(A). In addition, v(H) = ¢'(H) =
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§(H) NE(H) and v(H®) = §(H®) = §(H®) N E'(H°), showing that 5 [|§ — &'y =
1 — v(X) and concluding the proof of (3.6).
Finally, because v(X) = §(H) A& (H) 4+ £(H®) A &' (H®) we have

sup v(X) > inf ) €(Ai) AE'(4y)

v<E,€! i=1

Conversely, for any measure v satisfying v < £ and v < £, and any partition
A17 teey An7

n n

v(X) =D w(Ay) <3 E(A) AE (A

i=1 i=1
showing that

sup v(X) <inf Y €(A) AE(Ai) .
V§£7£' i=1

The supremum and the infimum thus agree, and the proof of (3.7) follows from
(3.6). O

3.0.4 Lipshitz Contraction for Transition Kernels

In this section, we study the contraction property of transition kernels with respect
to the total variation distance. Such results have been discussed in a seminal paper
by Dobrushin (1956) (see Del Moral, 2004, Chapter 4, for a modern presentation
and extensions of these results to a general class of distance-like entropy criteria).
Let (X, X) and (Y,)) be two measurable spaces and let K be a transition kernel
from (X, X) to (Y,Y) (see Definition 1). The kernel K is canonically associated to
two linear mappings:

(i) a mapping M(X,X) — M(Y,Y) that maps any £ in M(X, X) to a (possibly
signed) measure (K given by EK(A) = [\ &(dx) K(x, A) for any A € Y;

(ii) a mapping Fy, (Y) — Fp (X) that maps any f in Fy (Y) to the function K f
given by K f(x) = [ K(z,dy) f(y)-

Here again, with a slight abuse in notation, we use the same notation K for these
two mappings. If we equip the spaces M(X, X') and M(Y,)) with the total variation
norm and the spaces Fy, (X) and Fy, (Y) with the supremum norm, a first natural
problem is to compute the operator norm(s) of the kernel K.

Lemma 44. Let (X, X) and (Y,)) be two measurable spaces and let K be a tran-
sition kernel from (X, X) to (Y,Y). Then

1 = sup {[[{K ] py : & € M(X, &), [[€]lpy = 1}
=sup{[|[Kfllo: f€Fp (V). [Ifllo =1} -
Proof. By Lemma 41,
sup {[[6K ||ty : & € M(X, X), [|€]|l 1 = 1}
=sup{{Kf:£e MXX), feFo(Y). Ifllo =1 Elpy =1}
=sup{|[Kfllo: feFR Y., Iflo=11<1.

If € is a probability measure then so is £K. Because the total variation of any
probability measure is one, we see that the left-hand side of this display is indeed
equal to one. Thus all members equate to one, and the proof is complete. O
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To get sharper results, we will have to consider K as an operator acting on a
smaller set of finite measures than M(X, X). Of particular interest is the subset
My (X, X) of signed measures with zero total mass. Note that if £ lies in this subset,
then £K is in My(Y,)). Below we will bound the operator norm of the restriction
of the operator K to My(X, X).

Definition 45 (Dobrushin Coefficient). Let K be a transition kernel from (X, X)
to (Y,)). Its Dobrushin coefficient §(K) is given by

S(K)=5 s K~ K@,y

(z,2")EXXX
K(z,) — K(z',-
oy IEG)-EEly
(z,x")eEXXX,xF#x! ||6I - 593' HTV

We remark that as K(z,-) and K(a’,-) are probability measures, it holds that
K (z,)||lpv = | K(2',)||py = 1. Hence §(K) < £(1+1) = 1, so that the Dobrushin
coefficient satisfies 0 < §(K) < 1.

Lemma 46. Let & be a finite signed measure on (X, X) and let K be a transition
kernel from (X, X) to (Y,Y). Then

1EK lpy < 6(E) [[€]lpy + (1 = 6(K)) [EX)] - (3.9)

Proof. Pick £ € M(X, X) and let, as usual, £; and £_ be its positive and negative
part, respectively. If {_(X) = 0 (§ is a measure), then [|{|, = £(X) and (3.9)
becomes [|EK ||ty < ||€]|py; this follows from Lemma 44. If £ (X) = 0, an analogous
argument applies.

Thus assume that both £, and &_ are non-zero. In view of Lemma 41(ii), it
suffices to prove that for any f € F, (Y) with || f| =1,

[EKfI < 0(K)(€4(X) + - (X)) + (1 = 6(K))|&+ (X) = - (X)] - (3.10)
We shall suppose that &4 (X) > £_(X), if not, replace £ by —¢ and (3.10) remains
the same. Then as |4 (X) — £_(X)| = &4(X) — £-(X), (3.10) becomes
SR f| <26 (X)6(K) + &4+ (X) =& (X) . (3.11)
Now, by Lemma 42, for any f € F, (Y) it holds that

[SKf| < o 6+ (XK f () — E-(X)K f ()]
< sup G (X)E(z, ) = (XK@ )y 1l -
(z,2")EXXX

Finally (3.11) follows upon noting that

1€+ (X)E (2, ) = E&-(X) K (2", ) ry
EX) 1K (2, ) = K@, )llpy + €4 (X) = &« XK (@) vy
26 (X)O(K) + &4 (X) = €-(X) .

IN

Corollary 47.

6(K) = sup {[[€K |7y : § € Mo(X, X)), [|€]lpy <17 (3.12)
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Proof. If £(X) = 0, then (3.9) becomes ||{K ||y < 0(K) ||€||py, showing that

sup {[IEK [ py : € € Mo(X, &), [[€]lpy < 1} < 6(K) .

The converse inequality is obvious, as
TV }

< sup {[§K [y : € € Mo(X, X), [|€llpy =1}
O

1
K) = sup{(m,m’) € X x X, 5(535 — 0, K

If £ and £ are two probability measures on (X, X'), Corollary 47 implies that

1EK = & Kllpy < () 1€ =&l -

Thus the Dobrushin coefficient is the norm of K considered as a linear operator
from Mg(X, X) to My(Y, V).

Proposition 48. The Dobrushin coefficient is sub-multiplicative. That is, if K :
X, X) = (Y,Y) and R: (Y,Y) — (Z, 2) are two transition kernels, then §(KR) <
§(K)(R).

Proof. This is a direct consequence of the fact that the Dobrushin coefficient is
an operator norm. By Corollary 47, if £ € My(X, X), then (K € My(Y,Y) and
IEK |y < 0(K) [[Ellpy-  Likewise, |[[VR|py < 0(R)||V||py holds for any v €
My(Y,Y). Thus

IEK Rl py = [(EE) R py < 6(R) [|EK]|py < S(K)I(R) [I€]lpy

3.0.5 The Doeblin Condition and Uniform Ergodicity

Anticipating results on general state-space Markov chains presented in Chapter 7,
we will establish, using the contraction results developed in the previous section,
some ergodicity results for a class of Markov chains (X, X") satisfying the so-called
Doeblin condition.

Assumption 49 (Doeblin Condition). There exist an integer m > 1, € € (0,1),
and a transition kernel v = {vy o, (z,2") € X x X} from (X x X, X @ X) to (X, X)
such that for all (x,z') € X x X and A € X,

QM (x, A)ANQ™ (2", A) > evy 1 (A) .
We will frequently consider a strengthened version of this assumption.

Assumption 50 (Doeblin Condition Reinforced). There exist an integer m > 1,
e € (0,1), and a probability measure v on (X, X) such that for anyx € X and A € X,

Q" (xz,A) > ev(A) .
By Lemma 43, the Dobrushin coefficient of Q™ may be equivalently written as
5(Q™) =1—inf» Q™ (x,A) AQ™ (', 4;) , (3.13)
i=1

where the infimum is taken over all (z, 2') € XxX and all finite measurable partitions
Aq,..., A, of X of X. Under the Doeblin condition, the sum in this display is
bounded from below by €Y " | vy . (A;) = €. Hence the following lemma is true.



38CHAPTER 3. FORGETTING OF THE INITIAL CONDITION AND FILTER STABILITY

Lemma 51. Under Assumption 49, 6(Q™) <1 —e.

Stochastic processes that are such that for any k, the distribution of the ran-
dom vector (X, ..., Xn+x) does not depend on n are called stationary (see Defi-
nition 10). It is clear that in general a Markov chain will not be stationary. Nev-
ertheless, given a transition kernel @), it is possible that with an appropriate choice
of the initial distribution v we may produce a stationary process. Assuming that
such a distribution exists, the stationarity of the marginal distribution implies that
E,[14(Xo)] = E,[14(X1)] for any A € X. This can equivalently be written as
v(A) = vQ(A), or v = vQ. In such a case, the Markov property implies that all
finite-dimensional distributions of {X}r>0 are also invariant under translation in
time. These considerations lead to the definition of invariant measure.

Definition 52 (Invariant Measure). If Q is a Markov kernel on (X, X) and 7 is a
o-finite measure satisfying 7Q = m, then m is called an invariant measure.

If an invariant measure is finite, it may be normalized to an invariant probability
measure. In practice, this is the main situation of interest. If an invariant measure
has infinite total mass, its probabilistic interpretation is much more difficult. In
general, there may exist more than one invariant measure, and if X is not finite,
an invariant measure may not exist. As a trivial example, consider X = N and
Qz,z+1)=1

Invariant probability measures are important not merely because they define
stationary processes. Invariant probability measures also define the long-term or
ergodic behavior of a stationary Markov chain. Assume that for some initial mea-
sure v, the sequence of probability measures {vQ"},,>0 converges to a probability
measure 7, in total variation norm. This implies that for any function f € Fy, (X),
limy, 00 VQ™(f) = 7. (f). Therefore

() =t [ [ o) Q') 1o

n—oo

= Jim [ [ v(d0) Q" e de) QF (@) = (Q1)
Hence, if a limiting distribution exists, it is an invariant probability measure, and if
there exists a unique invariant probability measure, then the limiting distribution
v, will be independent of v, whenever it exists. These considerations lead to the
following definitions.

Definition 53. Let Q be a Markov kernel admitting a unique invariant probability
measure 7. The chain is said to be ergodic if for all x in a set A € X such that
m(A) = 1, lim, oo [|Q"(x, ) — 7|y = 0. It is said to be uniformly ergodic if
limy, oo sUp,ex Q™ (2, ) = 7l py = 0.

Note that when a chain is uniformly ergodic, it is indeed uniformly geometrically
ergodic because lim,, o sup,¢cx [|Q"(x,-) — 7|y = 0 implies that there exists an
integer m such that %sup(ww,)exxx Q™ (x,-) — Q™(a',-)|l;v < 1 by the triangle
inequality. Hence the Dobrushin coefficient §(Q™) is strictly less than 1, and Q™ is
contractive with respect to the total variation distance by Lemma 46. Thus there
exist constants C' < oo and p € [0,1) such that sup,cx [|Q"(x, ) — ||y < Cp™ for
all n.

The following result shows that if a power Q™ of the Markov kernel @) satisfies
Doeblin’s condition, then the chain admits a unique invariant probability and is
uniformly ergodic.
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Theorem 54. Under Assumption 49, Q admits a unique invariant probability mea-
sure w. In addition, for any & € My (X, X),

16Q" = mllpy < (1 =)™ i€ = wllpy
where |u] is the integer part of u.

Proof. Let £ and £ be two probability measures on (X, X’). Corollary 47, Proposi-
tion 48, and Lemma 51 yield that for all £ > 1,

[6Q"™ — €'Q¥™ | 1y < MQ™)NIE = E'llpy < (L =) 1€ =€ llpy - (3.14)
Taking &' = £QP™, we find that

e -couom] <0-at

showing that {£€Q*™} is a Cauchy sequence in M; (X, X) endowed with the total
variation norm. Because this metric space is complete, there exists a probability
measure 7 such that £QF™ — 7. In view of the discussion above, 7 is invariant
for Q™. Moreover, by (3.14) this limit does not depend on . Thus Q™ admits
7 as unique invariant probability measure. The Chapman-Kolmogorov equations
imply that (7Q)Q™ = (7Q™)Q = 7Q, showing that 7@ is also invariant for Q™
and hence that 7Q) = 7 as claimed. O

Remark 55. Classical uniform convergence to equilibrium for Markov processes
has been studied during the first half of the 20th century by Doeblin, Kolmogorov,
and Doob under various conditions. Doob (1953) gave a unifying form to these
conditions, which he named Doeblin type conditions. More recently, starting in
the 1970s, an increasing interest in non-uniform convergence of Markov processes
has arisen. An explanation for this interest is that many useful processes do not
converge uniformly to equilibrium, while they do satisfy weaker properties such as a
geometric convergence. It later became clear that non-uniform convergence relates
to local Doeblin type condition and to hitting times for so-called small sets. These
types of conditions are detailed in Chapter 7.

3.0.6 Forgetting Properties
Recall from Chapter 2 that the smoothing probability ¢, . [Yo:n] is defined by

¢u,k|n[YO:n](f) = Eu[f(Xk) ‘ YO:n} ) f SIVAY (X) .

Here, k and n are integers, and v is the initial probability measure on (X, X).
The filtering probability is defined by ¢,,n[Yo:n] = @u,pnjn[Yom]. In this section, we
will establish that under appropriate conditions on the transition kernel ) and on
the function g, the sequence of filtering probabilities satisfies a property referred
to in the literature as “forgetting of the initial condition”. This property can be
formulated as follows: given two probability measures v and v/ on (X, X),

T 6y, [Yom] = 60 [Yomlllpy =0 Py -as. (3.15)

where v, is the initial probability measure that defines the law of the observations
{Y).}. Forgetting is also a concept that applies to the smoothing distributions, as it
is often possible to extend the previous results showing that

lim sup HQSD,ICM[YE):n] - ¢u’,k|n[YO:n]HTV =0 P, -as. (3.16)

k—o00 >0
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Equation (3.16) can also be strengthened by showing that, under additional condi-
tions, the forgetting property is uniform with respect to the observed sequence Y.,
in the sense that there exists a deterministic sequence {py} satisfying pr — 0 and

sup  sup H¢u k|n yO n] ¢u’,k|n[y0:nH|Tv < Pk -
Yo:n €Y1 n>0

Several of the results to be proven in the sequel are of this latter type (uniform
forgetting).
As shown in (2.5), the smoothing distribution is defined as the ratio

ol (f) = L @) vldo) gl yo) T, Qw1 di) g :)
vk f f d{EO 3307310)1_[2 1Q(‘rz 1,d.’EZ) (ivz,yz) '

Therefore, the mapping associating the probability measure v € M; (X, X) to the
probability measure ¢,, x|, [yo:n] is non-linear. The theory developed above allows
one to separately control the numerator and the denominator of this quantity but
does not lend a direct proof of the forgetting properties (3.15) or (3.16). To achieve
this, we use the alternative representation of the smoothing probability ¢, |n[yo:n]
introduced in Proposition 33, which states that

(buk\n yOn] / /¢V()\n yOn dmO HFZ 1|n yzn ‘T’L lvdxz)f(xk)

k

= ¢V,0\n[y02n] H Fi71|n[yi:n]f . (317)

i=1
Here we have used the following notations and definitions from Chapter 2.

(1) 1|n[yz+1 n) are the forward smoothing kernels (see Definition 30) given for
i1=0,....,n—1,x€Xand A€ X, by

Fitn[Yis10) (2, 4) < (Bipnyir 1) (@)

X /AQ(I,d$¢+1)g(9€z'+1,yi+1)ﬂi+1|n[yi+2:n](177:+1) , (3.18)
where 3|, [yit1:1](x) are the backward functions (see Definition 20)

5i|n[yi+1:n](x) =
/Q($»dfﬂz‘ﬂ)g(fﬂiﬂayi+1)51'+1|n[yi+2:n]($i+1)« (3.19)

Recall that, by Proposition 31, {F;|,, }s>0 are the transition kernels of the non-
homogeneous Markov chain { X} conditionally on Y.,

Eu[f(Xi+1) |X0:i7 YvOn] = Fz\n[yvrkln](X'u f) .

(ii) éu,0/n[Y0:n] is the posterior distribution of the state X, conditionally on Yp.,, =
Yo:n, defined for any A € X by

S v(dzo) g(xo, yo) Bopn [Y1:n] (x0)
f (de) (anyO)ﬂOM[yl:n](xO) .

¢V,O\n [yO:n] (A) - (320)

We see that the non-linear mapping v — ¢, |, [Yo:n] is the composition of two
mappings on M; (X, X).
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(i) The mapping v = ¢, o|n [Y0:n], Which associates to the initial distribution v the
posterior distribution of the state Xy given Yj.,, = yo.n. This mapping consists
in applying Bayes’ formula, which we write as

¢V,O|n[y0:n} = B[g(a yo)ﬂ0|n[y1:n](')7 V] :
e [ 5()o(x) €(dr)
B _ x)p(x x
for any probability measure ¢ on (X,X) and any non-negative measurable

function ¢ on X. Note that B[g, £] is a probability measure on (X, X). Because
of the normalization, this step is non-linear.

feFX), (3.21)

(ii) The mapping & +— 51_[?:1 F;_1}n[Yi:n], which is a linear mapping being defined
as product of Markov transition kernels.

For two initial probability measures v and v’ on (X, X)), the difference of the
associated smoothing distributions may thus be expressed as

¢y,k|n[y0:n] - ¢u’,k|n[y0:n] =

(B[g(~,y0)50|n[y1;n},u} — Blg(-, yO)ﬁO\n Yi:n); HFz 1|n [Yin] - (3.22)

Note that the function g(,yo)Bojn[y1:n](z) defined for x € X may also be inter-
preted as the likelihood of the observation Ls, ,[yo0.n] when starting from the initial
condition Xo = x (Proposition 23). In the sequel, we use the likelihood nota-
tion whenever possible, writing, in addition, Ly , [yo.,] rather than Ls, ,[v0.s] and
L »[Y0:n] when referring to the whole function.

Using Corollary 47, (3.22) implies that

"¢u,k|n[y0:n] - ¢u,k|n[y0:n]HTv <
IB[Lan[yo:nl: ¥] = BlLan[yom], V'] 1y 0 <H Fi1jn[yim ) » (3.23)

where the final factor is a Dobrushin coefficient. Because Bayes operator B returns
probability measures, the total variation distance in the right-hand side of this
display is always bounded by 2. Although this bound may be sufficient, it is often
interesting to relate the total variation distance between B¢, £] and B[¢,&’] to the
total variation distance between ¢ and &’. The following lemma is adapted from
(Kiinsch, 2000)—see also (Del Moral, 2004, Theorem 4.3.1).

Lemma 56. Let & and £ be two probability measures on (X, X) and let ¢ be a
non-negative measurable function such that £(¢) > 0 or &'(¢) > 0. Then

IBl, €] - [¢£]ITV_£W)¢”()H€ &y - (3.21)

Proof. We may assume, without loss of generality, that {(¢) > &'(¢). For any
feF(X),
Blo, &](f) — B[, &'[(f

)
_Jf@)¢ ()(5 E L LI @)é(@) €(de) [ ¢(z) (€ ~ §)(da)
J é(z) f¢> E’ (dz) | ¢(x) E(dw)
1

e [~ s’><dw> o()(F(2) — BI6.£1(1)
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By Lemma 43,

\ [€- €2 ot (5) ~ Bio €1 < e~ €l
sup 6@ (@) — BI6.€)() — o) I () — Blg. €1(D)] -

(z,z")EXXX

N =

Because |B[¢,&'](f)| < ||f]lo, and ¢ > 0, the supremum on the right-hand side of
this display is bounded by 2|/¢|| . || f|l..- This concludes the proof. O

As mentioned by Kiinsch (2000), the Bayes operator may be non-contractive:
the numerical factor in the right-hand side of (3.24) is sometimes larger than one
and the bound may be shown to be tight on particular examples. The intuition
that the posteriors should at least be as close as the priors if the same likelihood
(the same data) is applied is thus generally wrong.

Equation (3.17) also implies that for any integer j such that j < k,

J k
¢V,k|n[y0:n} = d)y,O\n[yO:n] HF1—1|n[yzn] H Fi—1|n[yi:n]
i=1 i=j41
k

¢V,j|n[y0:n] H Fi—l\n[yi:n] . (325)
i=j+1

This decomposition and Corollary 47 shows that for any 0 < j < k, any initial distri-
butions v and v’ and any sequence yo.,, such that Ly ,[yo.n] > 0 and L,/ ,[yo:n] > 0,

Hd)y,km[yo:n] - ¢u’7k|n[y0:n”|TV
k
< ] H Fz—l\n[yzn] H¢y,j\n[y0:n] - ¢u’,j|n[y0:n]HTv .
i=j41

Because the Dobrushin coefficient of a Markov kernel is bounded by one, this rela-
tion implies that the total variation distance between the smoothing distributions
associated with two different initial distributions is non-expanding. To summarize
this discussion, we have obtained the following result.

Proposition 57. Let v and V' be two probability measures on (X, X). For any
non-negative integers j, k, and n such that j < k and any sequence yg., € Y"1
such that Ly, n[yo.n] > 0 and Ly 4 [yo.n] > 0,

H¢V,k|n[y0:n] - ¢u’,k|n[y0:n]HTV

k
<9 H Fi—l\n[%‘:n} Héf’u,jm[yo:n]_¢u/,j|n[y0:n”|Tv , (3.26)
i=j+1

H¢y,k|n[y0:n] - ¢u’,k|n[y0:n]HTv

L.n n k /
[Le.nlyo ]Hwyom}é(il;[lﬂun[%:n]) v =l - (3:27)

- Lu,n[yO:n] Vv LV’,TL[

Along the same lines, we can compare the posterior distribution of the state Xy
given observations Y., for different values of j. To avoid introducing new notations,
we will simply denote these conditional distributions by P, (X} € - | Yjn = yjm).
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As mentioned in the introduction of this chapter, it is sensible to expect that
P, (Xy € -|Y}.,) gets asymptotically close to P, (Xi € -|Yp.,) as k — j tends to
infinity. Here again, to establish this alternative form of the forgetting property, we
will use a representation of P, (X € -|Yj.,) similar to (3.17).

Because {(Xy, Y%)} is a Markov chain, and assuming that k > j,

PV(Xk S |XJ7an) = PV (Xk S '|Xj7YO:n) .

Moreover, we know that conditionally on Yp.,,, { X} is a non-homogeneous Markov
chain with transition kernels Fy,, [Yx41.n] where Fy|,, = @ for i > n (Proposition 31).
Therefore the Chapman-Kolmogorov equations show that for any function f €

Fb (X),

E, [f(Xk) | Yj:n] =E, [Eu [f(Xk) |Xj7Yj:n] ‘ Yj:n}

k k
=E, H F1—1|n[}/zn]f(X]) Y}n = st,j\n[}/}:n] H F1—1|nD/2n]f ’
i=j+1 i=j+1

cf. (3.25), where the probability measure gfgy7j|n[}/}:n(f)] is defined by

GujinlYinl(F) = B [f(X5) [ Y], f€Fu(X) .

Using (3.25) as well, we thus find that the difference between P, (X}, € -|Y}.,,) and
P, (Xx € - | Yo.n) may be expressed by

k
El/[f(Xk) | 1/3”] - EV[f(Xk> |Y01n] = (&V,jm - ¢u,j|n) H Fi—l\n[}fi:n]f .
i=j+1

Proceeding like in Proposition 57, we may thus derive a bound on the total variation
distance between these probability measures.

Proposition 58. For any integers j, k, and n such that 0 < 57 < k and any
probability measure v on (X, X),

k
||Pu (Xk € - | }/On) - Pu (Xk € - | }/j:n)”TV S 26 H Fi—l\n[}/i:n] . (328)
i=j+1

3.0.7 Uniform Forgetting Under Strong Mixing Conditions

In light of the discussion above, establishing forgetting properties amounts to de-
termining non-trivial bounds on the Dobrushin coefficient of products of forward
transition kernels and, if required, on ratio of likelihoods Ly » (Y0:n)/(Lu.n (Yo:n) V
Ly n(yo:n)). To do so, we need to impose additional conditions on @ and g. We
consider in this section the following assumption, which was introduced by Le Gland
and Oudjane (2004, Section 2).

Assumption 59 (Strong Mixing Condition). There exist a transition kernel K :
(Y,Y) — (X, X) and measurable functions s~ and s from Y to (0,00) such that
forany Aec X andy €Y,

(WK (y, A) < /A Q(z,dr') oo’ y) < HW)K(y, A) (3.29)

We first show that under this condition, one may derive a non-trivial upper
bound on the Dobrushin coefficient of the forward smoothing kernels.
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Lemma 60. Under Assumption 59, the following hold true.

(i) For any non-negative integers k and n such that k <n and x € X,

n

I s ) < Bmlpnsrnl@) < I] s ) - (3.30)

j=k+1 j=k+1

(i) For any non-negative integers k and n such that k < n and any probability
measures v and V' on (X, X),

S (yk+1) < fxy(dm)ﬁk\n[ykJrl:n](m)
Hurg1) = Sy V' (dx) Brpn [Ykt1:0] ()

<+(yk+1)
ST (Yry1)

IN

(iii) For any non-negative integers k and n such that k < n, there exists a transition
kernel Ay, from (YP=F YO0=k)) o (X, X) such that for any x € X, A € X,
and Yk+1:n € Yn_k;

S (Yr+1)
m)\k,n(ykﬂszl) < Frpnlyrsinl (2, A)
< (Yr+1)
S Tl s A) . 3.31
S ) (Wi+1m; A) (3.31)

(iv) For any non-negative integers k and n, the Dobrushin coefficient of the forward
smoothing kernel ¥y, [yx11.n] satisfies

5(Fk\n[yk+1;n]) < {po(yk—H) k<n,
P1 k>n,

where for any y €Y,

poly) 12 ©) i p - /c_(y)u(dy) : (3.32)

Proof. Take A = X in Assumption 59 to see that [, Q(z,dz) g(z',y) is bounded
from above and below by ¢t (y) and ¢~ (y), respectively. Part (i) then follows from
(2.16).

Next, (2.19) shows that

[ 1) Bl (0)
= // v(dr) Q(x, dvk11) 9(Trt1, Ykt 1) Berjn [Yr+2n) (Tr1) -

This expression is bounded from above by

§+(yk+1)/K(ykJrlvdkarl)6k+1\n[yk+2:n](1'k+1)7

and similarly a lower bound, with ¢~ (yx1) rather than ¢*(y1), holds too. These
bounds are independent of v, and (ii) follows.

We turn to part (iii). Using the definition (2.30), the forward kernel Fy, [yr+1:n]
may be expressed as

_ Ja4 Q(x,dxyy1) 9(Thg1s Yrs1) Bt n Ykt 2:n) (Trs1)
Sy Q(@, dxpy1) 9(Trg 1, Yrs1) it 1 [Wht2in] (Trg1)

Fk|n[yk+1:n](wa A)
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Using arguments as above, (3.31) holds with

Mo (Y p1m, A) & Ja KWkt1, dri1) Brstjn Ykto:n] (Thr1)
n(Yk+1:n, fx K (Yry1,drri1) Bosijn [Yrr2n] (Try1) .

Finally, part (iv) for k < n follows from part (iii) and Lemma 51. In the opposite
case, recall from (2.31) that Fy), = Q for indices & > n. Integrating (3.29) with
respect to p and using [ g(x,y) pu(dy) = 1, we find that for any A € X and any
r € X,

[ (W) K(y, A) u(dy)
[ (W uldy)

where the ratio on the right-hand side is a probability measure. The proof of
part (iv) again follows from Lemma 51. O

Q. A) > / < W) K (v, A) p(dy) = / < () uldy) x

The final part of the above lemma shows that under Assumption 59, the Do-
brushin coefficient of the transition kernel @ satisfies §(Q) < 1 — € for some € > 0.
This is in fact a rather stringent assumption, which fails to be satisfied in many of
the examples considered in Chapter ??. When X is finite, this condition is satisfied
if Q(z,2") > € for any (z,2’) € X x X. When X is countable, 6(Q) < 1 is satis-
fied under the Doeblin condition 49 with n = 1. When X C R or more generally
is a topological space, §(Q) < 1 typically requires that X is compact, which is,
admittedly, a serious limitation.

Proposition 61. Under 59 the following hold true.
(i) For any non-negative integers k and n and any probability measures v and v/’

on (X, X),

||¢y,k\n[y0:n] - (ybl/’,k\n[yO:n] ||TV
kAn

< H PO(y]) X plleik/\n |‘¢u,0|n[y0:n] - ¢u’,0|n[y0:n”|Tv )
j=1

where po and p1 are defined in (3.32).

(ii) For any non-negative integer n and any probability measures v and v’ on (X, X)
such that [ v(dzo) g(zo,y0) > 0 and [v'(dzo) g(xo,yo) > 0,

H(bu,()\n[yo:n] - ¢1/,0|n[y0:n] HTV

_ o) loll
= o) (9T w0) v (9 0)

v = llpy -

(iii) For any non-negative integers j, k, and n such that j < k and any probability
measure v on (X, X),

||PV (Xk (S | YO:n = yO:n) - PV(Xk: S ‘ }/jn = yj:n)HTV
kAn R )
<2 JI polys) x py7-rmine,
1=jAn+1
Proof. Using Lemma 60(iv) and Proposition 48, we find that for j < k,

kAn

k—j—(kAn—jAn
S(Fjnltram] - Frpmlyernl) < [ polwi) x oy~ (hAn=inn)
1=jAn+1
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Parts (i) and (iii) then follow from Propositions 57 and 58, respectively. Next we
note that (3.20) shows that

¢u,0|n[y0:n] =B [60\71[3/1%](')7 B[g('a Y0)s V]] :

Apply Lemma 56 twice to this form to arrive at a bound on the total variation norm
of the difference ¢V,O\n[y0:n] - ¢V’,O\n[y01n] given by

||50|"[y1””|oo % ||g(7y0)||oo ||V*Z/IH
Blg(-, y0), Y](Bopmlyr:nl) = v(9(40)) V ' (9(- y0)) ™

Finally, bound the first ratio of this display using Lemma 60(ii); the supremum
norm is obtained by taking one of the initial measures as an atom at some point
x € X. This completes the proof of part (ii). O

From the above it is clear that forgetting properties stem from properties of the

product
kAn

k—j—(kAn—j
[T poyipy = Ennminm, (3.33)
i=jAn+1
The situation is elementary when the factors of this product are (non-trivially)
upper-bounded uniformly with respect to the observations Yj.,. To obtain such

bounds, we consider the following strengthening of the strong mixing condition,
first introduced by Atar and Zeitouni (1997).

Assumption 62 (Strong Mixing Reinforced). (i) There exist two positive real num-
bers o~ and o and a probability measure k on (X, X) such that for any x € X
and A € X,
o v(4) < Qx, A) < o k(4) .

(ii) For ally €Y, 0 < [, x(dx)g(x,y) < oc.
It is easily seen that this implies Assumption 59.

Lemma 63. Assumption 62 implies Assumption 59 with<~ (y) = o~ [, k(dz) g(x,y),
Hy) = 0" [y r(dz) g(z,y), and

_ Jarlde) g(z, y)
Jxr(dz) g(@,y)

In particular, s~ (y) /s (y) = o~ /ot for anyy €Y.

K(y, A)

Proof. The proof follows immediately upon observing that

o k(dx' g 2! Qx da’ g 2! ot K(dx' g x! .
O

Replacing Assumption 59 by Assumption 62, Proposition 61 may be strength-
ened as follows.

Proposition 64. Under Assumption 62, the following hold true.
(i) For any non-negative integers k and n and any probability measures v and v’
on (X, X),
H(bl/,k\n[yO:n] - (by/,k\n[yO:n] HTV

_\ kAn
< <1 - U+> (1 - Gi)kik/\n ||¢u,0|n[y0:n] - ¢u’,0|n[y0:n]||TV .

(2
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(ii) For any non-negative integer n and any probability measures v and v’ on (X, X)
such that [ v(dzo) g(zo,y0) > 0 and [v'(dzo) g(xo,y0) > 0,

Hd)l/,O\n[y(]:n} - ¢y’,0|n[y0:n] HTV

s 91l

ToT V[g('vyO)} v V/[g('vyo

)] ||V_Z/HTV '

(iii) For any non-negative integers j, k, and n such that j < k and any probability
measure v on (X, X),

||P1/ (Xk (S | YVO:n - yO:n) - Pl/ (Xk (S ‘ Y}n - yj:n)HTV

o kEAn—jAn b (kA )
_N\Nk—J— n—jAn

Thus, under Assumption 62 the filter and the smoother forget their initial condi-
tions exponentially fast, uniformly with respect to the observations. This property,
which holds under rather stringent assumptions, plays a key role in the sequel (see
for instance Chapters ?? and 6).

Of course, the product (3.33) can be shown to vanish asymptotically under
conditions that are less stringent than Assumption 62. A straightforward adaptation
of Lemma 63 shows that the following result is true.

Lemma 65. Assume 59 and that there exists a set C € Y and constants 0 < o~ <
o < oo satisfying (C) > 0 and, for ally € C, 0~ < ¢ (y) < (y) < oT. Then,
po(y) <1—0" /0", p1 2 1—0"p(C) and

kAn

k—j—(kAn—jAn
H po(Yi)py ’ (kAn=gnm

i=jAn+1

< (1= o= fot) B 1o [ ooy I RAnminm (3 5y

In words, forgetting is guaranteed to occur when {Yj} visits a given set C' in-
finitely often in the long run. Of course, such a property cannot hold true for all
possible sequences of observations but it may hold with probability one under appro-
priate assumptions on the law of {Y}}, assuming in particular that the observations
are distributed under the model, perhaps with a different initial distribution wvj.
To answer whether this happens or not requires additional results from the general
theory of Markov chains, and we postpone this discussion to Section 7.3 (see in
particular Proposition 208 on the recurrence of the joint chain in HMMs).

3.0.8 Forgetting Under Alternative Conditions

Because Assumptions 59 and 62 are not satisfied in many contexts of interest, it
is worthwhile to consider ways in which these assumptions can be weakened. This
happens to raise difficult mathematical challenges that largely remain unsolved
today. Perhaps surprisingly, despite many efforts in this direction, there is up to now
no truly satisfactory assumption that covers a reasonable fraction of the situations
of practical interest. The problem really is more complicated than appears at first
sight. In particular, Example 66 below shows that the forgetting property does not
necessarily hold under assumptions that imply that the underlying Markov chain
is uniformly ergodic. This last section on forgetting is more technical and requires
some knowledge of Markov chain theory as can be found in Chapter 7.
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Example 66. This example was first discussed by Kaijser (1975) and recently
worked out by Chigansky and Lipster (2004). Let {Xj} be a Markov chain on
X = {0,1,2,3}, defined by the recurrence equation X = (Xp_1 + Ux) mod 4,
where {Uy} is an i.i.d. binary sequence with P(B, =0) =pand P(By=1)=1-p
for some 0 < p < 1. For any (z,2') € X x X, Q*(z,2') > 0, which implies that
§(Q*) < 1 and, by Theorem 54, that the chain is uniformly geometrically ergodic.
The observations {Y};} are a deterministic binary function of the chain, namely

Yi = Lgo,03 (X) -

The function mapping Xj to Yy is not injective, but knowledge of Y} indicates two
possible values of Xj. The filtering distribution is given recursively by

Guk[Y0:1](0) = Y { v k—1[Y0:k-1](0) + v k—1[Y0:6—1](3)} ,
buklyor] (1) = (1 — yr) { v k—1[Yo:k—1](1) + v k—1[Y0:k-1](0)} ,
buk[Wo:k](2) = Yk { v k—1[Y0:k—-1](2) + v k—1[Yo:k—1](1)} ,
Guklyokl(3) = (1 — yx) {dw k—1[yok-1](3) + Pvk—1[Yo:k—-1](2)} -

In particular, either one of the two sets {0,2} and {1, 3} has null probability under
¢vk[Yo:x], depending on the value of yi, and irrespectively of the choice of v. We
also notice that

Yk Su ke [Yo:k) (7) = b klvok](4) for j =0,2,
(1= y&) v kYol (G) = duklvor](4) for j =1,3. (3.35)

In addition, it is easily checked that, except when v({0,2}) or v({1,3}) equals 1
(which rules out one of the two possible values for yo), the likelihood L, ,[yo.n] is
strictly positive for any integer n and any sequence yo., € {0,1}"+1.

Dropping the dependence on yg.; for notational simplicity and using (3.35) we
obtain

|6u.%(0) — dur 1(0)
= yk|¢u,k71(0) - (bu’,kfl(o) + Qbu,kfl(?)) - d)uﬂkfl(?’)‘
= U {Wr—1|Pv,k—1(0) — dvr k=1 (0)] + (1 — Yr—1)|Pv,k—1(3) — Dur k—1(3)|} -

Proceeding similarly, we also find that

vk (1) = dur k(1) =

(1 =ye) {1 = yr—1)|Pvk—1(1) = S k-1 (1)| + Yr—1]0vk—1(0) — s k—1(0)[} ,
|Pvk(2) — P k(2)] =

Yre {Uk—1|0v1-1(2) — v —1(2)| + (1 — ye—1)|Pwe—1(1) — o -1 (1)]}
|6u.k(3) — o k(3)] =

(1= ye) {1 = yr—1)|[Pvk-1(3) = S k—1(3)| + Yr—1]Pvk—1(2) — P k—1(2)|} -

Adding the above equalities using (3.35) again shows that for any k =1,...,n,

v klyok] = v klyoullley = lIdvi-1lyor-1] = dvrr-1lyow-lllzy
= |dv0lyvo] — dvro0lyolllpy -

By construction, ¢, o[yo](5) = yov(j)/(¥(0)+v(2)) for j = 0 and 2, and ¢, 0[yo](j) =
(1=yo) v(j)/(v(1)+v(3)) for j = 1 and 3. This implies that ||, o[yo] — v 0ol 1ty 7
Oifv#£ 1.

In this model, the hidden Markov chain {Xj} is uniformly ergodic, but the
filtering distributions ¢, i [yo:.x] never forget the influence of the initial distribution
v, whatever the observed sequence.



49

In the above example, the kernel @ does not satisfy Assumption 62 with m =1
(one-step minorization), but the condition is verified for a power Q™ (here for
m = 4). This situation is the rule rather than the exception. In particular, a
Markov chain on a finite state space has a unique invariant probability measure
and is ergodic if and only if there exists an integer m > 0 such that Q™ (z,2’) > 0
for all (z,2’) € X x X (but the condition may not hold for m = 1). This suggests
considering the following assumption (see for instance Del Moral, 2004, Chapter 4).

Assumption 67.

(i) There exist an integer m, two positive real numbers o~ and o™, and a proba-
bility measure k on (X, X) such that for any x € X and A € X,

o k(A) < Q™ (z,A) <o K(A) .

(i) There exist two measurable functions g~ and g~ from Y to (0,00) such that
foranyy ey,

g~ (y) < inf g(z,y) <supg(z,y) < g"(y) .
zeX zeX

Compared to Assumption 62, the condition on the transition kernel has been
weakened, but at the expense of strengthening the assumption on the function g.
Note in particular that part (ii) is not satisfied in Example 66.

Using (3.17) and writing k& = jm+r with 0 < r < m, we may express ¢, |n[Yo:n]
as

i—1 [(u+1)m—1

k-1
¢V,k\n[y0:n] = ¢u70|n[y0:n] H H Fi\n[yi—&-l:n] H Fi\n[yi—&-l:n] .

u=0 i=um i=jm

This implies, using Corollary 47, that for any probability measures v and v’ on
(X, X) and any sequence yo.,, satisfying Ly, [yo.n] > 0 and L,/ »[yo:n] > 0,

Hd)u,ldn [yO:n] - ¢u’,k|n[y0:n] HTV
j—1 (u+1)m—1

J
S H 5 H Fi|n [yi+1:n] ||¢u,0|n [y():n] - ¢l/’70|n [yO:n]HTV . (336)

=0 i=um

This expression suggest computing a bound on § (H?gjnm_l Fijn[Yi+1:n]) rather than

a bound on ¢(F;,). The following result shows that such a bound can be derived
under Assumption 67.

Lemma 68. Under Assumption 67, the following hold true.

(i) For any non-negative integers k and n such that k < n and x € X,

n n

1 9 W) < Bunlpersnl@ < T 9% ) (3.37)

j=k+1 j=k+1
where By, is the backward function (2.16).

(ii) For any mon-negative integers u and n such that 0 < u < |[n/m| and any
probability measures v and v’ on (X, X),

_ (u+1l)ym _ (u+1)m
g g (yz) fx V(dx) ﬂum\n[yum-‘rl:n}(z) + g+(yi)
ot H g+(yi) S fx I//(dl’) ﬁum|n[yum+1:n}(x) (o i:ﬂ!:n[+1 9‘(%‘) .

i=um-+1

‘ Q

IN
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(11i) For any non-negative integers u and n such that 0 < u < [n/m], there exists
a transition kernel Ay, from (Y(n=(utbm) yon—(utim)) 15 (X, X) such that
foranyx € X, A€ X and Yym+t1:n € Y (n—um)

o= (u+1)m g (y) (u+1)m—1
p H ﬁ)\u,n(y(u+l)m+1:nﬂ4) < H Fin[yis1n](z, A)
i=um+1 9" \Yi i=um
(u+1)m
ot D)
g - )\U,TL y U m no A * 3'38
o— i:u]g_,’_l gf(yl) ( (u+1)m+1 ) ( )

(iv) For any non-negative integers u and n,

5 (quﬁan [ ) ] < pO(yum+1:(u+1)m) u < Ln/mJ )
i=um i Yittn N f1 U Z |_TL/TI’I;| )

where fOT’ anyY Yum+1:(u+1)m € Ym:

_ (utDm
def o (yz) def _
P0(Yum+1:(u+1)m) s i:gﬂ T ) and  p1 o (3.39)

Proof. Part (i) can be proved using an argument similar to the one used for Lem-
ma 60(i).
Next notice that for 0 <u < [n/m],

ﬁum\n[yum—&-l:n](mum)
u+1)m

(
:// H Q(%—l,d%’)g(fﬂi,yi) ﬂ(u+1)m|n[y(u+l)m+1:n]($(u+1)m) :

i=um-+1

Under Assumption 67, dropping the dependence on the ys for notational simplicity,
the right-hand side of this display is bounded from above by

(u+1)m (u+1)m

H g+(yz) / T / H Q(xi—la dxz) ﬂ(u-&-l)'rn|n(x(u+1)m)
1=um-+1 i=um-+1
(u+1)m
< ot H g+(yi)/6(u+1)m\n($(u+l)m) H(dx(qul)m) .
i=um-+1

In a similar fashion, a lower bound may be obtained, containing o~ and g~ rather
than o and g*. Thus part (ii) follows.
For part (iii), we use (2.30) to write

(u+1)m—1

H Fl\n[yz+1n](xum7A)

_ f T f Hfi:},zrl Q(zi—h xz) g(xw yz)]]-A(z(u+1)m)ﬂ(u+1)m|n(:E(u-&-l)m)
f tee f Hgitirzrl Q(xi—la mz) g(xh yl)ﬁ(u+1)m|n(‘x(u+l)m)

The right-hand side is bounded from above by

(u+1)m
ot g+(yi) « fA K(dvﬁv) 6(u+1)m|n[y(u+1)m+1:n](x)

g (y’t) f’%(dm) 6(u+1)m\n[y(u+l)m+1:n](x)

1=um-+1
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We define A, ,, as the second ratio of this expression. Again a corresponding lower
bound is obtained similarly, proving part (iii).
Part (iv) follows from part (iii) and Lemma 51. O

Using this result together with (3.36), we may obtain statements analogous to
Proposition 61. In particular, if there exist positive real numbers v~ and T such
that for all y €'Y,

<9 (W) <gty) <t

then the smoothing and the filtering distributions both forget uniformly the initial
distribution.

Assumptions 62 and 67 are still restrictive and fail to hold in many interesting
situations. In both cases, we assume that either the one-step or the m-step transition
kernel is uniformly bounded from above and below. The following weaker condition
is a first step toward handling more general settings.

Assumption 69. Let Q be dominated by a probability measure k on (X, X) such
that for any x € X and A € X, Q(z,A) = fA qx(z,2") k(dz") for some transition
density function q.. Assume in addition that

(i) There ezists a set C € X, two positive real numbers o~ and o such that for

allz € C and 2’ € X,

07 < qu(z,2") <ot

(i) For ally €Y and all z € X, [, qx(x,2") g(z',y) k(dz") > 0;

(iii) There exists a (non-identically null) function o : Y — [0,1] such that for any
(r,2')eXxXandy €Y,

Joplz, 25 y)(z") K(da")

>
Jpleasal @ wtaar) =W
where for (z,2',2") € X3 andy €Y,
def
pla, 2’ yl(2") = gz, 2")g(x", y)gu(z", ') . (3.40)

Part (i) of this assumption implies that the set C is 1-small for the kernel @
(see Definition 155). It it shown in Section 7.2.2 that such small sets do exist under
conditions that are weak and generally simple to check. Assumption 69 is trivially
satisfied under Assumption 62 using the whole state space X as the state C: in that
case, their exists a transition density function g, (x,z’) that is bounded from above
and below for all (x,2') € X2. It is more interesting to consider cases in which
the hidden chain is not uniformly ergodic. One such example, first addressed by
Budhiraja and Ocone (1997), is a Markov chain observed in noise with bounded
support.

Example 70 (Markov Chain in Additive Bounded Noise). We consider real states
{X} and observations {Y}}, assuming that the states form a Markov chain with
a transition density ¢(x,z’) with respect to Lebesgue measure. Furthermore we
assume the following.

(i) Yi = Xy + Vi, where {V;} is an i.i.d. sequence of satisfying P(|V]| > M) =0
for some finite M (the essential supremum of the noise sequence is bounded).
In addition, Vj has a probability density g with respect to Lebesgue measure.
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(ii) The transition density satisfies g(x,2’) > 0 for all (z,2’) and there exists a
positive constant A, a probability density h and positive constants ¢~ and ot
such that for all z € C =[-A — M, A+ M],

o"h(z'") < q(z,2") < oTh() .

The results below can readily be extended to cover the case Yy, = ¥(Xg) + Vi,
provided that the level sets {x € R : [¢p(x)] < K} of the function 1 are compact.
This is equivalent to requiring |¢(z)] — oo as |x| — oo. Likewise extensions to
multivariate states and/or observations are obvious.

Under (ii), Assumption 69(i) is satisfied with C' as above and x(dx) = h(x) dz.
Denote by ¢ the probability density of the random variables Vi. Then g(x,y) =
¢(y — x). The density ¢ may be chosen such that suppy C [—M,+M], so that
g(z,y) > 0 if and only if z € [y — M,y + M]. To verify Assumption 69(iii), put

=[-A, A]. For y € T, we then have g(x,y) =0if z & [-A— M, A+ M], and thus

A+M
/q(x7m//)g(x//’y)q(q//,x/) dx// — / q(x’x//)g(x//’y)q(x//7x/) dx// .
—A-M
This implies that for all (z,z') € X x X,
q x,mll g Jj//,y q x//’xl dJ://
(&)
q 1.7 x// g :Z:H7y q x//’z/ dz//
X

The bounded noise case is of course very specific, because an observation Y} allows
locating the corresponding state X} within a bounded set.

=1.

Under assumption 69, the lemma below establishes that the set C'is a 1-small set
for the forward transition kernels F,, [yx+1.»] and that it is also uniformly accessible
from the whole space X (for the same kernels).

Lemma 71. Under Assumption 69, the following hold true.

(i) For any initial probability measure v on (X, X) and any sequence yo., € Y"1
satisfying [, v(dxo) g(zo,y0) > 0,

Lu,n(yO:n) >0.

(ii) For any non-negative integers k and n such that k < n and any yo., € Y"1,
the set C is a 1-small set for the transitions kernels Fy,,. Indeed there exists a

transition kernel Ay, from (Y=F) Y@=k} 1o (X, X) such that for allx € C,
Yri1m €Y' F and A€ X,

o
Fk:\n[yk+1:n]($af4) > O_TAk,n[yk+1:n](A) .
(iii) For any non-negative integers k and n such that n > 2 and k < n—1, and any

Yk+1:n S Yn_k7
zlrelf).( Fk|n[yk>+1:n](xa C) 2 a(ykJrl) .

Proof. Write

n
un yOn dmO I'O»yO HQ xz 1,d$1 (xuyz)
=1

AL
/ / (dzo) g(zo, o f[Q w1, dxy) g(xs,yi) Lo (wi—1)
z/o (

n
v dl‘o) anyO ”H/ g xzayz dxz)7
i=1 ¢
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showing part (i). The proof of (ii) is similar to that of Lemma 60(iii). For (iii),
write

Fiin [Yrt1:m] (7, O)
_ I el e sy ] (@rg1) Lo (@ha 1) O [Ykt2in ] (Thr2) £(dTk41:042)
ff Pl Teg2 s Yea1) (Tha1) @Yk t2m] (Tret2) K(dTri1:042)
_ Jf @lyrt1](z, xpp2)plr, Toto s Yet1) (@kt1) @(Yrt2m] (Trt2) K(dTr11:042)
JS ol whse s Yrs 1) (1) 01Uk 2] (Tht2) K(dTp1:042) '

where p is defined in (3.40) and

@[yk+2:n]($k+2) = g($k+27yk+2)6k+2|n[yk+3:n]($k+2) )

I plz, xrso s k1] (@rs1) Lo (2h41) R(dzg41)
P T, T =
], 2r2) J ol trro s k1) (@hgr) B(dagin)

Under Assumption 69, ®(x,z';y) > a(y) for all (z,2') € X x X and y € Y, which
concludes the proof. O

The corollary below then shows that the whole set X is a 1-small set for the
composition Fpjp (Yt 1:m]Frt1n[Ykt2:m]. This generalizes a well-known result for
homogeneous Markov chains (see Proposition 157).

Corollary 72. Under Assumption 69, for positive indices 2 < k < n,

Lk/2]—1 o=
H(bl/,k\n[yO:n] - ¢1/,k\n[y0:n]“Tv <2 H |:1 - O--i-a(y2j+1):| .

Jj=0

Proof. Because of Lemma 71(i), we may use the decomposition in (3.26) with j = 0
bounding the total variation distance by 2 to obtain

k—1

”¢V,k\n[y02n] - ¢V’,k:\n[y01n] HTV S 2 H ) (Fj|n[yj+1:n]> .
j=0

Now, using assertions (ii) and (iii) of Lemma 71,

Fjln[yj+1:n]Fj+1|n[yj+2:n} (z, A)

2/CFj|n[yj+1:n]($,dx’)Fj+1|n[yj+2:n]($/»A)

o
> Oé(yj+1)aj>\j+1,n[yj+2m](A) :

for all z € X and A € X. Hence the composition F;,[yj11:n]Fji1)n[Yj+2:n] satis-
fies Doeblin’s condition (Assumption 50) and the proof follows by Application of
Lemma 51. O

Corollary 72 is only useful in cases where the function « is such that the obtained
bound indeed decreases as k and n grow. In Example 70, one could set a(y) = 1r(y),
for an interval I'. In such a case, it suffices that the joint chain {Xj,Ys}r>0 be
recurrent under P, —which was the case in Example 70—to guarantee that 1p(Y%)
equals one infinitely often and thus that |}¢V7k|n[Y0m} - ¢u',k\n[YO:n]HTV tends to
zero P, -almost surely as k,n — oo. The following example illustrates a slightly
more complicated situation in which Assumption 69 still holds.
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Example 73 (Non-Gaussian Autoregressive Process in Gaussian Noise). In this
example, we consider a first-order non-Gaussian autoregressive process, observed in
Gaussian noise. This is a practically relevant example for which there is apparently
no results on forgetting available in the literature. The model is thus

Xpt1 = 0 X +Up Xo~v,
Y =X+ Vi,

where

(1) {Uk}r>o0 is an i.i.d. sequence of random variables with Laplace (double expo-
nential) distribution with scale parameter \;

(if) {Vi}r>o is an i.i.d. sequence of Gaussian random variable with zero mean and
variance o2.

We will see below that the fact that the tails of the X's are heavier than the tails of
the observation noise is important for the derivations that follow. It is assumed that
|¢| < 1, which implies that the chain { X} } is positive recurrent, that is, admits a sin-
gle invariant probability measure 7. It may be shown (see Chapter 7) that although
the Markov chain { X} is geometrically ergodic, that is, |Q"(z,-) — || — O geo-
metrically fast, it is not uniformly ergodic as lim inf,, o sup,cp [|Q" (%, ) — 7||py >
0. We will nevertheless see that the forward smoothing kernel is uniformly geomet-
rically ergodic.
Under the stated assumptions,

no o L Ao —
g(a,2') = Srexp(=Ale’ —ozl)
_ 1 (y —x)*
g(z,y) = 5 P {— 502 | -

Here we set, for some M > 0 to be specified later, C = [-M — 1/2, M + 1/2], and
we let y € [-1/2,+1/2]. Note that

JE s exp(=Alu — ga| — |y — ul*/20% — A2’ — gul) du
25 exp(=Alu — ¢z| — |y — u|?/20% — Az’ — ¢ul) du
fiWM exp(—Au — x| — u?/20? — pA|z’ — u|) du

7 exp(=Alu — x| — u?/202 — ¢A|2’ — u|) du

and to show Assumption 69(iii) it suffices to show that the right-hand side is
bounded from below. This in turn is equivalent to showing that sup, .\ erxr R(z,2") <
1, where

(f:olf —&—f;j) exp(—alu — x| — Bu? — y|2’ — u|) du

[ exp(—alu — x| — Bu? — ]2’ — u|) du

R(z,2) = (3.41)

with o = )\, B = 1/202 and v = ¢\

To do this, first note that any M > 0 we have sup{R(z,2’) : |z| < M, |2'| <
M} < 1, and we thus only need to study the behavior of this quantity when x
and/or ' become large. We first show that

limsup sup  R(z,2) < 1. (3.42)
M—oco z>M, |z’ |[<M



%)

For this we note that for || < M and = > M, it holds that

([ ) mploote st st to

—aw M €XP[—BM? + (a — v)M] v exp(—pa? — yz)
sete WM (-7 T 2Wet(ro)

where we used the bound
/ exp(Au — ﬁu2) du < (2By — N) exp(—ﬁy2 + A\y),
Yy

which holds as soon as 28y — A > 0. Similarly, we have

-M
/ exp [—a(z —u) — Bu® — y(z' —u)] du

7a$e'yM exp[_ﬁMz - (7 + Q)M]

<e ,
- 26M + (v + )

M
/ exp [—a(z —u) — fu® — yju —2'|] du
-M

> e 27Memaw /M exp(—Bu? + au) du .
-M
Thus, (3.41) is bounded by
2exp[—BM? + (a — ) M] L swp exp|—B2? + (a — v)z]
e 20M +~v — « > M Bz + (v +a)
fi\/lM exp(—fu? + au) du

proving (3.42).
Next we show that

limsup sup R(z,2')<1. (3.43)
M—oco z>M,z'>M

We consider the case M < z < z’; the other case can be handled similarly. The
denominator in (3.41) is then bounded by

M
e w7 / exp(—Bu? + (a4 y)u) du .
-M

The two terms in the numerator are bounded by, respectively,

/_ exp [—a(z —u) — Bu® — y(z' —u)] du

—0Q0

< g—oz—ya’ exp[—ﬂMQ — (a+~)M]

= 26M + o+
and
o0
/ exp (—alz —u| — Bu® — y|2’ — ul) du
M
a2
< efowcf'yx' exp[ BM + (a +’7)M]
- 26M —a —v
n exp(—Bz? + yx — yz') n exp[—B(z")? + ax — ax')

20x — v+« 28z + o+~
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and (3.43) follows by combining the previous bounds.
We finally have to check that

limsup  sup  R(z,2') <1.
M—oo z'<—M,xz>M

This can be done along the same lines.



Chapter 4

Sequential Monte Carlo
Methods

The use of Monte Carlo methods for non-linear filtering can be traced back to the
pioneering contributions of Handschin and Mayne (1969) and Handschin (1970).
These early attempts were based on sequential versions of the importance sampling
paradigm, a technique that amounts to simulating samples under an instrumental
distribution and then approximating the target distributions by weighting these
samples using appropriately defined importance weights. In the non-linear filtering
context, importance sampling algorithms can be implemented sequentially in the
sense that, by defining carefully a sequence of instrumental distributions, it is not
needed to regenerate the population of samples from scratch upon the arrival of
each new observation. This algorithm is called sequential importance sampling,
often abbreviated SIS. Although the SIS algorithm has been known since the early
1970s, its use in non-linear filtering problems was rather limited at that time. Most
likely, the available computational power was then too limited to allow convincing
applications of these methods. Another less obvious reason is that the SIS algorithm
suffers from a major drawback that was not clearly identified and properly cured
until the seminal paper by Gordon et al. (1993). As the number of iterations
increases, the importance weights tend to degenerate, a phenomenon known as
sample impoverishment or weight degeneracy. Basically, in the long run most of the
samples have very small normalized importance weights and thus do not significantly
contribute to the approximation of the target distribution. The solution proposed
by Gordon et al. (1993) is to allow rejuvenation of the set of samples by duplicating
the samples with high importance weights and, on the contrary, removing samples
with low weights.

The particle filter of Gordon et al. (1993) was the first successful application of
sequential Monte Carlo techniques to the field of non-linear filtering. Since then,
sequential Monte Carlo (or SMC) methods have been applied in many different
fields including computer vision, signal processing, control, econometrics, finance,
robotics, and statistics (Doucet et al., 2001; Ristic et al., 2004). This chapter reviews
the basic building blocks that are needed to implement a sequential Monte Carlo
algorithm, starting with concepts related to the importance sampling approach.
More specific aspects of sequential Monte Carlo techniques will be further discussed
in Chapter 77, while convergence issues will be dealt with in Chapter 77.
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4.1 Importance Sampling and Resampling

4.1.1 Importance Sampling

Importance sampling is a method that dates back to, at least, Hammersley and
Handscomb (1965) and that is commonly used in several fields (for general references
on importance sampling, see Glynn and Iglehart, 1989, Geweke, 1989, Evans and
Swartz, 1995, or Robert and Casella, 2004.)

Throughout this section, p will denote a probability measure of interest on a
measurable space (X, X’), which we shall refer to as the target distribution. As in
Chapter ??, the aim is to approximate integrals of the form u(f) = [y f(z) pu(dx)
for real-valued measurable functions f. The Monte Carlo approach exposed in
Section ?? consists in drawing an i.i.d. sample &, ..., ¢V from the probability
measure  and then evaluating the sample mean N ! Zf;l f(€Y). Of course, this
technique is applicable only when it is possible (and reasonably simple) to sample
from the target distribution .

Importance sampling is based on the idea that in certain situations it is more
appropriate to sample from an instrumental distribution v, and then to apply a
change-of-measure formula to account for the fact that the instrumental distribution
is different from the target distribution. More formally, assume that the target
probability measure p is absolutely continuous with respect to an instrumental
probability measure v from which sampling is easily feasible. Denote by du/dv
the Radon-Nikodym derivative of p with respect to v. Then for any p-integrable
function f,

u(h) = [ 1@ utdo) = [ £@) L @) vido). (11)

In particular, if £1,€2,... is an ii.d. sample from v, (4.1) suggests the following
estimator of p(f):

N
BN (D)= N7V pe) Per). (12)
i=1

Because this estimator is the sample mean of independent random variables, there
is a range of results to assess the quality of /],IEN (f) as an estimator of u(f). First
of all, the strong law of large number implies that ﬁ}fN (f) converges to p(f) almost
surely as N tends to infinity. In addition, the central limit theorem for i.i.d. vari-
ables (or deviation inequalities) may serve as a guidance for selecting the proposal
distribution v, beyond the obvious requirement that it should dominate the target
distribution . We postpone this issue and, more generally, considerations that
pertain to the behavior of the approximation for large values of N to Chapter ?77.

In many situations, the target probability measure p or the instrumental prob-
ability measure v is known only up to a normalizing factor. As already discussed
in Remark 7?7, this is particularly true when applying importance sampling ideas
to HMMs and, more generally, in Bayesian statistics. The Radon-Nikodym deriva-
tive du/dv is then known up to a (constant) scaling factor only. It is however still
possible to use the importance sampling paradigm in that case, by adopting the
self-normalized form of the importance sampling estimator,

i f(E) ()
N dp g :
2i=1 ay (§)
This quantity is obviously free from any scale factor in du/dv. The self-normalized
importance sampling estimator i1y (f) is defined as a ratio of the sample means of

the functions f; = f x (du/dv) and fo = du/dv. The strong law of large numbers
thus implies that N1 vazl f1(€%) and N1 vazl f2(&%) converge almost surely, to

fn (f) = (4.3)
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wu(f1) and v(dp/dv) = 1, respectively, showing that ﬂLSN (f) is a consistent estimator
of pu(f). Again, more precise results on the behavior of this estimator will be given
in Chapter ?7. In the following, the term importance sampling usually refers to the
self-normalized form (4.3) of the importance sampling estimate.

4.1.2 Sampling Importance Resampling

Although importance sampling is primarily intended to overcome difficulties with
direct sampling from p when approximating integrals of the form u(f), it can also be
used for (approximate) sampling from the distribution p. The latter can be achieved
by the sampling importance resampling (or SIR) method due to Rubin (1987, 1988).
Sampling importance resampling is a two-stage procedure in which importance sam-
pling as discussed below is followed by an additional random sampling step. In the

first stage, an i.i.d. sample (51, . ,éM) is drawn from the instrumental distribution
v, and one computes the normalized version of the importance weights,
du (i
Z:#,i:l,...,M. (4.4)
>im1 as (€Y)
In the second stage, the resampling stage, a sample of size N denoted by L. eN
is drawn from the intermediate set of points &1, ... ,§M,~ taking into account the

weights computed in (4.4). The rationale is that points ' for which w’ in (4.4) is
large are most likely under the target distribution p and should thus be selected
with higher probability during the resampling than points with low (normalized)
importance weights. This principle is illustrated in Figure 4.1.

TARGET

TARGET

Figure 4.1: Principle of resampling. Top plot: the sample drawn from v with as-
sociated normalized importance weights depicted by bullets with radii proportional
to the normalized weights (the target density corresponding to pu is plotted in solid
line). Bottom plot: after resampling, all points have the same importance weight,
and some of them have been duplicated (M = N = 7).

There are several ways of implementing this basic idea, the most obvious ap-
proach being sampling with replacement with probability of sampling each £* equal
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to the importance weight w'. Hence the number of times N? each particular point
€¥ in the first-stage sample is selected follows a binomial Bin(N,w?) distribution.
The vector (N1,..., NM) is distributed from Mult(N,w?!, ..., w™), the multinomial
distribution with parameter N and probabilities of success (w?,...,w™). In this
resampling step, the points in the first-stage sample that are associated with small
normalized importance weights are most likely to be discarded, whereas the best
points in the sample are duplicated in proportion to their importance weights. In
most applications, it is typical to choose M, the size of the first-stage sample, larger
(and sometimes much larger) than N. The SIR algorithm is summarized below.

Algorithm 74 (SIR: Sampling Importance Resampling). Sampling: Draw ani.i.d.
sample €1, ..., &M from the instrumental
distribution v.

Weighting: Compute the (normalized) importance weights

i (gt

7 dv -
WZW fOI‘Zzl,...7M.
>i=1 s (&)

Resampling:
e Draw, conditionally independently given (§~1, L EM ), N discrete ran-
dom variables (I, ..., IV) taking values in the set {1, ..., M} with prob-
abilities (w!,...,wM), ie.,

PI'=j)=w!, j=1,....,M. (4.5)

e Set, forizl,...,N,fizgli-

The set (I',...,I"V) is thus a multinomial trial process. Hence, this method of
selection is known as the multinomial resampling scheme.

At this point, it may not be obvious that the sample £!,..., ¢ obtained from
Algorithm 74 is indeed (approximately) i.i.d. from g in any suitable sense. In
Chapter 77, it will be shown that the sample mean of the draws obtained using the
SIR algorithm,

A () = 5 (€, (4.6)

is a consistent estimator of pu(f) for all functions f satisfying p(]f|) < oo. The
resampling step might thus be seen as a means to transform the weighted importance
sampling estimate 7L, (f) defined by (4.3) into an unweighted sample average.

Recall that N is the number of times that the element &' is resampled. Rewriting

1N _ MNl- 5
ﬂ%wm=ﬁgﬂw=gﬁﬂw,

it is easily seen that the sample mean ﬂls,,lﬁ ~ (f) of the SIR sample is, conditionally

on the first-stage sample (€1, ..., M), equal to the importance sampling estimator
figy (f) defined in (4.3),

B (1] € 8] = (1)

As a consequence, the mean squared error of the SIR estimator ﬂEIJF\}[ ~ (f) is always

larger than that of the importance sampling estimator (4.3) due to the well-known



4.2. SEQUENTIAL IMPORTANCE SAMPLING 61

variance decomposition
B35 () — u()’]
=B [(ix () = i ()] + B[ @ (D - n(9)] -

The variance E[(ﬂﬁll\r}N (f) — ﬁIVSM (f))?] may be interpreted as the price to pay
for converting the weighted importance sampling estimate into an unweighted ap-
proximation.

Showing that the SIR estimate (4.6) is a consistent and asymptotically normal
estimator of u(f) is not a trivial task, as &%, ..., &€V are no more independent due
to the normalization of the weights followed by resampling. As such, the elemen-
tary i.i.d. convergence results that underlie the theory of the importance sampling
estimator are of no use, and we refer to Section ?? for the corresponding proofs.

Remark 75. A closer examination of the numerical complexity of Algorithm 74
reveals that whereas all steps of the algorithm have a complexity that grows in
proportion to M and N, this is not quite true for the multinomial sampling step
whose numerical complexity is, a priori, growing faster than N (about N log,M—
see Section 4.4.1 below for details). This is very unfortunate, as we know from
elementary arguments discussed in Section ?? that Monte Carlo methods are most
useful when N is large (or more appropriately that the quality of the approximation
improves rather slowly as N grows).

A clever use of elementary probabilistic results however makes it possible to de-
vise methods for sampling N times from a multinomial distribution with M possible
outcomes using a number of operations that grows only linearly with the maximum
of N and M. In order not to interrupt our exposition of sequential Monte Carlo, the
corresponding algorithms are discussed in Section 4.4.1 at the end of this chapter.
Note that we are here only discussing implementations issues. There are however
different motivations, also discussed in Section 4.4.2, for adopting sampling schemes
other than multinomial sampling.

4.2 Sequential Importance Sampling

4.2.1 Sequential Implementation for HMMs

We now specialize the sampling techniques considered above to hidden Markov
models. As in previous chapters, we adopt the hidden Markov model as specified
by Definition 12 where () denotes the Markov transition kernel of the hidden chain,
v is the distribution of the initial state Xy, and g(z,y) (for z € X,y € Y) denotes
the transition density function of the observation given the state, with respect to
the measure p on (Y,Y). To simplify the mathematical expressions, we will also
use the shorthand notation gx(-) = g(+,Y%) introduced in Section 2.1.4. We denote
the joint smoothing distribution by ¢g.xr, omitting the dependence with respect to
the initial distribution v, which does not play an important role here. According to
(?7), the joint smoothing distribution may be updated recursively in time according
to the relations

do(f)

_ J f(x0) go(zo) v(dao)

T go(xo) v(dao) for all f € Fy (X),

Gockr1k+1(frr1) = /"'/fk+1($0:k+1)¢o;k|k(d$o:k)T;§(fEk,dfck+1)
for all fr1 € Fy, (XA2), (4.7)
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where T} is the transition kernel on (X, X) defined by

e = (S / 1) Qe dx' g1 (o)
forallz € X, f € F, (X). (4.8)

The superscript “u” (for “unnormalized”) in the notation 7}' is meant to highlight
the fact that T} is not a probability transition kernel. This distinction is important
here because the normalized version T} = T3!/T}}(1) of the kernel will play an
important role in the following. Note that except in some special cases discussed in
Chapter 77, the likelihood ratio L1 /Ly can generally not be computed in closed
form, rendering analytic evaluation of T} or ¢g.x | hopeless. The rest of this section
reviews importance sampling methods that make it possible to approximate ¢
recursively in k.

First, because importance sampling can be used when the target distribution
is known only up to a scaling factor, the presence of non-computable constants
such as L1 /L does not preclude the use of the algorithm. Next, it is convenient
to choose the instrumental distribution as the probability measure associated with
a possibly non-homogeneous Markov chain on X. As seen below, this will make
it possible to derive a sequential version of the importance sampling technique.
Let {Ry}r>0 denote a family of Markov transition kernels on (X, X) and let pg
denote a probability measure on (X, X). Further denote by {po.x }x>0 the family of
probability measures associated with the inhomogeneous Markov chain with initial
distribution py and transition kernels { Ry }x>o0,

k—1
o) [+ [ fuGeos) polaso) T Ratan.donsr)
=0

In this context, the kernels Ry will be referred to as the instrumental kernels. The
term importance kernel is also used. The following assumptions will be adopted in
the sequel.

Assumption 76 (Sequential Importance Sampling). 1. The target distribution
¢ 1s absolutely continuous with respect to the instrumental distribution pg.

2. For allk >0 and all x € X, the measure T} (z, -) is absolutely continuous with
respect to Ry(z,-).

Then for any k > 0 and any function f; € Fy, (Xk+1),

Go:kik(fr) = / /fk To:k) {H CZ; ;Cll’ $Ul+1)} pox(dzox) , (4.9)

which implies that the target distribution .y is absolutely continuous with re-
spect to the instrumental distribution pg.; with Radon-Nikodym derivative given
by

déo: d AT (-
jﬁ(}){.}ik (zo:k) = %(wo) ll_[ Lj")(mﬂ) : (4.10)

It is thus legitimate to use pg.r as an instrumental distribution to compute im-
portance sampling estimates for integrals with respect to ¢g.zx. Denoting by
§é:k, . ,g{;{k N ii.d. random sequences with common distribution pg.;, the im-
portance sampling estimate of ¢o.5x(fx) for fr € Fy (X’H‘l) is defined as

N i
i) = L ) (1.11)

N . b
Dim1 Wh
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where w! are the unnormalized importance weights defined recursively by

wh = déo —2(g) fori=1,...,N, (4.12)
dp()
and, for £ > 0,
; ATY (&) ,
= ) — f =1,...,N. 4.13
wk+1 wde (5 )(£k+1) or 2 ? ? ( )

The multiplicative decomposition of the (unnormalized) importance weights in (4.13)
implies that these weights may be computed recursively in time as successive ob-
servations become available. In the sequential Monte Carlo literature, the update
factor dT}!/dRy, is often called the incremental weight. As discussed previously in
Section 4.1.1, the estimator in (4.11) is left unmodified if the weights, or equiva-
lently the incremental weights, are evaluated up to a constant only. In particular,
one may omit the problematic scaling factor Ly /L that we met in the definition
of T} in (4.8). The practical implementation of sequential importance sampling
thus goes as follows.

Algorithm 77 (SIS: Sequential Importance Sampling). Initial State: Draw ani.i.d.
sample &}, ..., &Y from py and set

_90(50) (50) fori=1,...,N.

Recursion: For £ =0,1,...,

e Draw (§k+1, . ,fkﬂ) conditionally independently given {EO woJd=1...,N}
from the distribution §k+1 ~ Ry(&i,-). Append §k+1 to &, to form

Eonsr = S0k Shan)-

e Compute the updated importance weights

Wk+1 = wk X gk+1(5k+1)d1§(é{: )) (5124.1), i=1,...,N.

At any iteration index k importance sampling estimates may be evaluated according
o (4.11).

An important feature of Algorithm 77, which corresponds to the method origi-
nally proposed in Handschin and Mayne (1969) and Handschin (1970), is that the
N trajectories fé: R 7§é\f « are independent and identically distributed for all time
indices k. Following the terminology in use in the non-linear filtering community,
we shall refer to the sample at time index k, &1, ... ,f,iv, as the population (or sys-
tem) of particles and to &, for a specific value of the particle index i as the history
(or trajectory) of the ith particle. The principle of the method is illustrated in
Figure 4.2.

4.2.2 Choice of the Instrumental Kernel

Before discussing in Section 4.3 a serious drawback of Algorithm 77 that needs to
be fixed in order for the method to be applied to any problem of practical interest,
we examine strategies that may be helpful in selecting proper instrumental kernels
Ry, in several models (or families of models) of interest.
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FILT.

FILT. +1

Figure 4.2: Principle of sequential importance sampling (SIS). Upper plot: the curve
represents the filtering distribution, and the particles with weights are represented
along the axis by bullets, the radii of which being proportional to the normalized
weight of the particle. Middle plot: the instrumental distribution with resampled
particle positions. Bottom plot: filtering distribution at the next time index with
particle updated weights. The case depicted here corresponds to the choice Ry = Q.

Prior Kernel

The first obvious and often very simple choice of instrumental kernel Ry is that
of setting Ry = @ (irrespectively of k). In that case, the instrumental kernel
simply corresponds to the prior distribution of the new state in the absence of the
corresponding observation. The incremental weight then simplifies to

Ly

(-
w(x') " List gr1(2') o< gppa(af)  forall (z,2") € X2 (4.14)

A distinctive feature of the prior kernel is that the incremental weight in (4.14)
does not depend on x, that is, on the previous position. The use of the prior kernel
Ry = @ is popular because sampling from the prior kernel @) is often straightforward,
and computing the incremental weight simply amounts to evaluating the conditional
likelihood of the new observation given the current particle position. The prior
kernel also satisfies the minimal requirement of importance sampling as stated in
Assumption 76. In addition, because the importance function reduces to gg41, it is
upper-bounded as soon as one can assume that sup,cx ey (2, %) is finite, which
(often) is a very mild condition (see also Section ?7). Despite these appealing
properties, the use of the prior kernel can sometimes lead to poor performance,
often manifesting itself as a lack of robustness with respect to the values taken by
the observed sequence {Y}}r>0. The following example illustrates this problem in
a very simple situation.

Example 78 (Noisy AR(1) Model). To illustrate the potential problems associated
with the use of the prior kernel, Pitt and Shephard (1999) consider the simple model
where the observations arise from a first-order linear autoregression observed in
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noise,

Xit1 = ¢Xi +ou Uy, Up ~N(0,1),
Yk:Xk+UVVka VkNN(071)7

where ¢ = 0.9, 0% = 0.01, 0% = 1 and {Uy}r>0 and {Vi}x>o are independent
Gaussian white noise processes. The initial distribution v is the stationary distri-
bution of the Markov chain { X} }r>0, that is, normal with zero mean and variance
/(1= ¢%) B

o .

In the following, we assume that n = 5 and simulate the first five observations
from the model, whereas the sixth observation is set to the arbitrary value 20. The
observed series is

(—0.652, —0.345, —0.676, 1.142, 0.721, 20) .

The last observation is located 20 standard deviations away from the mean (zero)
of the stationary distribution, which definitively corresponds to an aberrant value
from the model’s point of view. In a practical situation however, we would of course
like to be able to handle also data that does not necessarily come from the model
under consideration. Note also that in this toy example, one can evaluate the exact
smoothing distributions by means of the Kalman filtering recursion discussed in
Section ?77.

Figure 4.3 displays box and whisker plots for the SIS estimate of the posterior
mean of the final state X5 as a function of the number N of particles when using
the prior kernel. These plots have been obtained from 125 independent replications
of the SIS algorithm. The vertical line corresponds to the true posterior mean of
X5 given Yy.5, computed using the Kalman filter. The figure shows that the SIS
algorithm with the prior kernel grossly underestimates the values of the state even
when the number of particles is very large. This is a case where there is a conflict be-
tween the prior distribution and the posterior distribution: under the instrumental
distribution, all particles are proposed in a region where the conditional likelihood
function g5 is extremely low. In that case, the renormalization of the weights used
to compute the filtered mean estimate according to (4.11) may even have unexpect-
edly adverse consequences: a weight close to 1 does not necessarily correspond to
a simulated value that is important for the distribution of interest. Rather, it is
a weight that is large relative to other, even smaller weights (of particles even less
important for the filtering distribution). This is a logical consequence of the fact
that the weights must sum to one.

Optimal Instrumental Kernel

The mismatch between the instrumental distribution and the posterior distribution
observed in the previous example is the type of problem that one should try to
alleviate by a proper choice of the instrumental kernel. An interesting choice to
address this problem is the kernel

_ [ f(@) Q(z,d’) gy (2')
J Q(z, da’)gp41(2)

which is just T} defined in (4.8) properly normalized to correspond to a Markov
transition kernel (that is, Tx(z,1) = 1 for all € X). The kernel Ty may be inter-
preted as a regular version of the conditional distribution of the hidden state X1
given X, and the current observation Yjy1. In the sequel, we will refer to this kernel
as the optimal kernel, following the terminology found in the sequential importance
sampling literature. This terminology dates back probably to Zaritskii et al. (1975)

Ti(z, ) forz € X, f € F, (X), (4.15)



66 CHAPTER 4. SEQUENTIAL MONTE CARLO METHODS

and Akashi and Kumamoto (1977) and is largely adopted by authors such as Liu
and Chen (1995), Chen and Liu (2000), Doucet et al. (2000), Doucet et al. (2001)
and Tanizaki (2003). The word “optimal” is somewhat misleading, and we refer to
Chapter ?? for a more precise discussion of optimality of the instrumental distribu-
tion in the context of importance sampling (which generally has to be defined for
a specific choice of the function f of interest). The main property of T} as defined
in (4.15) is that

dT]?(Z‘,) 37/ o Lk
di(ZL‘,) Lk+1

Ye(z) o< ye(x)  for (z,2') € X, (4.16)
where 7 () is the denominator of T}, in (4.15):

() & / Q, dz') g1 () . (4.17)

Equation (4.16) means that the incremental weight in (4.13) now depends on the
previous position of the particle only (and not on the new position proposed at index
k+ 1). This is the exact opposite of the situation observed previously for the prior
kernel. The optimal kernel (4.15) is attractive because it incorporates information
both on the state dynamics and on the current observation: the particles move
“blindly” with the prior kernel, whereas they tend to cluster into regions where
the current local likelihood gg1 is large when using the optimal kernel. There are
however two problems with using T} in practice. First, drawing from this kernel
is usually not directly feasible. Second, calculation of the incremental importance
weight v, in (4.17) may be analytically intractable. Of course, the optimal kernel
takes a simple form with easy simulation and explicit evaluation of (4.17) in the
particular cases discussed in Chapter ?7?7. It turns out that it can also be evaluated
for a slightly larger class of non-linear Gaussian state-space models, as soon as the
observation equation is linear (Zaritskii et al., 1975). Indeed, consider the state-
space model with non-linear state evolution equation

X1 = A(Xy) + R(Xx)Uy Ur ~N(0,1), (4.18)
Y., = BXy + SVy , Vi NN(O,I) s (4.19)

where A and R are matrix-valued functions of appropriate dimensions. By applica-
tion of Proposition 7?7, the conditional distribution of the state vector X1 given
X = x and Yj41 is multivariate Gaussian with mean my41(z) and covariance
matrix Y41(z), given by

Kyi1(z) = R(z)R'(z) B [BR(x)R!(z)B' + S5 ",

M1 (2) = A(2) + Ky (@) [Yisr — BA@)] |
Shi1(2) = [I = K1 (2)B] R(2) R (x) .

Hence new particles &/ 41 need to be simulated from the distribution

N (g1 (60): B (€1)) (4.20)

and the incremental weight for the optimal kernel is proportional to

w@) = [ oo ) do’

(@) exp{ =3 s = BAG) Teky(o) i — BAG]
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where
Tyi1(x) = BR(z)R'(z)B" + SS* .

In other situations, sampling from the kernel 7}, and/or computing the normalizing
constant 7 is a difficult task. There is no general recipe to solve this problem, but
rather a set of possible solutions that should be considered.

Example 79 (Noisy AR(1) Model, Continued). We consider the noisy AR (1) model
of Example 78 again using the optimal importance kernel, which corresponds to the
particular case where all variables are scalar and A and R are constant in (4.18)—
(4.19) above. Thus, the optimal instrumental transition density is given by

2 2 Y; 2 2
tk(x,.):N(%W{ﬂﬁgg;}, Ouﬂv)

2 2 2 2
ogt+oy Lo oy o +oy
and the incremental importance weights are proportional to

1 (Yk — ¢$)2
’Yk(I)O(eXp[ 9 0_[2]_'_0,‘2/ :| .

Figure 4.4 is the exact analog of Figure 4.3, also obtained from 125 independent
runs of the algorithm, for this new choice of instrumental kernel. The figure shows
that whereas the SIS estimate of posterior mean is still negatively biased, the op-
timal kernel tends to reduce the bias compared to the prior kernel. It also shows
that as soon as N = 400, there are at least some particles located around the true
filtered mean of the state, which means that the method should not get entirely lost
as subsequent new observations arrive.

To illustrate the advantages of the optimal kernel with respect to the prior kernel
graphically, we consider the model (4.18)—(4.19) again with ¢ = 0.9, 02 = 0.4,
02 = 0.6, and (0,2.6,0.6) as observed series (of length 3). The initial distribution
is a mixture 0.6 N(—1,0.3) + 0.4N(1,0.4) of two Gaussians, for which it is still
possible to evaluate the exact filtering distributions as the mixture of two Kalman
filters using, respectively, N(—1,0.3) and N(1,0.4) as the initial distribution of Xj.
We use only seven particles to allow for an interpretable graphical representation.
Figures 4.5 and 4.6 show the positions of the particles propagated using the prior
kernel and the optimal kernel, respectively. At time 1, there is a conflict between
the prior and the posterior as the observation does not agree with the particle
approximation of the predictive distribution. With the prior kernel (Figure 4.5),
the mass becomes concentrated on a single particle with several particles lost out
in the left tail of the distribution with negligible weights. In contrast, in Figure 4.6
most of the particles stay in high probability regions through the iterations with
several distinct particles having non-negligible weights. This is precisely because the
optimal kernel “pulls” particles toward regions where the current local likelihood
9r(z) = gr(x,Y%) is large, whereas the prior kernel does not.

Accept-Reject Algorithm

Because drawing from the optimal kernel T}, is most often not feasible, a first nat-
ural idea consists in trying the accept-reject method (Algorithm ?7), which is a
versatile approach to sampling from general distributions. To sample from the
optimal importance kernel Tj(z,-) defined by (4.15), one needs an instrumental
kernel Ry(x,-) from which it is easy to sample and such that there exists M sat-

isfying ddgc(éﬁ")) (Ngr(x') < M (for all z € X). Note that because it is generally
impossible to evaluate the normalizing constant +; of Tk, we must resort here to

the unnormalized version of the accept-reject algorithm. The algorithm consists in
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generating pairs (£, U) of independent random variables with £ ~ Ry(z,-) and U
uniformly distributed on [0, 1] and accepting & if

1 dQ(x,-)
U< MW(@%(@ .

Recall that the distribution of the number of simulations required is geometric with

parameter
pie) = L a).

The strength of the accept-reject technique is that, using any instrumental kernel Ry,
satisfying the domination condition, one can obtain independent samples from the
optimal importance kernel 7. When the conditional likelihood of the observation
g (x)—viewed as a function of z—is bounded, one can for example use the prior
kernel @ as the instrumental distribution. In that case

i) o le) sl
The algorithm then consists in drawing £ from the prior kernel Q(z, -), U uniformly

on [0,1] and accepting the draw if U < g,(&)/sup,ex gk (). The acceptance rate of
this algorithm is then given by

_ QG dagu(a’)

Sup,ex gr (')

p(z)

Unfortunately, it is not always possible to design an importance kernel Ry (z, -) that
is easy to sample from, for which the bound M is indeed finite, and such that the
acceptance rate p(x) is reasonably large.

Local Approximation of the Optimal Importance Kernel

A different option consists in trying to approximate the optimal kernel T} by a
simpler proposal kernel Ry that is handy for simulating. Ideally, Ry should be such
that Ry(x,-) both has heavier tails than Tj(z,-) and is close to Tj(x, ) around its

modes, with the aim of keeping the ratio ﬁi(é".)) (z') as small as possible. To do so,

authors such as Pitt and Shephard (1999) and Doucet et al. (2000) suggest to first
locate the high-density regions of the optimal distribution Tj(z,-) and then use an
over-dispersed (that is, with sufficiently heavy tails) approximation of Ty (z,-). The
first part of this program mostly applies to the case where the distribution T (z, -)
is known to be unimodal with a mode that can be located in some way. The overall
procedure will need to be repeated N times with x corresponding in turn to each
of the current particles. Hence the method used to construct the approximation
should be reasonably simple if the potential advantages of using a “good” proposal
kernel are not to be offset by an unbearable increase in computational cost.

A first remark of interest is that there is a large class of state-space models
for which the distribution Ty (z,-) can effectively be shown to be unimodal using
convexity arguments. In the remainder of this section, we assume that X = R¢ and
that the hidden Markov model is fully dominated (in the sense of Definition 13),
denoting by ¢ the transition density function associated with the hidden chain.
Recall that for a certain form of non-linear state-space models given by (4.18)-
(4.19), we were able to derive the optimal kernel and its normalization constant
explicitly. Now consider the case where the state evolves according to (4.18), so
that

1

e, 2') ocexp |~ (o' — A@) {R@R' @)} (&~ A@)| |
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and g(x,y) is simply constrained to be a log-concave function of its & argument.
This of course includes the linear Gaussian observation model considered previ-
ously in (4.19) but also many other cases like the non-linear observation con-
sidered below in Example 80. Then the optimal transition density ¢}(z,z’) =
(Lit1/Lg) " tq(x, 2")gr(2') is also a log-concave function of its o’ argument, as its
logarithm is the sum of two concave functions (and a constant term). This implies
in particular that x’ — t}(x,2’) is unimodal and that its mode may be located
using computationally efficient techniques such as Newton iterations.

The instrumental transition density function is usually chosen from a parametric
family {r¢ }gco of densities indexed by a finite-dimensional parameter 6. An obvious
choice is the multivariate Gaussian distribution with mean m and covariance matrix
T, in which case 6 = (u,T"). A better choice is a multivariate ¢-distribution with
n-degrees of freedom, location m, and scale matrix I'. Recall that the density of
this distribution is proportional to rg(z) o [ + (z — m)*T =} (x — m)](="T49/2. The
choice 7 = 1 corresponds to a Cauchy distribution. This is a conservative choice that
ensures over-dispersion, but if X is high-dimensional, most draws from a multivariate
Cauchy might be too far away from the mode to reasonably approximate the target
distribution. In most situations, values such as n = 4 (three finite moments) are
more reasonable, especially if the underlying model does not feature heavy-tailed
distributions. Recall also that simulation from the multivariate t-distribution with
7 degrees of freedom, location m, and scale X can easily be achieved by first drawing
from a multivariate Gaussian distribution with mean m and covariance I and then
dividing the outcome by the square root of an independent chi-square draw with 7
degrees of freedom divided by 7.

To choose the parameter 6 of the instrumental distribution rg, one should try
to minimize the supremum of the importance function,

/ /
i sup 2 7)0:()

4.21
0€0 prex  To(a’) (4.21)

This is a minimax guarantee by which 6 is chosen to minimize an upper bound on
the importance weights. Note that if rg was to be used for sampling from ¢ (z, -)
by the accept-reject algorithm, the value of 6 for which the minimum is achieved
in (4.21) is also the one that would make the acceptance probability maximal. In
practice, solving the optimization problem in (4.21) is often too demanding, and a
more generic strategy consists in locating the mode of 2’ +— tx(z, z’) by an iterative
algorithm and evaluating the Hessian of its logarithm at the mode. The parameter
0 is then selected in the following way.

Multivariate normal: fit the mean of the normal distribution to the mode of
ti(z, ) and fit the covariance to minus the inverse of the Hessian of log tx(x, -)
at the mode.

Multivariate t-distribution: fit the location and scale parameters as the mean
and covariance parameters in the normal case; the number of degrees of free-
dom is usually set arbitrarily (and independently of x) based on the arguments
discussed above.

We discuss below an important model for which this strategy is successful.

Example 80 (Stochastic Volatility Model). The state-space equations that define
the model is
X1 = ¢Xy +0oUg ,
Yy, = Bexp(Xy/2)Vi ,
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We directly obtain

(CL’ xl) 1 e (iE/ - (bx)?
= X — &
1 Y? 1
x') = ex [—k exp(—1') — m’] .
Simulating from the optimal transition kernel ¢x(x,z’) is difficult, but the function

' — log(q(xz,2')gr(x’)) is indeed (strictly) concave. The mode my(z) of =’ +—
ti(z,2') is the unique solution of the non-linear equation

1 Y2 1
—;(m’ — ¢z) + 2—52 exp(—z') — 5= 0, (4.22)

which can be found using Newton iterations. Once at the mode, the (squared)
scale o7(z) is set as minus the inverse of the second-order derivative of z’ —
(log q(z, 2")gr(z")) evaluated at the mode my(x). The result is

1y -
oi(x) = {02 + ﬁ exp [—mk(x)]} . (4.23)
In this example, a t-distribution with 7 = 5 degrees of freedom was used, with
location my(z) and scale o(x) obtained as above. The incremental importance
weight is then given by

’r_ 2 Y2 ’
exp [~ — T exp(—a!) - 5]

2
- o) — D2
o () {n+[ (o) }

Figure 4.7 shows a typical example of the type of fit that can be obtained
for the stochastic volatility model with this strategy using 1,000 particles. Note
that although the data used is the same as in Figure 77, the estimated distribu-
tions displayed in both figures are not directly comparable, as the MCMC method
in Figure 7?7 approximates the marginal smoothing distribution, whereas the se-
quential importance sampling approach used for Figure 4.7 provides a (recursive)
approximation to the filtering distributions.

When there is no easy way to implement the local linearization technique, a
natural idea explored by Doucet et al. (2000) and Van der Merwe et al. (2000)
consists in using classical non-linear filtering procedures to approximate t;. These
include in particular the so-called extended Kalman filter (EKF), which dates back
to the 1970s (Anderson and Moore, 1979, Chapter 10), as well as the unscented
Kalman filter (UKF) introduced by Julier and Uhlmann (1997)—see, for instance,
Ristic et al. (2004, Chapter 2) for a recent review of these techniques. We illustrate
below the use of the extended Kalman filter in the context of sequential importance
sampling.

We now consider the most general form of the state-space model with Gaussian
noises:

Xit1 = a(Xg, Uk) , U ~N(0,1), (4.24)
Y = b(Xk, Vie) , Vie ~N(0,1I), (4.25)
where a, b are vector-valued measurable functions. It is assumed that {Uy }r>0 and

{Vk}kzo are independent white Gaussian noises. As usual, X is assumed to be
N(0,%,) distributed and independent of {Uy} and {V;}. The extended Kalman
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filter proceeds by approximating the non-linear state-space equations (4.24)—(4.25)
by a non-linear Gaussian state-space model with linear measurement equation. We
are then back to a model of the form (4.18)—(4.19) for which the optimal kernel may
be determined exactly using Gaussian formulas. We will adopt the approximation

X =~ a(Xk_l,O) + R(Xk_l)Uk_l s (4.26)
Y. ~b [G(Xk_l,O),O] + B(Xk_l) [Xk — a(Xk_l,O)] + S(Xk_l)Vk R (427)
where

e R(x) is the d, X d, matrix of partial derivatives of a(x,u) with respect to u
and evaluated at (z,0),

[R(.T)] ] def 6[@(.’13,0)]74

= fori=1,...,dy,and j=1,...,dy;
’ 8’U,j

e B(x) and S(z) are the d, x d, and d, x d, matrices of partial derivatives of
b(x,v) with respect to z and v respectively and evaluated at (a(z,0),0),

— a{b [a(z70)7 0}}1

[B(x)]‘,j_T fori=1,....,dyand j=1,...,d, ,
j
d{bla(z,0),0]}, : .
[S(m)]i,j:a—vj fori=1,...,dyand j=1,...,d, .

It should be stressed that the measurement equation in (4.27) differs from (4.19)
in that it depends both on the current state Xj; and on the previous one Xj_.
The approximate model specified by (4.26)—(4.27) thus departs from the HMM
assumptions. On the other hand, when conditioning on the value of Xj_1, the
structure of both models, (4.18)—(4.19) and (4.26)—(4.27), are exactly similar. Hence
the posterior distribution of the state X given X;_1 = x and Y} is a Gaussian
distribution with mean my(x) and covariance matrix I'y(x), which can be evaluated
according to

Ki.(x) = R(z)R!(x)B'(x) [B(z)R(2)R!(x) B'(z) + S(x)5' ()] ",
( b

)
my () = a(z, 0)+Kk( ) {Yi — bla(,0),0} ,
I(z) = [I - Ki(2)B(x)] R(z)R' () .

The Gaussian distribution with mean my(x) and covariance I'y (x) may then be used
as a proxy for the optimal transition kernel T (x, -). To improve the robustness of the
method, it is safe to increase the variance, that is, to use ¢I'y(x) as the simulation
variance, where ¢ is a scalar larger than one. A perhaps more recommendable
option consists in using as previously a proposal distribution with tails heavier
than the Gaussian, for instance, a multivariate ¢-distribution with location myg(x),
scale 'y (z), and four or five degrees of freedom.

Example 81 (Growth Model). We consider the univariate growth model discussed
by Kitagawa (1987) and Polson et al. (1992) given, in state-space form, by

X, = akfl(kal) + o, Ug_1, Uy ~ N(O, 1) R (4.28)
Yy = bX: + 0,V , Vi ~N(0,1), (4.29)

where {Uj }r>0 and {Vi}x>0 are independent white Gaussian noise processes and

ak—1(x) = apx + + agcos[1.2(k — 1)) (4.30)

T
1422
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with ag = 0.5, a1 = 25, ag = 8, b = 0.05, and 02 = 1 (the value of o2 will be
discussed below). The initial state is known deterministically and set to Xy = 0.1.
This model is non-linear both in the state and in the measurement equation. Note
that the form of the likelihood adds an interesting twist to the problem: whenever
Y;. <0, the conditional likelihood function

e b?
gr(z) = g(x;Yy) o exp ~557 (2* - Yk/b)2

v

is unimodal and symmetric about 0; when Y; > 0 however, the likelihood g is
symmetric about 0 with two modes located at +(Y;/b)/2.

The EKF approximation to the optimal transition kernel is a Gaussian distri-
bution with mean my(z) and variance T'y(z) given by

Ky(z) = 202bay 1 (x) [402b%a3_ () + 02,

my,(x) = a-1(x) + Ky (2) [V = bai_y ()] ,
0'20'2

4o2b%ai_|(z) + 02"

Pk({E) =

In Figure 4.8, the optimal kernel, the EKF approximation to the optimal kernel,
and the prior kernel for two different values of the state variance are compared.
This figure corresponds to the time index one, and Y; is set to 6 (recall that the
initial state Xg is equal to 0.1). In the case where o2 = 1 (left plot in Figure 4.8),
the prior distribution of the state, N(ag(Xo),0?2), turns out to be more informative
(more peaky, less diffuse) than the conditional likelihood ¢g;. In other words, the
observed Y7 does not carry a lot of information about the state X, compared to
the information provided by Xp; this is because the measurement variance o2 is
not small compared to o2. The optimal transition kernel, which does take Y; into
account, is then very close to the prior kernel, and the differences between the three
kernels are minor. In such a situation, one should not expect much improvement
with the EKF approximation compared to the prior kernel.

In the case shown in the right plot of Figure 4.8 (02 = 10), the situation is
reversed. Now o2 is relatively small compared to 2, so that the information about
X contained in ¢y is large to that provided by the prior information on Xy. This
is the kind of situation where we expect the optimal kernel to improve considerably
on the prior kernel. Indeed, because Y; > 0, the optimal kernel is bimodal, with the
second mode far smaller than the first one (recall that the plots are on log-scale); the
EKF kernel correctly picks the dominant mode. Figure 4.8 also illustrates the fact
that, in contrast to the prior kernel, the EKF kernel does not necessarily dominate
the optimal kernel in the tails; hence the need to simulate from an over-dispersed
version of the EKF approximation as discussed above.

4.3 Sequential Importance Sampling with Resam-
pling

Despite quite successful results for short data records, as was observed in Exam-
ple 80, it turns out that the sequential importance sampling approach discussed so
far is bound to fail in the long run. We first substantiate this claim with a simple
illustrative example before examining solutions to this shortcoming based on the
concept of resampling introduced in Section 4.1.2.
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4.3.1 Weight Degeneracy

The intuitive interpretation of the importance sampling weight w} is as a measure
of the adequacy of the simulated trajectory 53:k to the target distribution ¢q.|p-
A small importance weight implies that the trajectory is drawn far from the main
body of the posterior distribution ¢g.x, and will contribute only moderately to
the importance sampling estimates of the form (4.11). Indeed, a particle such that
the associated weight wi is orders of magnitude smaller than the sum sz\; w};
is practically ineffective. If there are too many ineffective particles, the particle
approximation becomes both computationally and statistically inefficient: most of
the computing effort is put on updating particles and weights that do not contribute
significantly to the estimator; the variance of the resulting estimator will not reflect
the large number of terms in the sum but only the small number of particles with
non-negligible normalized weights.

Unfortunately, the situation described above is the rule rather than the excep-
tion, as the importance weights will (almost always) degenerate as the time index
k increases, with most of the normalized importance weights w? / Z;\le wi close to
0 except for a few ones. We consider below the case of i.i.d. models for which it
is possible to show using simple arguments that the large sample variance of the
importance sampling estimate can only increase with the time index k.

Example 82 (Weight Degeneracy in the I.I.D. Case). The simplest case of appli-
cation of the sequential importance sampling technique is when g is a probability
distribution on (X, X’) and the sequence of target distributions corresponds to the
product distributions, that is, the sequence of distributions on (X¥+1 xX®k+1)) de-
fined recursively by po = p and pur = pr—1 ® p, for £ > 1. Let v be another
probability distribution on (X, X) and assume that u is absolutely continuous with
respect to v and that

/ [Z’Z(m)} : v(dz) < oo . (4.31)

Finally, let f be a bounded measurable function that is not (u-a.s.) constant such
that its variance under p, pu(f?) — p?(f), is strictly positive.
Consider the sequential importance sampling estimate given by

S ()= 3 fleh) iz D
i e DAY y S ()

where the random variables {5{}, l=1,...,k, j=1,...,N are i.i.d. with common
distribution v. As discussed in Section 4.2, the unnormalized importance weights
may be computed recursively and hence (4.32) really corresponds to an estimator
of the form (4.11) in the particular case of a function fj that depends on the last
component only. This is of course a rather convoluted and very inefficient way
of constructing an estimate of p(f) but still constitutes a valid instance of the
sequential importance sampling approach (in a very particular case).
Now let k£ be fixed and write

_ NV T L) — ()} D
N-1 ZZL Hf:o %(gli)

: (4.32)

N2 {Hy (f) = p(f)} (4.33)

Because
k

E

du
d‘y‘(s%)] -1,

the weak law of large numbers implies that the denominator of the right-hand side
of (4.33) converges to 1 in probability as N increases. Likewise, under (4.31), the
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central limit theorem shows that the numerator of the right-hand side of (4.33)
converges in distribution to the normal N(0, 02 (f)) distribution, where

k 2

ot == ({TT e - w* e (43

=0

- [ / (j’j(w))Q ,,(d@] k [ |G @) — (P vlde)

Slutsky’s lemma then implies that (4.33) also converges in distribution to the same
N(0,0%(f)) limit as N grows. Now Jensen’s inequality implies that

1= d—'u(x)z/(dx)Qg d—“(m)2u(dx)7
7 /1

with equality if and only if u = v. Therefore, if u # v, the asymptotic variance
o2 (f) grows exponentially with the iteration index k for all functions f such that

/ [?j(m)} ) = o) = [ @) 1) = (P ) 0.

Because p is absolutely continuous with respect to v, u{z € X : du/dv(z) =0} =0
and the last integral is null if and only if f has zero variance under u.

Thus in the i.i.d. case, the asymptotic variance of the importance sampling
estimate (4.32) increases exponentially with the time index & as soon as the proposal
and target differ (except for constant functions).

It is more difficult to characterize the degeneracy of the weights for general target
and instrumental distributions. There have been some limited attempts to study
more formally this phenomenon in some specific scenarios. In particular, Del Moral
and Jacod (2001) have shown the degeneracy of the sequential importance sampling
estimator of the posterior mean in Gaussian linear models when the instrumental
kernel is the prior kernel. Such results are in general difficult to derive (even in the
Gaussian linear models where most of the derivations can be carried out explicitly)
and do not provide much additional insight. Needless to say, in practice, weight
degeneracy is a prevalent and serious problem making the vanilla sequential impor-
tance sampling method discussed so far almost useless. The degeneracy can occur
after a very limited number of iterations, as illustrated by the following example.

Example 83 (Stochastic Volatility Model, Continued). Figure 4.9 displays the
histogram of the base 10 logarithm of the normalized importance weights after 1, 10,
and 100 time indices for the stochastic volatility model considered in Example 80
(using the same instrumental kernel). The number of particles is set to 1,000.
Figure 4.9 shows that, despite the choice of a reasonably good approximation to the
optimal importance kernel, the normalized importance weights quickly degenerate
as the number of iterations of the SIS algorithm increases. Clearly, the results
displayed in Figure 4.7 still are reasonable for £ = 20 but would be disastrous for
larger time horizons such as k£ = 100.

Because the weight degeneracy phenomenon is so detrimental, it is of great
practical significance to set up tests that can detect this phenomenon. A simple
criterion is the coefficient of variation of the normalized weights used by Kong et al.
(1994), which is defined by

97 1/2

N .

1 w"

CVy = | = E N———1 . (4.35)
N i=1 < Z;V:1 w’ >
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The coefficient of variation is minimal when the normalized weights are all equal to
1/N, and then CV = 0. The maximal value of CVy is /N — 1, which corresponds
to one of the normalized weights being one and all others being null. Therefore, the
coeflicient of variation is often interpreted as a measure of the number of ineffective
particles (those that do not significantly contribute to the estimate). A related
criterion with a simpler interpretation is the so-called effective sample size Neg
(Liu, 1996), defined as

-1

N i 2
Negr = Z(Z;’J 7 (4:36)

i=1 j=1%
which varies between 1 (all weights null but one) and N (equal weights). It is
straightforward to verify the relation

N

Neg=——— .
T Irovy

Some additional insights and heuristics about the coefficient of variation are given
by Liu and Chen (1995).

Yet another possible measure of the weight imbalance is the Shannon entropy
of the importance weights,

N

wt wt
Ent = — - log, ( > . (4.37)
25\

When all the normalized importance weights are null except for one of them, the
entropy is null. On the contrary, if all the weights are equal to 1/N, then the
entropy is maximal and equal to logy V.

Example 84 (Stochastic Volatility Model, Continued). Figure 4.10 displays the
coefficient of variation (left) and Shannon entropy (right) as a function of the time
index k under the same conditions as for Figure 4.9, that is, for the stochastic
volatility model of 80. The figure shows that the distribution of the weights steadily
degenerates: the coefficient of variation increases and the entropy of the importance
weights decreases. After 100 iterations, there are less than 50 particles (out 1,000)
significantly contributing to the importance sampling estimator. Most particles
have importance weights that are zero to machine precision, which is of course a
tremendous waste in computational resource.

4.3.2 Resampling

The solution proposed by Gordon et al. (1993) to reduce the degeneracy of the
importance weights is based on the concept of resampling already discussed in the
context of importance sampling in Section 4.1.2. The basic method consists in
resampling in the current population of particles using the normalized weights as
probabilities of selection. Thus, trajectories with small importance weights are
eliminated, whereas those with large importance weights are duplicated. After
resampling, all importance weights are reset to one. Up to the first instant when re-
sampling occurs, the method can really be interpreted as an instance of the sampling
importance resampling (SIR) technique discussed in Section 4.1.2. In the context
of sequential Monte Carlo, however, the main motivation for resampling is to avoid
future weight degeneracy by reseting (periodically) the weights to equal values. The
resampling step has a drawback however: as emphasized in Section 4.1.2, resampling
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introduces additional variance in Monte Carlo approximations. In some situations,
the additional variance may be far from negligible: when the importance weights
already are nearly equal for instance, resampling can only reduce the number of
distinct particles, thus degrading the accuracy of the Monte Carlo approximation.
The one-step effect of resampling is thus negative but, in the long term, resampling
is required to guarantee a stable behavior of the algorithm. This interpretation sug-
gests that it may be advantageous to restrict the use of resampling to cases where
the importance weights are becoming very uneven. The criteria defined in (4.35),
(4.36), or (4.37) are of course helpful for that purpose. The resulting algorithm,
which is generally known under the name of sequential importance sampling with
resampling (SISR), is summarized below.

Algorithm 85 (SISR: Sequential Importance Sampling with Resampling). Initial-
ize the particles as in Algorithm 77, optionally applying the resampling step below.
For subsequent time indices k£ > 0, do the following.

Sampling:
e Draw (5,1+1, . 7§~,]€V+1) conditionally independently given {gg:k ,j=1,...,N}

from the instrumental kernel: 5};,4_1 ~ Rk(fz, ),i=1,...,N.
e Compute the updated importance weights

wlic+1 = w29k+1(f~1€+1)7(&+1> ) {

. 1,...
de:(gllw)

Resampling (Optional):

e Draw, conditionally independently given {(5é;k75~i+1)7 ,j=1,...,N},
the multinomial trial (I} ,... I} ;) with probabilities of success

wli-&-l wljcv+1
YIET SPREED DA S
e Reset the importance weights w}; 41 to a constant value for i = 1,..., N.
If resampling is not applied, set for i =1,..., N, I}, = .

Trajectory update: fori=1,..., N,
. I ~Ii
56:k+1 = ( o:kk+1 ) klrll) . (4~38)

As discussed previously the resampling step in the algorithm above may be used
systematically (for all indices k), but it is often preferable to perform resampling
from time to time only. Usually, resampling is either used systematically but at a
lower rate (for one index out of m, where m is fixed) or at random instants based
on the values of the coefficient of variation or the entropy criteria defined in (4.35)
and (4.37), respectively. Note that in addition to arguments based on the variance
of the Monte Carlo approximation, there is usually also a computational incentive
for limiting the use of resampling; indeed, except in models where the evaluation of
the incremental weights is costly (think of large-dimensional multivariate observa-
tions for instance), the computational cost of the resampling step is not negligible.
Both Sections 4.4.1 and 4.4.2 discuss several implementations and variants of the
resampling step that may render the latter argument less pregnant.
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The term particle filter is often used to refer to Algorithm 85 although the
terminology SISR is preferable, as particle filtering is sometimes also used more
generically for any sequential Monte Carlo method. Gordon et al. (1993) actually
proposed a specific instance of Algorithm 85 in which resampling is done systemati-
cally at each step and the instrumental kernel is chosen as the prior kernel R, = Q.
This particular algorithm, commonly known as the bootstrap filter, is most often
very easy to implement because it only involves simulating from the transition kernel
Q of the hidden chain and evaluation of the conditional likelihood function g.

There is of course a whole range of variants and refinements of Algorithm 85,
many of which will be covered in some detail in the next chapter. A simple remark
though is that, as in the case of the simplest SIR method discussed in Section 4.1.2,
it is possible to resample N times from a larger population of M intermediate
samples. In practice, it means that Algorithm 85 should be modified as follows at
indices k for which resampling is to be applied.

SIS: Fori=1,...,N, draw «a candidates é,i’il, . ,é,ifl from each proposal distri-
bution R (&L, ).
: 1,1 l,a N,1 N, . .
Resampling: Draw (N[, ..., N0, oo Ny, oo, N JT) from the multinomial

distribution with parameter N and probabilities

Wi
et fori=1,...,N,j=1,...,a .
[eY l,m
D=1 Dm=t1 Wit

Remark 86 (Marginal Interpretation of SIS and SISR). Both Algorithms 77 and 85
have been introduced as methods to simulate whole trajectories {fé;k}lgig N that
approximate the joint smoothing distribution ¢g.x,. This was done quite easily in
the case of sequential importance sampling (Algorithm 77), as the trajectories are
simply extended independently of one another as new samples arrive. When using
resampling however, the process is more involved because it becomes necessary to
duplicate or discard some trajectories according to (4.38).

This presentation of the SIS and SISR methods has been adopted because it is
the most natural way to introduce sequential Monte Carlo methods. It does not
mean that, when implementing the SISR algorithm, storing the whole trajectories
is required. Neither do we claim that for large k, the approximation of the complete
joint distribution ¢q.x provided by the particle trajectories {58: kJ1<i<N is accurate.
Most often, Algorithm 85 is implemented storing only the current generation of
particles {&! }1<i<n, and (4.38) simplifies to

: I .
Gy =G5 i=1,...,N.

In that case, the system of particles {£! }1<;<n with associated weights {w} }1<i<n,
provides an approximation to the filtering distribution ¢, which is the marginal of
the joint smoothing distribution ¢g.x|-

The notation ¢}, could be ambiguous when resampling is applied, as the first
k 4+ 1 elements of the ith trajectory 56:k+1 at time k+1 dp not necessarily coincide
with the ith trajectory &{., at time k. By convention, &, always refers to the last
point in the ith trajectory, as simulated at index k. Likewise, &/, is the portion of
the same trajectory that starts at index ! and ends at the last index (that is, k).
When needed, we will use the notation &/, () for the element of index [ in the ith
particle trajectory at time k to avoid ambiguity.

To conclude this section on the SISR algorithm, we briefly revisit two of the
examples already considered previously to contrast the results obtained with the
SIS and SISR approaches.
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Example 87 (Stochastic Volatility Model, Continued). To illustrate the effective-
ness of the resampling strategy, we consider once again the stochastic volatility
model introduced in Example 80, for which the weight degeneracy phenomenon (in
the basic SIS approach) was patent in Figures 4.9 and 4.10.

Figures 4.11 and 4.12 are the counterparts of Figs. 4.10 and 4.9, respectively,
when resampling is applied whenever the coefficient of variation (4.35) of the normal-
ized weights exceeds one. Note that Figure 4.11 displays the coefficient of variation
and Shannon entropy computed, for each index k, before resampling, at indices for
which resampling do occur. Contrary to what happened in plain importance sam-
pling, the histograms of the normalized importance weights shown in Figure 4.12
are remarkably similar, showing that the weight degeneracy phenomenon is now
under control. Another important remark in this example is that both criteria (the
coefficient of variation and entropy) are strongly correlated. Triggering resampling
whenever the entropy gets below, say 9.2, would thus be nearly equivalent with
resampling occurring, on average, once every tenth time indices. The Shannon
entropy of the normalized importance weights evolves between 10 and 9, suggest-
ing that there are at least 500 particles that are significantly contributing to the
importance sampling estimate (out of 1,000).

Example 88 (Growth Model, Continued). Consider again the non-linear state-
space model of Example 81, with the variance o2 of the state noise set to 10; this
makes the observations very informative relative to the prior distribution on the
hidden states. Figures 4.13 and 4.14 display the filtering distributions estimated
for the first 31 time indices when using the SIS method with the prior kernel @ as
instrumental kernel (Figure 4.13), and the corresponding SISR algorithm with sys-
tematic resampling—that is, the bootstrap filter—in Figure 4.14. Both algorithms
use 500 particles.

For each time index, the top plots of Figures 4.13 and 4.14 show the highest pos-
terior density (HPD) regions corresponding to the estimated filtering distribution,
where the lighter grey zone contains 95% of the probability mass and the darker
area corresponds to 50% of the probability mass. These HPD regions are based
on a kernel density estimate (using the Epanechnikov kernel with bandwidth 0.2)
computed from the weighted particles (that is, before resampling in the case of the
bootstrap filter). Up to k = 8, the two methods yield very similar results. With
the SIS algorithm however, the bottom panel of Figure 4.13 shows that the weights
degenerate quickly. Remember that the maximal value of the coefficient of variation
(4.35) is /N — 1, that is about 22.3 in the case of Figure 4.13. Hence for k = 6
and for all indices after k = 12, the bottom panel of Figure 4.13 indeed means that
almost all normalized weights but one are null: the filtered estimate is concentrated
at one point, which sometimes severely departs from the actual state trajectory
shown by the crosses. In contrast, the bootstrap filter (Figure 4.14) appears to be
very stable and provides reasonable state estimates even at indices for which the
filtering distribution is strongly bimodal (see Example 81 for an explanation of this
latter feature).

4.4 Complements

As discussed above, resampling is a key ingredient of the success of sequential Monte
Carlo techniques. We discuss below two separate aspects related to this issue. First,
we show that there are several schemes based on clever probabilistic results that
may be exploited to reduce the computational load associated with multinomial
resampling. Next, we examine some variants of resampling that achieves lower
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conditional variance than multinomial resampling. In this latter case, the aim is of
course to be able to decrease the number of particles without losing too much on
the quality of the approximation.

Throughout this section, we will assume that it is required to draw N samples
€L ..., €N out of a, usually larger, set {51, . ,éM} according to the normalized im-
portance weights {w!, ..., w™}. We denote by G a o-field such that both w?, ..., w™
and €', ..., &M are G-measurable.

4.4.1 Implementation of Multinomial Resampling

Drawing from the multinomial distribution is equivalent to drawing N random
indices I, ..., IV conditionally independently given G from the set {1,..., M} and
such that P(I7 = i|G) = w®. This is of course the simplest example of use of the
inwversion method, and each index may be obtained by first simulating a random
variable U with uniform distribution on [0,1] and then determining the index I
such that U € (ij;ll W, Z§=1 w’] (see Figure 4.15). Determining the appropriate
index I thus requires on the average log, M comparisons (using a simple binary
tree search). Therefore, the naive technique to implement multinomial resampling
requires the simulation of NV independent uniform random variables and, on the
average, of the order N log, M comparisons.

A nice solution to avoid the repeated sorting operations consists in pre-sorting
the uniform variables. Because the resampling is to be repeated N times, we need
N uniform random variables, which will be denoted by Uy,...,Uyx and Uyy <
U(g) < .0 < U(N) denoting the associated order statistics. It is easily checked
that applying the inversion method from the ordered uniforms {U;} requires, in
the worst case, only M comparisons. The problem is that determining the order
statistics from the unordered uniforms {U;} by sorting algorithms such as Heapsort
or Quicksort is an operation that requires, at best, of the order N log, N comparisons
(Press et al., 1992, Chapter 8). Hence, except in cases where N < M, we have not
gained anything yet by pre-sorting the uniform variables prior to using the inversion
method. It turns out however that two distinct algorithms are available to sample
directly the ordered uniforms {U;)} with a number of operations that scales linearly
with N.

Both of these methods are fully covered in by Devroye (1986, Chapter 5), and
we only cite here the appropriate results, referring to Devroye (1986, pp. 207-215)
for proofs and further references on the methods.

Proposition 89 (Uniform Spacings). Let Uy < ... < Uy be the order statistics
associated with an i.i.d. sample from the U ([0, 1]) distribution. Then the increments

SiZU(Z-) _U(ifl) , 1=1,...,N, (4.39)

(where by convention Sy = U(yy) are called the uniform spacings and distributed as

FE, En
NFl 0" ) =N+1L o !
21:1 E; Zi:1 E;
where E1,...,Eny1 s a sequence of i.i.d. exponential random variables.

Proposition 90 (Malmquist, 1950). Let Uy < ... < Uy be the order statistics

of Uy, Us, ..., Ux—a sequence of i.i.d. uniform [0, 1] random variables. Then UJIV/N,
U}\,/NU}\,/_(];]_I), e Ujl\,/NU}V/_(]lV_l) e Ull/1 is distributed as U(yy, ..., Uny.

The two sampling algorithms associated with these probabilistic results may be
summarized as follows.
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Algorithm 91 (After Proposition 89).

For i =1,...,N + 1: Simulate U; ~ U ([0, 1]) and set E; = —logU;.
Set G ="1" E; and Uy = E1/G.

For i =2,...,n: Uy =U;_1) + E;/G.

Algorithm 92 (After Proposition 90).

Generate Vy ~ U ([0,1]) and set U(y) = VAl/N.

For i = N — 1 down to 1: Generate V; ~ U ([0, 1]) and set U;y = Vil/iU(i_H).

Note that Devroye (1986) also discusses a third, slightly more complicated
algorithm—the bucket sort method of Devroye and Klincsek (1981)—which also
has an expected computation time of order N. Using any of these methods, the
computational cost of multinomial resampling scales only linearly in N and M,
which makes the method practicable even when a large number of particles is used.

4.4.2 Alternatives to Multinomial Resampling

Instead of using the multinomial sampling scheme, it is also possible to use a dif-
ferent resampling (or reallocation) scheme. For i = 1,..., M, denote by N* the
number of times the ith element &' is selected. A resampling scheme will be said to
be unbiased with respect to G if

M
Y N'=N, (4.40)
=1
E[N'|G] = Nu', i=1,...,M. (4.41)

We focus here on resampling techniques that keep the number of particles con-
stant (see for instance Crisan et al., 1999, for unbiased sampling with a random
number of particles). There are many different conditions under which a resam-
pling scheme is unbiased. The simplest unbiased scheme is multinomial resampling,
for which (N1,..., N™), conditionally on G, has the multinomimal distribution
Mult(N,w?, ..., w"). Because I',..., I are conditionally i.i.d. given G, it is easy
to evaluate the conditional variance in the multinomial resampling scheme:

LMo B Mo 2
Var g] = 2w | FE) = D)
i=1 j=1

1L L
v 2 [
=1

(e Mo 2
= Zw’fQ(El)—[Zwlf(fl)] - (442)

A sensible objective is to try to construct resampling schemes for which the con-
ditional variance Var(ZfV:1 ]X, (€1)]G) is as small as possible and, in particular,

smaller than (4.42), preferably for any choice of the function f.

Residual Resampling

Residual resampling, or remainder resampling, is mentioned by Whitley (1994) (see
also Liu and Chen, 1998) as a simple means to decrease the variance incurred by
the sampling step. In this scheme, for i =1,..., M we set

N'=|Nuw'| + N’, (4.43)
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where N1, ..., NM are distributed, conditionally on G, aCCOI_"ding to the multinomial
distribution Mult(N — R, &, ..., &) with R = Y™ | Nwi| and

_i_ Nuw'—|Nuwt] o
W—W, Z—l,...,M‘ (444)

This scheme is obviously unbiased with respect to G. Equivalently, for any measur-
able function f, the residual sampling estimator is

N _
MG 5= 5o el g %z Gal (1.45)

=1

where J!, ..., JV~ are conditionally independent given G with distribution P(J? =
k|G)=a"fori=1,...,N—Rand k=1,..., M. Because the residual resampling
estimator is the sum of one term that, given G, is deterministic and one term that
involves conditionally i.i.d. labels, the variance of residual resampling is given by

1 = N-R -
= Var ;:1: FET) g} = = Var [ F(€7 )‘g] (4.46)
M M 2
= RS 5 @) - S @)

M M i ~ B Mo 2
= e wr@ -y Bl pe - T2 {Zw’f(f’)} .

Residual sampling dominates multinomial sampling also in the sense of having
smaller conditional variance. Indeed, first write

%

M M M
Swir@) =3 e e« M TS i@
i=1 i=1

i=1

Then note that the sum of the M numbers [ Nw®|/N plus (N — R)/N equals one,
whence this sequence of M + 1 numbers can be viewed as a probability distribution.
Thus Jensen’s inequality applied to the square of the right-hand side of the above
display yields

{Zwif( i} <ZLNw 2 (i) +N];R{Zwif(gi)} .

Combining with (4.46) and (4.42), this shows that the conditional variance of resid-
ual sampling is always smaller than that of multinomial sampling.

Stratified Resampling

The inversion method for sampling a multinomial sequence of trials maps uniform
(0,1) random variables U, ... U¥ into indices I',...,I" through a deterministic
function. For any function f,

N

, N
S HE) = D0,

=1



82 CHAPTER 4. SEQUENTIAL MONTE CARLO METHODS

where the function ®; (which depends on both f and {£'}) is defined, for any
€ (0,1], by

M
() S AE™) T =D il (W) (4.47)

i=1

Note that, by construction, fo O(u)ydu = M wif(€). To reduce the con-

ditional variance of ZZ o (€""), we may change the way in which the sample
U',...,UN is drawn. A possible solution, commonly used in survey sampling,
is based on stratification (see Kitagawa, 1996, and Fearnhead, 1998, Section 5.3,
for discussion of the method in the context of particle filtering). The interval
(0,1] is partitioned into different strata, assumed for simplicity to be intervals
(0,1 = (0,1/NJU(1/N,2/N]U---U({N — 1}/N, 1]. More general partitions could
have been considered as well; in particular, the number of partitions does not have
to equal N, and the interval lengths could be made dependent on the w?. One then
draws a sample U!,...,U" conditionally independently given G from the distribu-
tion U* ~ U (({i — 1} /N,i/N]) (for i = 1,...,N) and let I* = I(U?) with I as in
(4.47) (see Figure 4.16). By construction, the difference between N? = Z;\le Ly
and the target (non-integer) value Nw® is less than one in absolute value. It also
follows that

N o N ~
Zf(f’UM =E Z@(U") G

7NZ/ dqu/ ®s(u dquZw

showing that the stratified sampling scheme is unbiased. Because U!,...,UN are
conditionally independent given G,

1L
v 2 fENg
=1

= Var

AR
i=1

1 & -
= <5 2 Var @50
1=1

g
N i/N

1L a1 ’
_ 7 AN d .
¥l [N /(H)/N¢f(u) u] ,

i=1

here we used that fo % (u) du = fo @ po(u)du = YoM Wi f2(€7). By Jensen’s in-

equality,
lz/z 1)/N ]
. [_zwf@] ,

showing that the conditional variance of stratified sampling is always smaller than
that of multinomial sampling.
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Remark 93. Note that stratified sampling may be coupled with the residual sam-
pling method discussed previously: the proof above shows that using stratified
sampling on the R residual indices that are effectively drawn randomly can only
decrease the conditional variance.
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Systematic Resampling

Stratified sampling aims at reducing the discrepancy

Dy (U, ..., UN) f sup
a€(0,1]

1 & 4
N Z IL(O,a](Uz) —a
-1

1=

of the sample U from the uniform distribution function on (0,1]. This is sim-
ply the Kolmogorov-Smirnov distance between the empirical distribution function
of the sample and the distribution function of the uniform distribution. The
Koksma-Hlawka inequality (Niederreiter, 1992) shows that for any function f having
bounded variation on [0, 1],

N 1
N 26~ [

where C(f) is the variation of f. This inequality suggests that it is desirable to
design random sequences U, ..., U" whose expected discrepancy is as low as pos-
sible. This provides another explanation of the improvement brought by stratified
resampling (compared to multinomial resampling).

< C(f)Dy (', ..., uN),

Pursuing in this direction, it makes sense to look for sequences with even smaller
average discrepancy. One such sequence is U = U + (i — 1)/N, where U is drawn
from a uniform U((0,1/N]) distribution. In survey sampling, this method is known
as systematic sampling. It was introduced in the particle filter literature by Carpen-
ter et al. (1999) but is mentioned by Whitley (1994) under the name of universal
sampling. The interval (0,1] is still divided into N sub-intervals ({i — 1}/N,i/N]
and one sample is taken from each of them, as in stratified sampling. However, the
samples are no longer independent, as they have the same relative position within
each stratum (see Figure 4.17). This sampling scheme is obviously still unbiased.
Because the samples are not taken independently across strata, it is however not
possible to obtain simple formulas for the conditional variance (Kiinsch, 2003). Tt is
often conjectured that the conditional variance of systematic resampling is always
lower than that of multinomial resampling. This is not correct, as demonstrated by
the following example.

Example 94. Consider the case where the initial population of particles {éi}lgig N
is composed of the interleaved repetition of only two distinct values g and 1, with
identical multiplicities (assuming N to be even). In other words,

{gi}lsiSN = {$0a$1ax07$17 cee ,xo,wl} .

We denote by 2w/N the common value of the normalized weight w® associated to
the N/2 particles & that satisfy £ = z1, so that the remaining ones (which are such
that & = x¢) share a common weight of 2(1 —w)/N. Without loss of generality, we
assume that 1/2 < w < 1 and that the function of interest f is such that f(zo) =0
and f(x1) = F.

Under multinomial resampling, (4.42) shows that the conditional variance of the
estimate N ! vazl f(€Y) is given by

N

3 (€

i=1

1 2
g] = N(l —w)wF* . (4.48)

Because the value 2w/N is assumed to be larger than 1/N, it is easily checked
that systematic resampling deterministically sets N/2 of the £ to be equal to z;.
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w 0.51 | 0.55 0.6 0.65 | 0.70 | 0.75
Multinomial 0.050 | 0.049 | 0.049 | 0.048 | 0.046 | 0.043
Residual, stratified 0.010 | 0.021 | 0.028 | 0.032 | 0.035 | 0.035
Systematic 0.070 | 0.150 | 0.200 | 0.229 | 0.245 | 0.250
Systematic with prior random shuffling || 0.023 | 0.030 | 0.029 | 0.029 | 0.028 | 0.025

Table 4.1: Standard deviations of various resampling methods for N = 100 and
F = 1. The bottom line has been obtained by simulations, averaging 100,000
Monte Carlo replications.

Depending on the draw of the initial shift, all the N/2 remaining particles are either
set to 1, with probability 2w — 1, or to xg, with probability 2(1 — w). Hence the
variance is that of a single Bernoulli draw scaled by N/2, that is,

Var

1L
NZf(féyst) g] = (w—1/2)(1 —w)F?.

Note that in this case, the conditional variance of systematic resampling is not only
larger than (4.48) for most values of w (except when w is very close to 1/2), but
it does not even decrease to zero as N grows! Clearly, this observation is very
dependent on the order in which the initial population of particles is presented.
Interestingly, this feature is common to the systematic and stratified sampling
schemes, whereas the multinomial and residual approaches are unaffected by the
order in which the particles are labelled. In this particular example, it is straight-
forward to verify that residual and stratified resampling are equivalent—which is
not the case in general—and amount to deterministically setting N/2 particles to
the value x1, whereas the N/2 remaining ones are drawn by N/2 conditionally in-
dependent Bernoulli trials with probability of picking x; equal to 2w — 1. Hence
the conditional variance, for both the residual and stratified schemes, is equal to
N71(2w — 1)(1 — w)F?. It is hence always smaller than (4.48), as expected from
the general study of these two methods.

Once again, the failure of systematic resampling in this example is entirely due
to the specific order in which the particles are labeled: it is easy to verify, at least
empirically, that the problem vanishes upon randomly permuting the initial particles
before applying systematic resampling. Table 4.1 also shows that a common feature
of both the residual, stratified, and systematic resampling procedures is to become
very efficient in some particular configurations of the weights such as when w = 0.51
for which the probabilities of selecting the two types of particles are almost equal
and the selection becomes quasi-deterministic. Note also that prior random shuffling
does somewhat compromise this ability in the case of systematic resampling.
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Figure 4.3: Box and whisker plot of the posterior mean estimate of X5 obtained
from 125 replications of the SIS filter using the prior kernel and increasing numbers
of particles. The horizontal line represents the true posterior mean.
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Figure 4.4: Box and whisker plot of the posterior mean estimate for X5 obtained
from 125 replications of the SIS filter using the optimal kernel and increasing num-
bers of particles. Same data and axes as Figure 4.3.
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FILT.

FILT. +1

FILT. +2

Figure 4.5: SIS using the prior kernel. The positions of the particles are indicated
by circles whose radii are proportional to the normalized importance weights. The
solid lines show the filtering distributions for three consecutive time indices.
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Figure 4.6: SIS using the optimal kernel (same data and display as in Figure 4.5).
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Figure 4.7: Waterfall representation of filtering distributions as estimated by SIS
with N = 1,000 particles (densities estimated with Epanechnikov kernel, bandwidth
0.2). Data is the same as in Figure ?7.
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Figure 4.8: Log-density of the optimal kernel (solid line), EKF approximation of
the optimal kernel (dashed-dotted line), and the prior kernel (dashed line) for two
different values of the state noise variance o2: left, 02 = 1; right, o2 = 10.
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Figure 4.9: Histograms of the base 10 logarithm of the normalized importance
weights after (from top to bottom) 1, 10, and 100 iterations for the stochastic
volatility model of Example 80. Note that the vertical scale of the bottom panel
has been multiplied by 10.
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Figure 4.10: Coefficient of variation (left) and entropy of the normalized importance
weights as a function of the number of iterations for the stochastic volatility model
of Example 80. Same model and data as in Figure 4.9.
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Figure 4.11: Coefficient of variation (left) and entropy of the normalized importance
weights as a function of the number of iterations in the stochastic volatility model
of Example 80. Same model and data as in Figure 4.10. Resampling occurs when
the coefficient of variation gets larger than 1.



4.4. COMPLEMENTS 89

1000

500 B
0 L ! ! I |
-25 -20 -15 -10 -5 0
1000
500 q
0 1 1 1 J_.—r
-25 -20 -15 -10 -5 0
1000
500 q
0 1 1 1
-25 -20 -15 -10 -5 0

Importance Weights (base 10 logarithm)

Figure 4.12: Histograms of the base 10 logarithm of the normalized importance
weights after (from top to bottom) 1, 10, and 100 iterations in the stochastic volatil-
ity model of Example 80. Same model and data as in Figure 4.9. Resampling occurs
when the coefficient of variation gets larger than 1.
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Figure 4.13: SIS estimates of the filtering distributions in the growth model with
instrumental kernel being the prior one and 500 particles. Top: true state sequence
(x) and 95%/50% HPD regions (light/dark grey) of estimated filtered distribution.
Bottom: coefficient of variation of the normalized importance weights.
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Figure 4.14: Same legend for Figure 4.13, but with results for the corresponding
bootstrap filter.

Figure 4.15: Multinomial sampling from uniform distribution by the inversion
method.

Figure 4.16: Stratified sampling: the interval (0, 1] is divided into N intervals ((i —
1)/N,i/N]. One sample is drawn uniformly from each interval, independently of
samples drawn in the other intervals.
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Figure 4.17: Systematic sampling: the unit interval is divided into N intervals
((i—=1)/N,i/N] and one sample is drawn from each of them. Contrary to stratified
sampling, each sample has the same relative position within its stratum.
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Part 11

Parameter Inference
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Chapter 5

Maximum Likelihood
Inference, Part I:
Optimization Through Exact
Smoothing

In previous chapters, we have focused on structural results and methods for HMMs,
considering in particular that the models under consideration were always perfectly
known. In most situations, however, the model cannot be fully specified beforehand,
and some of its parameters need to be calibrated based on observed data. Except
for very simplistic instances of HMMs, the structure of the model is sufficiently
complex to prevent the use of direct estimators such as those provided by moment
or least squares methods. We thus focus in the following on computation of the
mazimum likelihood estimator.

Given the specific structure of the likelihood function in HMMs, it turns out
that the key ingredient of any optimization method applicable in this context is
the ability to compute smoothed functionals of the unobserved sequence of states.
Hence the methods discussed in the second part of the book for evaluating smoothed
quantities are instrumental in devising parameter estimation strategies.

This chapter only covers the class of HMMs for which the smoothing recursions
may effectively be implemented on computers. For such models, the likelihood
function is computable, and hence our main task will be to optimize a possibly
complex but entirely known function. The topic of this chapter thus relates to the
more general field of numerical optimization. For models that do not allow for
exact numerical computation of smoothing distributions, this chapter provides a
framework from which numerical approximations can be built.

5.1 Likelihood Optimization in Incomplete Data
Models

To describe the methods as concisely as possible, we adopt a very general viewpoint
in which we only assume that the likelihood function of interest may be written
as the marginal of a higher dimensional function. In the terminology introduced
by Dempster et al. (1977), this higher dimensional function is described as the
complete data likelihood; in this framework, the term incomplete data refers to
the actual observed data while the complete data is a (not fully observable) higher

95
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dimensional random variable. In Section 5.2, we will exploit the specific structure
of the HMM, and in particular the fact that it corresponds to a missing data model
in which the observations simply are a subset of the complete data. We ignore these
specifics for the moment however and consider the general likelihood optimization
problem in incomplete data models.

5.1.1 Problem Statement and Notations

Given a o-finite measure A on (X, X), we consider a family {f(-;0)}gco of non-
negative A-integrable functions on X. This family is indexed by a parameter 6 € O,
where © is a subset of R% (for some integer dg). The task under consideration is
the maximization of the integral

L) / f(:0) (dr) (5.1)

with respect to the parameter . The function f(-;6) may be thought of as an
unnormalized probability density with respect to A. Thus L(6) is the normalizing
constant for f(-;8). In typical examples, f(-;6) is a relatively simple function of 6.
In contrast, the quantity L(#) usually involves high-dimensional integration and is
therefore sufficiently complex to prevent the use of simple maximization approaches;
even the direct evaluation of the function might turn out to be non-feasible.

In Section 5.2, we shall consider more specifically the case where f is the joint
probability density function of two random variables X and Y, the latter being
observed while the former is not. Then X is referred to as the missing data, f is
the complete data likelihood, and L is the density of Y alone, that is, the likelihood
available for estimating 6. Note however that thus far, the dependence on Y is not
made explicit in the notation; this is reminiscent of the implicit conditioning con-
vention discussed in Section 2.1.4 in that the observations do not appear explicitly.
Having sketched these statistical ideas, we stress that we feel it is actually easier
to understand the basic mechanisms at work without relying on the probabilistic
interpretation of the above quantities. In particular, it is not required that L be
a likelihood, as any function satisfying (5.1) is a valid candidate for the methods
discussed here (cf. Remark ?7).

In the following, we will assume that L(6) is positive, and thus maximizing L(6)
is equivalent to maximizing

def

£(0) = logL(0) . (5.2)
In a statistical setting, ¢ is the log-likelihood. We also associate to each function
f(-;0) the probability density function p(-;8) (with respect to the dominating mea-
sure \) defined by

plz;0) < f(x;0)/L(0) . (5.3)

In the statistical setting sketched above, p(z; 6) is the conditional density of X given
Y.

5.1.2 The Expectation-Maximization Algorithm

The most popular method for solving the general optimization problem outlined
above is the EM (for expectation-mazimization) algorithm introduced, in its full
generality, by Dempster et al. (1977) in their landmark paper. Given the literature
available on the topic, our aim is not to provide a comprehensive review of all the
results related to the EM algorithm but rather to highlight some of its key features
and properties in the context of hidden Markov models.
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The Intermediate Quantity of EM

The central concept in the framework introduced by Dempster et al. (1977) is an
auxiliary function (or, more precisely, a family of auxiliary functions) known as the
intermediate quantity of EM.

Definition 95 (Intermediate Quantity of EM). The intermediate quantity of EM
is the family {Q(-;0") }orco of real-valued functions on O, indexed by 0’ and defined
by

0(0:0) < / log f(x: O)p(z ;) A(dz) (5.4)

Remark 96. To ensure that Q(6;6’) is indeed well-defined for all values of the
pair (0, 60’), one needs regularity conditions on the family of functions {f(-;8)}sco,
which will be stated below (Assumption 97). To avoid trivial cases however, we use
the convention 0log0 = 0 in (5.4) and in similar relations below. In more formal
terms, for every measurable set N such that both f(z;0) and p(z;6’) vanish l-a.e.
on N, set

/ log f(x;0)p(x;0) Mdx) = 0.
N

With this convention, Q(6;80") stays well-defined in cases where there exists a non-
empty set N such that both f(x;0) and f(x;6’) vanish A-a.e. on N.

The intermediate quantity Q(6;6’) of EM may be interpreted as the expecta-
tion of the function log f(X ;0) when X is distributed according to the probability
density function p(-;6’) indexed by a, possibly different, value €’ of the parameter.
Using (5.2) and (5.3), one may rewrite the intermediate quantity of EM in (5.4) as

Q(0;6)=(0) —H(0;0) , (5.5)

where

Ho:0) L / log p(z: 0)p(:6) A(dx) . (5.6)

Equation (5.5) states that the intermediate quantity Q(6;60") of EM differs from (the
log of) the objective function ¢(6) by a quantity that has a familiar form. Indeed,
H(6';0") is recognized as the entropy of the probability density function p(-;6’)
(see for instance Cover and Thomas, 1991). More importantly, the increment of

H(O:0'),

.0l AN p($ ; 9) .0l
H(O;0") —H(O";0") = /logp(x;e/)p(x,ﬂ))\(dz), (5.7)
is recognized as the Kullback-Leibler divergence (or relative entropy) between the
probability density functions p indexed by # and ', respectively.

The last piece of notation needed is the following: the gradient and Hessian
of a function, say L, at 6 will be denoted by VgL(0') and VZL(6'), respectively.
To avoid ambiguities, the gradient of H(-;0") with respect to its first argument,
evaluated at 6", will be denoted by VeH(0;6')|,_,, (where the same convention
will also be used, if needed, for the Hessian).

We conclude this introductory section by stating a minimal set of assumptions
that guarantee that all quantities introduced so far are indeed well-defined.

Assumption 97.

(i) The parameter set © is an open subset of R% (for some integer dp).
(i) For any 0 € O, L(0) is positive and finite.
(iii) For any (0,0") € © x ©, [|Vglogp(z;0)|p(z;0") A(dz) is finite.
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Assumption 97(iii) implies in particular that the probability distributions in the
family {p(-;60)d\}sco are all absolutely continuous with respect to one another.
Any individual distribution p(- ;) dA can only vanish on sets that are assigned null
probability by all other probability distributions in the family. Thus both H(6;6’)
and Q(6;0") are well-defined for all pairs of parameters.

The Fundamental Inequality of EM

We are now ready to state the fundamental result that justifies the standard con-
struction of the EM algorithm.

Proposition 98. Under Assumption 97, for any (0,0') € © x O,
00) —(0") > Q(0;0") — Q(0':0') (5.8)

where the inequality is strict unless p(-;0) and p(-;60’) are equal A-a.e.
Assume in addition that

(a) 0 — L(0) is continuously differentiable on O;
(b) for any 0’ € ©, 8 — H(0;80") is continuously differentiable on ©.
Then for any ¢’ € ©, 0 — Q(0;0’) is continuously differentiable on © and

Vol(0)) = VeQ(0;0))_p - (5.9)

Proof. The difference between the left-hand side and the right-hand side of (5.8)
is the quantity defined in (5.7), which we already recognized as a Kullback-Leibler
distance. Under Assumption 97(iii), this latter term is well-defined and known to
be strictly positive (by direct application of Jensen’s inequality) unless p(-;#) and
p(-;0") are equal A-a.e. (Cover and Thomas, 1991; Lehmann and Casella, 1998).
For (5.9), first note that Q(6;6") is a differentiable function of 6, as it is the dif-
ference of two functions that are differentiable under the additional assumptions (a)
and (b). Next, the previous discussion implies that H(6;6’) is minimal for § = ¢’,
although this may not be the only point where the minimum is achieved. Thus its
gradient vanishes at ¢, which proves (5.9). O

The EM Algorithm

The essence of the EM algorithm, which is suggested by (5.5), is that Q(6;6’) may
be used as a surrogate for £(#). Both functions are not necessarily comparable but,
in view of (5.8), any value of 6 such that Q(#;6’) is increased over its baseline
Q(#';6") corresponds to an increase of ¢ (relative to £(6’)) that is at least as large.

The EM algorithm as proposed by Dempster et al. (1977) consists in iteratively
building a sequence {#%};>1 of parameter estimates given an initial guess 6°. Each
iteration is classically broken into two steps as follows.

E-Step: Determine Q(6;6°);

M-Step: Choose 0! to be the (or any, if there are several) value of §# € © that
maximizes Q(6;60?).

Proposition 98 provides the two decisive arguments behind the EM algorithm. First,
an immediate consequence of (5.8) is that, by the very definition of the sequence
{6}, the sequence {£(0%)};>¢ of log-likelihood values is non-decreasing. Hence EM
is a monotone optimization algorithm. Second, if the iterations ever stop at a point
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Oy, then Q(0;60,) has to be maximal at 6, (otherwise it would still be possible to
improve over 6, ), and hence 6, is such that VyL(6,) = 0, that is, this is a stationary
point of the likelihood.

Although this picture is largely correct, there is a slight flaw in the second half
of the above intuitive reasoning in that the if part (if the iterations ever stop at a
point) may indeed never happen. Stronger conditions are required to ensure that the
sequence of parameter estimates produced by EM from any starting point indeed
converges to a limit 0, € ©. However, it is actually true that when convergence
to a point takes place, the limit has to be a stationary point of the likelihood. In
order not to interrupt our presentation of the EM framework, convergence results
pertaining to the EM algorithm are deferred to Section 5.5 at the end of this chapter;
see in particular Theorems 105 and 106.

EM in Exponential Families

Definition 99 (Exponential Family). The family {f(-;0)}¢co defines an exponen-
tial family of positive functions on X if

f(a:0) = exp{(0)'S(x) — c(0)}h(z) , (5.10)

where S and ¢ are vector-valued functions (of the same dimension) on X and ©
respectively, c¢ is a real-valued function on © and h is a non-negative real-valued
function on X.

Here S(z) is known as the vector of natural sufficient statistics, and n = 1(0)
is the natural parameterization. If {f(-;0)}gco is an exponential family and if
J1S(z)|f(x;0) A(dz) is finite for any § € ©, the intermediate quantity of EM re-
duces to

Q(0:8) = w(®)" | [ Stalpte ) Ada)| ~c(0)+ [ plo:#)10ghio) (e . (.1)

Note that the right-most term does not depend on 6 and thus plays no role in
the maximization. It may as well be ignored, and in practice it is not required to
compute it. Except for this term, the right-hand side of (5.11) has an explicit form as
soon as it is possible to evaluate the expectation of the vector of sufficient statistics
S under p(-;0"). The other important feature of (5.11), ignoring the rightmost term,
is that Q(0;6"), viewed as a function of 6, is similar to the logarithm of (5.10) for
the particular value Spr = [ S(x)p(z;60") A(dz) of the sufficient statistic.

In summary, if {f(-;6)}eco is an exponential family, the two above general
conditions needed for the EM algorithm to be practicable reduce to the following.

E-Step: The expectation of the vector of sufficient statistics S(X) under p(-;6’) must
be computable.

M-Step: Maximization of 1(0)'s — () with respect to § € © must be feasible in closed
form for any s in the convex hull of S(X) (that is, for any valid value of the
expected vector of sufficient statistics).

5.1.3 Gradient-based Methods

A frequently ignored observation is that in any model where the EM strategy may
be applied, it is also possible to evaluate derivatives of the objective function £(6)
with respect to the parameter 8. This is obvious from (5.9), and we will expand on
this matter below. As a consequence, instead of resorting to a specific algorithm
such as EM, one may borrow tools from the (comprehensive and well-documented)
toolbox of gradient-based optimization methods.
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Computing Derivatives in Incomplete Data Models

A first remark is that in cases where the EM algorithm is applicable, the objective
function £(0) is actually computable: because the EM requires the computation of
expectations under the conditional density p(-;0), it is restricted to cases where
the normalizing constant L(6)—and hence £(6) = log L(f)—is available. The two
equalities below show that it is indeed also the case for the first- and second-order
derivatives of £(0).

Proposition 100 (Fisher’s and Louis’ Identities). Assume 97 and that the following
conditions hold.

(a) 0 — L(0) is twice continuously differentiable on ©.

(b) For any 0’ € ©, 6 — H(0;60") is twice continuously differentiable on ©. In
addition, [ |Vhlogp(z;0)|p(z;0) A(dz) is finite for k = 1,2 and any (0,0') €
© x 0, and

V5 [ togp(e:0)p(wi#) Mdo) = [ Vi logp(e;O)p(e:6) Mdo).
Then the following identities hold:

Vol(6 / Volog f(z:0)]y_g pla:6) \(de) | (5.12)

— V20 = /Velogf 2;0)|,_p P(x;0") Md)
+/Vglogp(x;9)|9=9,p(x;0’) Adz) . (5.13)

The second equality may be rewritten in the equivalent form

V) + (Vo) (Votl0)) = [ | V3108 (2300
+{Volog f(x;0)lg_p } { Volog f(;0)]_p ' |p(x;0) Mdz) . (5.14)

Equation (5.12) is sometimes referred to as Fisher’s identity (see the comment by
B. Efron in the discussion of Dempster et al., 1977, p. 29). In cases where the func-
tion L may be interpreted as the likelihood associated with some statistical model,
the left-hand side of (5.12) is the score function (gradient of the log-likelihood).
Equation (5.12) shows that the score function may be evaluated by computing the
expectation, under p(-;’), of the function Vglog f(X ;0)|,_, . This latter quan-
tity, in turn, is referred to as the complete score function in a statistical context, as
log f(z;0) is the joint log-likelihood of the complete data (X,Y"); again we remark
that at this stage, Y is not explicit in the notation.

Equation (5.13) is usually called the missing information principle after Louis
(1982) who first named it this way, although it was mentioned previously in a slightly
different form by Orchard and Woodbury (1972) and implicitly used in Dempster
et al. (1977). In cases where L is a likelihood, the left-hand side of (5.13) is the
associated observed information matriz, and the second term on the right-hand side
is easily recognized as the (negative of the) Fisher information matrix associated
with the probability density function p(-;6").

Finally (5.14), which is here written in a form that highlights its symmetry, was
also proved by Louis (1982) and is thus known as Louis’ identity. Together with
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(5.12), it shows that the first- and second-order derivatives of £ may be evaluated
by computing expectations under p(-; ") of quantities derived from f(-;6). We now
prove these three identities.

of Proposition 100. Equations (5.12) and (5.13) are just (5.5) where the right-hand
side is differentiated once, using (5.9), and then twice under the integral sign.

To prove (5.14), we start from (5.13) and note that the second term on its right-
hand side is the negative of an information matrix for the parameter 6 associated
with the probability density function p(-;6) and evaluated at 6’. We rewrite this
second term using the well-known information matrix identity

/ V2logp(x;6) |0:9, p(x;0") X(dz)
- —/{Ve log p(z;60)g—g } { Vo log p(a; 0)|g_g }' p(a;0') Mdz) .

This is again a consequence of assumption (b) and the fact that p(-;6) is a proba-
bility density function for all values of 6, implying that

/ o log p(w ;) |g_y: pla; 8) Adz) = 0.

Now use the identity logp(z;0) = log f(z;60) — £(f) and (5.12) to conclude that

/ {Vologp(z:0)|,_g} {Vologp(x:0)|s_p} pla;0) Mdz)

- / (Volog f(2:0)ly_y } {Volog f(2:0)],_y }' pla:0) A(dz)
—{Vel(0)} {Vol(0)} |

which completes the proof. O

The Steepest Ascent Algorithm

We briefly discuss the main features of gradient-based iterative optimization algo-
rithms, starting with the simplest, but certainly not most efficient, approach. We
restrict ourselves to the case where the optimization problem is unconstrained in the
sense that © = R%_ so that any parameter value produced by the algorithms below
is valid. For an in-depth coverage of the subject, we recommend the monographs
by Luenberger (1984) and Fletcher (1987).

The simplest method is the steepest ascent algorithm in which the current value
of the estimate 6% is updated by adding a multiple of the gradient Vg/(6?), referred
to as the search direction:

0" = 0" + 4, Vol (6) . (5.15)

Here the multiplier 7; is a non-negative scalar that needs to be adjusted at each
iteration to ensure, a minima, that the sequence {£(6%)} is non-decreasing—as was
the case for EM. The most sensible approach consists in choosing 7y; as to maximize
the objective function in the search direction:

¥ = argmax. > 00" +Val(6")] . (5.16)

It can be shown (Luenberger, 1984, Chapter 7) that under mild assumptions, the
steepest ascent method with multipliers (5.16) is globally convergent, with a set of
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limit points corresponding to the stationary points of £ (see Section 5.5 for precise
definitions of these terms and a proof that this property holds for the EM algorithm).

It remains that the use of the steepest ascent algorithm is not recommended,
particularly in large-dimensional parameter spaces. The reason for this is that its
speed of convergence linear in the sense that if the sequence {#};>¢ converges to a
point 6, such that the Hessian V2((6,) is negative definite (see Section 5.5.2), then

e e
B e e S 47

here (k) denotes the kth coordinate of the parameter vector. For large-dimensional
problems it frequently occurs that, at least for some components k, the factor pj
is close to one, resulting in very slow convergence of the algorithm. It should
be stressed however that the same is true for the EM algorithm, which also ex-
hibits speed of convergence that is linear, and often very poor (Dempster et al.,
1977; Jamshidian and Jennrich, 1997; Meng, 1994; Lange, 1995; Meng and Van
Dyk, 1997). For gradient-based methods however, there exists a whole range of
approaches, based on the second-order properties of the objective function, to guar-
antee faster convergence.

Newton and Second-order Methods

The prototype of second-order methods is the Newton, or Newton-Raphson, algo-
rithm: ‘ ‘ . ‘
O = 0" — H1(0)) Vel (67 , (5.18)

where H(0') = V2((0") is the Hessian of the objective function. The Newton
iteration is based on the second-order approximation

(8~ UO) + V) (0~ 0) + 5 (6 8) HE) (0 6) .

If the sequence {#};>¢ produced by the algorithm converges to a point 6, at which
the Hessian is negative definite, the convergence is, at least, quadratic in the sense
that for sufficiently large i there exists a positive constant 3 such that [|§iT —0,| <
B]|0F — 6,]|?. Therefore the procedure can be very efficient.

The practical use of the Newton algorithm is however hindered by two serious
difficulties. The first is analogous to the problem already encountered for the steep-
est ascent method: there is no guarantee that the algorithm meets the minimal
requirement to provide a final parameter estimate that is at least as good as the
starting point #°. To overcome this difficulty, one may proceed as for the steepest
ascent method and introduce a multiplier 7; controlling the step-length in the search
direction, so that the method takes the form

Ot = 0" — N H N0Vl (0) . (5.19)

Again, 7; may be set to maximize £(#°T!). In practice, it is most often impos-
sible to obtain the exact maximum point called for by the ideal line-search, and
one uses approximate directional maximization procedures. Generally speaking, a
line-search algorithm is an algorithm to find a reasonable multiplier 7; in a step of
the form (5.19). A frequently used algorithm consists in determining the (approxi-
mate) maximum based on a polynomial interpolation of £(6) along the line-segment
between the current point §° and the proposed update given by (5.18).

A more serious problem is that except in the particular case where the function
¢(0) is strictly concave, the direct implementation of (5.18) is prone to numerical
instabilities: there may well be whole regions of the parameter space where the
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Hessian H(#) is either non-invertible (or at least very badly conditioned) or not
negative semi-definite (in which case —H ~1(0%)Vy£(6?) is not necessarily an ascent
direction). To combat this difficulty, Quasi-Newton methods! use the modified
recursion

Ot = 0" 4 WV (5.20)

here W' is a weight matrix that may be tuned at each iteration, just like the multi-
plier ;. The rationale is that if W* becomes close to —H ~!(#%) when convergence
occurs, the modified algorithm will share the favorable convergence properties of the
Newton algorithm. On the other hand, by using a weight matrix W? different from
—H~1(6%), numerical issues associated with the matrix inversion may be avoided.
We again refer to Luenberger (1984) and Fletcher (1987) for a more precise discus-
sion of the available approaches and simply mention here the fact that usually the
methods only take profit of gradient information to construct W¢, for instance using
finite difference calculations, without requiring the direct evaluation of the Hessian
H(0).

In some contexts, it may be possible to build explicit strategies that are not as
good as the Newton algorithm—failing in particular to reach quadratic convergence
rates—but yet significantly faster at converging than the basic steepest ascent ap-
proach. For incomplete data models, Lange (1995) suggested to use in (5.20) a
weight matrix I 1(6?) given by

1(0) =~ [ T310g f(236)],_y, pla:0) Ade) (5.21)

This is the first term on the right-hand side of (5.13). In many models of interest,
this matrix is positive definite for all ' € ©, and thus its inversion is not subject
to numerical instabilities. Based on (5.13), it is also to be expected that in some
circumstances, 1.(¢') is a reasonable approximation to the Hessian V2((#’) and
hence that the weighted gradient algorithm converges faster than the steepest ascent
or EM algorithms (see Lange, 1995, for further results and examples). In a statistical
context, where f(x ;0) is the joint density of two random variables X and Y, I.(9') is
the conditional expectation given Y of the observed information matrix of associated
with this pair.

5.2 Application to HMMs

We now return to our primary focus and discuss the application of the previous
methods to the specific case of hidden Markov models.

5.2.1 Hidden Markov Models as Missing Data Models

HMDMs correspond to a sub-category of incomplete data models known as missing
data models. In missing data models, the observed data Y is a subset of some not
fully observable complete data (X,Y). We here assume that the joint distribution
of X and Y, for a given parameter value 6, admits a joint probability density
function f(z,y;0) with respect to the product measure A ® . As mentioned in
Section 5.1.1, the function f is sometimes referred to as the complete data likelihood.
It is important to understand that f is a probability density function only when
considered as a function of both x and y. For a fixed value of y and considered as a
function of x only, f is a positive integrable function. Indeed, the actual likelihood

L Conjugate gradient methods are another alternative approach that we do not discuss here.
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of the observation, which is defined as the probability density function of Y with
respect to p, is obtained by marginalization as

Liy:0) = / f(.y:0) A(dz) | (5.22)

For a given value of y this is of course a particular case of (5.1), which served as the
basis for developing the EM framework in Section 5.1.2. In missing data models,
the family of probability density functions {p(-;0)}sco defined in (5.3) may thus
be interpreted as
o f@y;0)
Palyi0) = T (5.23)
the conditional probability density function of X given Y.

In the last paragraph, slightly modified versions of the notations introduced
in (5.1) and (5.3) were used to reflect the fact that the quantities of interest now
depend on the observed variable Y. This is obviously mostly a change regarding
terminology, with no impact on the contents of Section 5.1.2, except that we may
now think of integrating with respect to p(-;6) dA as taking the conditional expec-
tation with respect to the missing data X, given the observed data Y, in the model
indexed by the parameter value 6.

5.2.2 EM in HMMs

We now consider more specifically hidden Markov models using the notations in-
troduced in Section 1.2, assuming that observations Y, to Y,, (or, in short, Y., are
available. Because we only consider HMMs that are fully dominated in the sense
of Definition 13, we will use the notations v and ¢y, to refer to the probability
density functions of these distributions (of X, and of X}, given Yp.,) with respect
to the dominating measure A. The joint probability density function of the hidden
states Xg., and associated observations Yj.,, with respect to the product measure
A1) @ @+ g given by

Jn(@om, Yo 1 0) = v(20:0)9(x0,y0 :0)q(x0, 21 50)g(x1,9150)
(1,00 50)g(Tn, Yn 1 0) , (5.24)

where we used the same convention as above to indicate dependence with respect
to the parameter 6.

Because we mainly consider estimation of the HMM parameter vector 6 from a
single sequence of observations, it does not make much sense to consider v as an
independent parameter. There is no hope to estimate v consistently, as there is
only one random variable Xy (that is not even observed!) drawn from this density.
In the following, we shall thus consider that v is either fixed (and known) or fully
determined by the parameter 6 that appears in ¢ and g. A typical example of the
latter consists in assuming that v is the stationary distribution associated with the
transition function g(-,-;8) (if it exists). This option is generally practicable only
in very simple models (see Example ?? below for an example) because of the lack of
analytical expressions relating the stationary distribution of ¢(-, - ;6) to 8 for general
parameterized hidden chains. Irrespective of whether v is fixed or determined by 6,
it is convenient to omit dependence with respect to v in our notations, writing, for
instance, Ey for expectations under the model parameterized by (6,v).

The likelihood of the observations Ly, (yo., ; 6) is obtained by integrating (5.24)
with respect to the z (state) variables under the measure A®("+1). Note that here
we use yet another slight modification of the notations adopted in Section 5.1 to
acknowledge that both the observations and the hidden states are indeed sequences
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with indices ranging from 0 to n (hence the subscript n). Upon taking the logarithm
in (5.24),

n—1

108 fr (0 Youn :0) = log v(wo;0) + > log g, xx11;0)
k=0

+ Zlogg(x/myk) 5 9) 5
k=0

and hence the intermediate quantity of EM has the additive structure

n—1
Q(0:0') = Ep[logv(Xo30) | Youn] + > Eor[log q( X, Xit156) | You]
k=0
+Y Egllog g(Xk, Yi;60) | You] -
k=0

In the following, we will adopt the “implicit conditioning” convention that we
have used extensively from Section 2.1.4 and onwards, writing gi(x;6) instead of
g(x,Yy ;0). With this notation, the intermediate quantity of EM may be rewritten
as

Q(0:0') = By [log v(Xo:0) | Youn] + > Eor[log gk (X ;6) | Youn]
k=0
n—1
+ Z Eo [log ¢(Xk, X+1:0) | Youn] . (5.25)
k=0

Equation (5.25) shows that in great generality, evaluating the intermediate quantity
of EM only requires the computation of expectations under the marginal ¢y, (-;6")
and bivariate ¢.;41)n(-;6’) smoothing distributions, given the parameter vector 6.
The required expectations may thus be computed using either any of the variants
of the forward-backward approach presented in Chapter 2 or the recursive smooth-
ing approach discussed in Section ?7. To make the connection with the recursive
smoothing approach of Section ?7?, we simply rewrite (5.25) as Eg/[t,,(Xo.n 50) | Yon),
where

to(xo;0) = logv(xg;0) + log go(xo;60) (5.26)

and

L1 (To:kt150) = te(vok 5 0) + {log q(zk, xpt1:0) + log gpr1(zryr50) ). (5.27)

Proposition ??7 may then be applied directly to obtained the smoothed expectation
of the sum functional ¢,,.

Although the exact form taken by the M-step will obviously depend on the way
g and ¢ depend on @, the EM update equations follow a very systematic scheme
that does not change much with the exact model under consideration. For instance,
all discrete state space models for which the transition matrix ¢ is parameterized
by its r X r elements and such that g and ¢ do not share common parameters (or
parameter constraints) give rise to the same update equations for ¢, given in (5.34)
below. Several examples of the EM update equations will be reviewed in Sections 5.3
and 5.4.
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5.2.3 Computing Derivatives

Recall that the Fisher identity—(5.12)—provides an expression for the gradient of
the log-likelihood ¢, (0) with respect to the parameter vector 6, closely related to
the intermediate quantity of EM. In the HMM context, (5.12) reduces to

Voln(0) = Eg[Vologv(Xo;0) | You] + Y Eo[Volog gr(Xk;0) | Youn]
k=0
n—1
+ > Eg[Vologq(Xi, Xps130) | Youn] . (5.28)
k=0

Hence the gradient of the log-likelihood may also be evaluated using either the
forward-backward approach or the recursive technique discussed in Chapter 3. For
the latter, we only need to redefine the functional of interest, replacing (5.26)
and (5.27) by their gradients with respect to 6.

Louis’ identity (5.14) gives rise to more complicated expressions, and we only
consider here the case where g does depend on @, whereas the state transition density
g and the initial distribution v are assumed to be fixed and known (the opposite
situation is covered in detail in a particular case in Section 5.3.3). In this case,
(5.14) may be rewritten as

V3l (9) + {Voln(0)} {Veln(0)} (5.29)

= " Eo[V5log k(X5 50) | Youn
k=0
n n

+ 3" Eo [{Volog gu(Xi:60)} {Volog ;(X; 1)} | Yo -

k=0 j=0

The first term on the right-hand side of (5.29) is obviously an expression that can be
computed proceeding as for (5.28), replacing first- by second-order derivatives. The
second term is however more tricky because it (seemingly) requires the evaluation
of the joint distribution of X} and X; given the observations Y., for all pairs of
indices k and j, which is not obtainable by the smoothing approaches based on
some form of the forward-backward decomposition. The rightmost term of (5.29)
is however easily recognized as a squared sum functional similar to (??), which can
thus be evaluated recursively (in n) proceeding as in Example ??. Recall that the
trick consists in observing that if

Ta (@0 10) =Y Volog ik :0)

k=0
n n t
Tn,2(Z0o:n 5 0) o {Z Vo loggk(ﬁk;a)} {Z Vo loggk(l“k;@)} ,
k=0 k=0

then

7-11,2($0:n ; 6) = 7-11—1,2(330:71—1 70) + {Va 1Og gn(xn ; 0)} {VG IOggn(xn ; 9)}t
+ T—1,1(Tom—1:0) {Volog gn(zn;0)}
+ Vo IOggn(xn ; 9) {Tnfl,l(xO:nfl ;0)}t .

This last expression is of the general form given in Definition 7?7, and hence Propo-
sition ?? may be applied to update recursively in n

E0 [Tn,l(XO:n ; 9) | YO:n] and EO [Tn,2 (XO:n 5 9) | YO:n] .
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To make this approach more concrete, we will describe below, in Section 5.3.3, its
application to a very simple finite state space HMM.

5.3 The Example of Normal Hidden Markov Mod-
els

In order to make the general principles outlined in the previous section more con-
crete, we now work out the details on selected examples of HMMs. We begin with
the case where the state space is finite and the observation transition function g
corresponds to a (univariate) Gaussian distribution. Only the most standard case
where the parameter vector is split into two sub-components that parameterize,
respectively, g and ¢, is considered.

5.3.1 EM Parameter Update Formulas

In the widely used normal HMM, X is a finite set, identified with {1,...,r}, Y =R,
and g is a Gaussian probability density function (with respect to Lebesgue measure)
given by

1 y_,uxQ
g(z,y;0) = \/WeXp{—(%)} :

By definition, gx(x;0) is equal to g(z,Y;6). We first assume that the initial
distribution v is known and fixed, before examining the opposite case briefly in
Section 5.3.2 below. The parameter vector # thus encompasses the transition prob-
abilities g;; for i, j = 1,...,r as well as the means p; and variances v; fori =1,...,7.
Note that in this section, because we will often need to differentiate with respect
to v;, it is simpler to use the variances v; = 012 rather than the standard devia-
tions o; as parameters. The means and variances are unconstrained, except for the
positivity of the latter, but the transition probabilities are subject to the equality
constraints Y i_, ¢;; = 1 for i = 1,...,r (in addition to the obvious constraint that
¢;; should be non-negative). When considering the parameter vector denoted by 6’,
we will denote by uj, vj, and ¢;; its various elements.
For the model under consideration, (5.25) may be rewritten as

Q(6;¢') = O - ZEQ'[ZH{X;CZZ'}OOgUi-F(Yk;W)

i=1

Yv():n

+ZE9' ZZI{ Xp—1,Xk) = (i,5)} log ¢ij | Yom |

=1 j=1

where the leading term does not depend on 6. Using the notations introduced in
Section 2.1 for the smoothing distributions, we may write

Q(6;6) =C*' - ZZm.n {logvﬂr(yk;m)?}

k 0:=1
DD drrkn(iy 5300 log gy - (5.30)

k=1i=1 j=1

Now, given the initial distribution v and parameter #’, the smoothing distri-
butions appearing in (5.30) can be evaluated by any of the variants of forward-
backward smoothing discussed in Chapter 2. As already explained above, the E-
step of EM thus reduces to solving the smoothing problem. The M-step is specific
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and depends on the model parameterization: the task consists in finding a global
optimum of Q(6;6") that satisfies the constraints mentioned above. For this, sim-
ply introduce the Lagrange multipliers Aq,..., A\, that correspond to the equality
constraints Z;zl ¢i;j = 1 for i = 1,...,r (Luenberger, 1984, Chapter 10). The
first-order partial derivatives of the Lagrangian

L0,7:0)=0Q(0:0)+ > N [ 1-D ai
i=1 j=1

are given by

o) VN G s
a’ui’g(e’)"e) = Ui k§:0:¢k\n(l,0)(yk ,Uz)a

d DV o[l (Ve — w)?
gu; S0 A:0) = 2;¢k|n(z,9)[w 2 :

— Ok 1:kjn(i,7 30’
o £O,1;0) = wa&’

0qij = Qij
0 p -
; = 1- E 31
8)\2-2(9’ X3 0") 2 qij (5.31)

Equating all expressions in (5.31) to zero yields the parameter vector

0" = [(17)i=1,...ors (V] izt ()i =1, ]

which achieves the maximum of Q(6 ; ') under the applicable parameter constraints:

= Zzio Pr|n (i ;'9/)Yk 7 (5.32)
' > ko Prin(i;0")
o = k=0 Prin(130) (Vi — p)?
' > ko Prin(i50") ’
g = >t Pr—1ikjn (6,55 0")
T e > Ptk (4, 1:07)

fori,j =1,...,r, where the last equation may be rewritten more concisely as

q%‘ _ Zzzl ¢k71:k|n(iaj 5 9/)
" Dkt Prn(i307)

Equations (5.32)—(5.34) are emblematic of the intuitive form taken by the parameter
update formulas derived though the EM strategy. These equations are simply the
maximum likelihood equations for the complete model in which both {Xj}o<k<n
and {Yj}o<k<n would be observed, except that the functions 1{X; = i} and
I{Xy—1 = i, X = j} are replaced by their conditional expectations, ¢, (i;6’)
and ¢k_1:k‘n(i, 7;0"), given the actual observations Y., and the available parame-
ter estimate 6’. As discussed in Section 5.1.2, this behavior is fundamentally due to
the fact that the probability density functions associated with the complete model
form an exponential family. As a consequence, the same remark holds more gener-
ally for all discrete HMMs for which the conditional probability density functions
g(i,-;0) belong to an exponential family. A final word of warning about the way
in which (5.33) is written: in order to obtain a concise and intuitively interpretable

(5.33)

(5.34)

(5.35)
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expression, (5.33) features the value of i as given by (5.32). It is of course possible
to rewrite (5.33) in a way that only contains the current parameter value ¢’ and the
observations Yp., by combining (5.32) and (5.33) to obtain

* ZZ:() ¢k\n(l ; 9/>Yk2 ZZ:() ¢k|n<z ; 9/)Yk ?
¥ = — . 5.36
S SN M IS SN (7 (536)

5.3.2 Estimation of the Initial Distribution

As mentioned above, in this chapter we generally assume that the initial distribution
v, that is, the distribution of Xy, is fixed and known. There are cases when one
wants to treat this as an unknown parameter however, and we briefly discuss below
this issue in connection with the EM algorithm for the normal HMM. We shall
assume that v = (1;)1<i<, is an unknown probability vector (that is, with non-
negative entries summing to unity), which we accommodate within the parameter
vector 6. The complete log-likelihood will then be as above, where the initial term

r

logvx, = Z 1{X, =i}logy;

i=1

goes into Q(A;0') as well, giving the additive contribution
> bop(i;6") log v,
i=1

to (5.30). This sum is indeed part of (5.30) already, but hidden within C'** when
v is not a parameter to be estimated. Using Lagrange multipliers as above, it is
straightforward to show that the M-step update of v is v} = ¢, (i;0").

It was also mentioned above that sometimes it is desirable to link v to ¢y as
being the stationary distribution of gg. Then there is an additive contribution to
Q(6;0") as above, with the difference that v can now not be chosen freely but is a
function of gy. As there is no simple formula for the stationary distribution of gy,
the M-step is no longer explicit. However, once the sums (over k) in (5.30) have
been computed for all ¢ and j, we are left with an optimization problem over the g;;
for which we have an excellent initial guess, namely the standard update (ignoring
v) (5.34). A few steps of a standard numerical optimization routine (optimizing over
the g;;) is then often enough to find the maximum of Q(-;¢’) under the stationarity
assumption. Variants of the basic EM strategy, to be discussed in Section 5.5.3,
may also be useful in this situation.

5.3.3 Computation of the Score and Observed Information

For reasons discussed above, computing the gradient of the log-likelihood is not
a difficult task in finite state space HMMs and should preferably be done using
smoothing algorithms based on the forward-backward decomposition. The only new
requirement is to evaluate the derivatives with respect to 6 that appear in (5.28). In
the case of the normal HMM, we already met the appropriate expressions in (5.31),
as Fisher’s identity (5.12) implies that the gradient of the intermediate quantity
at the current parameter estimate coincides with the gradient of the log-likelihood.
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Hence
0 1 «
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We now focus on the computation of the derivatives of the log-likelihood in the
model of Example ?? with respect to the transition parameters py and p;. As they
play a symmetric role, it is sufficient to consider, say, pp only. The variance v is
considered as fixed so that the only quantities that depend on the parameter pg
are the initial distribution v and the transition matrix ). We will, as usual, use
the simplified notation gi(x) rather than g(x,Y%) to denote the Gaussian density
function (27v) /2 exp{—(Y — x)?/(2v)} for z € {0,1}. Furthermore, in order to
simplify the expressions below, we also omit to indicate explicitly the dependence
with respect to po in the rest of this section. Fisher’s identity (5.12) reduces to

0 0
l,=E | —logv(Xo) + Za—logquxchrl
k=

v Youn
Ipo dpo *

Y

where the notation g¢;; refers to the element in the (1 + 4)-th row and (1 + j)-th
column of the matrix @ (in particular, goo and ¢ are alternative notations for
po and p1). We are thus in the framework of Proposition ?? with a smoothing
functional ¢, ; defined by

0
to1(x) = a—polog v(z),

spa(z,a’) = 10g Gzar for k>0,

apo

where the multiplicative functions {mg 1}r>0 are equal to 1. Straightforward cal-
culations yield

to1(x) = (po + p1)~" [jj)aom - cw)] ,

1
1—

1
Sk,l(xvx/) = *5(0,0)(%51”/) - 5(0,1)(%30/) .
Po Po
Hence a first recursion, following Proposition 77.
Algorithm 101 (Computation of the Score in Example ??). [Init:]

Initialization: Compute ¢y = Z;:O v(i)go(i) and, for i = 0,1,

o (i) = Co v(i)go(i) ,
70,1(2) = t0,1(9) 0 (i) -

Recursion: For & = 0,1,..., compute cx11 = ZZ OZJ 0 P (1)qij9%(j) and, for
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J=01

1
Sr1() = ety Y ok (0)gijgr ()
=0
1

The1,1(J) = C;Zil{z Th,1 (1)1 95+1 ()

=0

T 0k (0)gu11(0)30(5) — (0 >gk+1<1>51<j>} |

At each index k, the log-likelihood is available via £ = Z;;O log ¢y, and its
derivative with respect to py may be evaluated as

aﬁpofk—sz

For the second derivative, Louis’ identity (5.14) shows that

0 8 2 92 n—1 52

2
o n—1 )
+ E (8'00 log V(X()) + kzz;) aipo loquka+1> YO:n . (537)

The first term on the right-hand side of (5.37) is very similar to the case of 7,1
considered above, except that we now need to differentiate the functions twice,
replacing top; and sg1 by a%ot(m and 8%051671, respectively. The corresponding
smoothing functional t,, o is thus now defined by

p1(2p0 + p1) 1
too(z) = ————50(x ——61(x),
02(2) p2(po + p1)? ( (po + p1)? ()
1 1
sk2(z,2') = *;35(0,0)(%96') RN p0>25(o,1)($7x’) :

The second term on the right-hand side of (5.37) is more difficult, and we need
to proceed as in Example ??7: the quantity of interest may be rewritten as the
conditional expectation of

n—1

tn3(@om) = |to,1(z0) + Z Sk, 1 (Th, Thot1)
k=0

Expanding the square in this equation yields the update formula

tot1,3(To:k+1) = tr,3(xow) + SZyl(ka, Trt1) + 2tk 1 (X0:k) Sk,1 (Thes Thop1) -

Hence t51 and tj 3 jointly are of the form prescribed by Definition ?? with in-
cremental additive functions sgs(z,z’) = 3%71(35,1;’ ) and multiplicative updates
my3(z,2') = 2sk1(x,2’). As a consequence, the following smoothing recursion
holds.

Algorithm 102 (Computation of the Observed Information in Example ?77?).
[Init:]
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Initialization: For ¢ = 0,1,

Recursion: For £ =0,1,..., compute for j =0, 1,

1

The1,2(4) = Ck_--l,l-l{z Th,2(0) 4159141 ()

i=0
1

) .
_ piod)k(O)ng(O)dO(J) (1= po)

&r(0)gr41(1)d1 (j)} ;

1

70,3(j) = C;;il {Z Tr,3(4) 45 41 ()

1=0
+ 2 [75,1(0)gr+1(0)60(5) — 7&,1(0)gr+1(1)01(5)]

ajﬂwmwmﬂﬂnmm}.

At each index k, the second derivative of the log-likelihood satisfies

82 8 2 1 1
%ek + <8p0£k> = ;Tkz(l) + ;Tk,?:(l) )

2
0

+ L (0)ges (0)50() +
Po

where the second term on the left-hand side may be evaluated in the same recursion,
following Algorithm 101.

To illustrate the results obtained with Algorithms 101-102, we consider the
model with parameters py = 0.95, p; = 0.8, and v = 0.1 (using the notations
introduced in Example 7?). Figure 5.1 displays the typical aspect of two sequences
of length 200 simulated under slightly different values of pg. One possible use of
the output of Algorithms 101-102 consists in testing for changes in the parameter
values. Indeed, under conditions to be detailed in Chapter 6 (and which hold here),
the normalized score n=1/2 %En satisfies a central limit theorem with variance given

by the limit of the normalized information —n=1(9%/9p3)¢,. Hence it is expected
that
Bt
%n — Po
_22
Opg ™M
be asymptotically N(0, 1)-distributed under the null hypothesis that py is indeed
equal to the value used for computing the score and information recursively with
Algorithms 101-102.
Figure 5.2 displays the empirical quantiles of fR,, against normal quantiles for
n = 200 and n =1,000. For the longer sequences (n =1,000), the result is clearly as
expected with a very close fit to the normal quantiles. When n = 200, asymptotic
normality is not yet reached and there is a significant bias toward high values of
R,. Looking back at Figure 5.1, even if v was equal to zero—or in other words,
if we were able to identify without ambiguity the 0 and 1 states from the data—
there would not be much information about pg to be gained from runs of length
200: when pg = 0.95 and p; = 0.8, the average number of distinct runs of Os that
one can observe in 200 consecutive data points is only about 200/(20 + 5) = 8.
To construct a goodness of fit test from 9, one can monitor values of ]2, which

no

asymptotically has a chi-square distribution with one degree of freedom. Testing
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Figure 5.1: Two simulated trajectories of length n = 200 from the simplified ion
channel model of Example ?? with pg = 0.95, p; = 0.8, and ¢ = 0.1 (top), and
po = 0.92, p; = 0.8, and 02 = 0.1 (bottom).

the null hypothesis pg = 0.95 gives p-values of 0.87 and 0.09 for the two sequences
in the top and bottom plots, respectively, of Figure 5.1. When testing at the 10%
level, both sequences thus lead to the correct decision: no rejection and rejection of
the null hypothesis, respectively. Interestingly, testing the other way around, that
is, postulating pg = 0.92 as the null hypothesis, gives p-values of 0.20 and 0.55 for
the top and bottom sequences of Figure 5.1, respectively. The outcome of the test
is now obviously less clear-cut, which reveals an asymmetry in its discrimination
ability: it is easier to detect values of pg that are smaller than expected than the
converse. This is because smaller values of py means more changes (on average) in
the state sequence and hence more usable information about py to be obtained from
a fixed size record. This asymmetry is connected to the upward bias visible in the
left plot of Figure 5.2.

n = 1000
=

0.999 0.999

0.99 0.99
2 090 0.90
=
8 o5 05
<)
g o1 0.1

0.01 0.01

0.001 0.001

2 0 2 4 6 8 -2 0 2 4

Figure 5.2: QQ-plot of empirical quantiles of the test statistic RR,, (abscissas) for the
simplified ion channel model of Example ?? with pg = 0.95, p; = 0.8, and 02 = 0.1
vs. normal quantiles (ordinates). Samples sizes were n = 200 (left) and n =1,000
(right), and 10,000 independent replications were used to estimate the empirical
quantiles.
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5.4 The Example of Gaussian Linear State-Space
Models

We now consider more briefly the case of Gaussian linear state-space models that
form the other major class of hidden Markov models for which the methods dis-
cussed in Section 5.1 are directly applicable. It is worth mentioning that Gaussian
linear state-space models are perhaps the only important subclass of the HMM
family for which there exist reasonable simple non-iterative parameter estimation
algorithms not based on maximum likelihood arguments but are nevertheless useful
in practical applications. These sub-optimal algorithms, proposed by Van Over-
schee and De Moor (1993), rely on the linear structure of the model and use only
eigendecompositions of empirical covariance matrices—a general principle usually
referred to under the denomination of subspace methods (Van Overschee and De
Moor, 1996). Keeping in line with the general topic of this chapter, we nonethe-
less consider below only algorithms for maximum likelihood estimation in Gaussian
linear state-space models.
The Gaussian linear state-space model is given by

Xky1 = AXy + RUy ,
Y, = BX,+ SV,

where Xo, {Uk}r>0 and {Vi }x>0 are jointly Gaussian. The parameters of the model
are the four matrices A, R, B, and S. Note that except for scalar models, it is not
possible to estimate R and S because both {Uj} and {Vj} are unobservable and
hence R and S are only identifiable up to an orthonormal matrix. In other words,
multiplying R or S by any orthonormal matrix of suitable dimension does not modify
the distribution of the observations. Hence the parameters that are identifiable are
the covariance matrices Y = RR! and Tg = SS5?, which we consider below.
Likewise, the matrices A and B are identifiable up to a similarity transformation
only. Indeed, setting X; = TX} for some invertible matrix 7', that is, making a
change of basis for the state process, it is straightforward to check that the joint
process {(X},Y))} satisfies the model assumptions with TAT !, BT !, and TR
replacing A, B, and R, respectively. Nevertheless, we work with A and B in the
algorithm below. If a unique representation is desired, one may use, for instance,
the companion form of A given its eigenvalues; this matrix may contain complex
entries though. As in the case of finite state space HMMs (Section 5.2.2), it is not
sensible to consider the initial covariance matrix ¥, as an independent parameter
when using a single observed sequence. On the other hand, for such models it is very
natural to assume that ¥, is associated with the stationary distribution of {X}}.
We shall also assume that both T and Yg are full rank covariance matrices so
that all Gaussian distributions admit densities with respect to (multi-dimensional)
Lebesgue measure.

5.4.1 The Intermediate Quantity of EM

With the previous notations, the intermediate quantity Q(6;6’) of EM, defined
in (5.25), may be expressed as

n—1
1 _
- 5 Eg/ ln]og ‘TR‘ + E (Xk+1 - AXk)tTRl(Xk_H — AXk) YO:n

k=0

(n+1)log|Ys|+ > (Vi — BXx)'Ts" (Yi — BXx) | Youn |, (5.38)

k=0

1
— ZE,
5 o
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up to terms that do not depend on the parameters. In order to elicit the M-
step equations or to compute the score, we differentiate (5.38) using elementary
perturbation calculus as well as the identity Vo log|C| = C~* for an invertible
matrix C—which is a consequence of the adjoint representation of the inverse (Horn
and Johnson, 1985, Section 0.8.2):

n—1
VaQ(0;6") = —T3'Eo | > (AXp X[ — X1 X}) | You | (5.39)
k=0
1
Vy1Q(0:0) = —2{—nTR (5.40)
n—1
+ Ey/ Z(Xk-',-l — AX3)(Xpg1 — AXp)' | Yo } )
k=0
VpQ(0:0) = -T5" Eo | Y (BXiXf — Vi X[) | You | (5.41)
k=0
1
Vi1 Q(0:0) = —2{—(n +1)Ys (5.42)

n

> (Vi — BXy) (Vi — BXy)'!
k=0

+ EO/ YO:n

} |

Note that in the expressions above, we differentiate with respect to the inverses of
Tgr and Tg rather than with respect to the covariance matrices themselves, which
is equivalent, because we assume both of the covariance matrices to be positive
definite, but yields simpler formulas. Equating all derivatives simultaneously to
zero defines the EM update of the parameters. We will denote these updates by A*,
B*, 1%, and T§, respectively. To write them down, denote )A(k‘n(é") = Eg [ Xk | Yo.n]
and Xy, (0") = Eg/ [ X X, | Yo:n] —ka(e’))%,g'n(e/), where we now indicate explicitly
that these first two smoothing moments indeed depend on the current estimates of
the model parameters (they also depend on the initial covariance matrix ¥,, but
we ignore this fact here because this quantity is considered as being fixed). We also
need to evaluate the conditional covariances

def
Ch 4110 (0") = Cove [ X, Xpi1 | You)
= B [Xi X1 [ Yor] = Xijn (0) Xk 1, (6) -
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With these notations, the EM update equations are given by

n—1 t
A= [Z Chrpr1n(0') + ka(e’)X,gH,n(e/)} (5.43)
k=0

n—1 -1
lz S (07) + an(e')X,gn(ef)] ,
k=0

n—1
% 1 & I\ v /
Tk nZ{[Zmun(@’) + X 1yn (0) X110 (0 )} (5.44)
k=0

~ A [Cuarinl®) + X)L )] |

n t
B* = [Z Xyn(0)Y (5.45)
k=0
n —1
lz Ek\n(al) + Xk|7b(9/)X£|n(9/)] )
k=0
* 1 . t * v t
Ti=—7> [kak - B ka(e’)yk} . (5.46)

k=0

In obtaining the covariance update, we used the same remark that made it possible
to rewrite, in the case of normal HMMs, (5.33) as (5.36).

5.5 Complements

To conclude this chapter, we briefly return to an issue mentioned in Section 5.1.2
regarding the conditions that ensure that the EM iterations indeed converge to
stationary points of the likelihood.

5.5.1 Global Convergence of the EM Algorithm

As a consequence of Proposition 98, the EM algorithm described in Section 5.1.2 has
the property that the log-likelihood function ¢ can never decrease in an iteration.
Indeed,
This class of algorithms, sometimes referred to as ascent algorithms (Luenberger,
1984, Chapter 6), can be treated in a unified manner following a theory developed
mostly by Zangwill (1969). Wu (1983) showed that this general theory applies to
the EM algorithm as defined above, as well as to some of its variants that he calls
generalized EM (or GEM). The main result is a strong stability guarantee known
as global convergence, which we discuss below.

We first need a mathematical formalism that describes the EM algorithm. This
is done by identifying any homogeneous (in the iterations) iterative algorithm with a
specific choice of a mapping M that associates §°7! to #?. In the theory of Zangwill
(1969), one indeed considers families of algorithms by allowing for point-to-set maps
M that associate a set M(6) C O to each parameter value 6/ € ©. A specific
algorithm in the family is such that #°*! is selected in M (#?). In the example of
EM, we may define M as

M) = {00 : Qb:0) > Q0:0) forall G O}, (5.47)
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that is, M (0’) is the set of values 6 that maximize Q(6;6') over ©. Usually M (')
reduces to a singleton, and the mapping M is then simply a point-to-point map (a
usual function from © to ©). But the use of point-to-set maps makes it possible to
deal also with cases where the intermediate quantity of EM may have several global
maxima, without going into the details of what is done in such cases. We next need
the following definition before stating the main convergence theorem.

Definition 103 (Closed Mapping). A map T from points of © to subsets of ©
is said to be closed on a set S C O if for any converging sequences {0'};>o and
{0%}i>0, the conditions

(a) 0 —0¢cS,
(b) 6° — 6 with §' € T(6%) for all i >0,
imply that 0 € T(6).

Note that for point-to-point maps, that is, if T(6) is a singleton for all 8, the
definition above is equivalent to the requirement that T" be continuous on S. Defi-
nition 103 is thus a generalization of continuity for general (point-to-set) maps. We
are now ready to state the main result, which is proved in Zangwill (1969, p. 91)
or Luenberger (1984, p. 187).

Theorem 104 (Global Convergence Theorem). Let © be a subset of R% and let
{07}i>0 be a sequence generated by 0°t1 € T(6") where T is a point-to-set map on
O. Let S C © be a given “solution” set and suppose that

(1) the sequence {0'};>¢ is contained in a compact subset of ©;
(2) T is closed over © \'S (the complement of S);

(3) there is a continuous “ascent” function s on © such that s(8) > s(0’) for all
0 € T(0"), with strict inequality for points 0’ that are not in S.

Then the limit of any convergent subsequence of {0} is in the solution set S. In
addition, the sequence of values of the ascent function, {s(6")};>0, converges mono-
tonically to s(0,) for some 0, € S.

The final statement of Theorem 104 should not be misinterpreted: that {s(6%)}
converges to a value that is the image of a point in S is a simple consequence of
the first and third assumptions. It does however not imply that the sequence of
parameters {6} is itself convergent in the usual sense, but only that the limit points
of {6'} have to be in the solution set S. An important property however is that
because {s(6"())};>¢ converges to s(f,) for any convergent subsequence {#()}, all
limit points of {6’} must be in the set S, = {6 € © : s() = s(6,)} (in addition
to being in ). This latter statement means that the sequence of iterates {6°} will
ultimately approach a set of points that are “equivalent” as measured by the ascent
function s.

The following general convergence theorem following the proof by Wu (1983) is
a direct application of the previous theory to the case of EM.

Theorem 105. Suppose that in addition to the hypotheses of Proposition 98 (As-
sumptions 97 as well as parts (a) and (b) of Proposition 98), the following hold.

(i) H(0;0") is continuous in its second argument, 6, on ©.

(ii) For any 6°, the level set ©° = {0 € © : £(6) > £(6°)} is compact and contained
in the interior of ©.
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Then all limit points of any instance {0'};>0 of an EM algorithm initialized at 6°
are in LO = {0 € O° : Vyl(0) = 0}, the set of stationary points of £ with log-
likelihood larger than that of 0°. The sequence {£(0%)} of log-likelihoods converges
monotonically to ¢, = £(0,) for some 0, € LY.

Proof. This is a direct application of Theorem 104 using £° as the solution set and
¢ as the ascent function. The first hypothesis of Theorem 104 follows from (ii) and
the third one from Proposition 98. The closedness assumption (2) follows from
Proposition 98 and (i): for the EM mapping M defined in (5.47), " € M(6?)
amounts to the condition

Q(0°:60") > Q(#;6°) forallfecO,

which is also satisfied by the limits of the sequences {#} and {#?} (if these converge)
by continuity of the intermediate quantity Q, which follows from that of £ and H
(note that it is here important that H be continuous with respect to both argu-
ments). Hence the EM mapping is indeed closed on © as a whole and Theorem 105
follows. O

The assumptions of Proposition 98 as well as item (i) above are indeed very mild
in typical situations. Assumption (ii) however may be restrictive, even for models
in which the EM algorithm is routinely used. The practical implication of (ii) being
violated is that the EM algorithm may fail to converge to the stationary points of
the likelihood for some particularly badly chosen initial points #°.

Most importantly, the fact that °*! maximizes the intermediate quantity Q(- ; )
of EM does in no way imply that, ultimately, ¢, is the global maximum of ¢ over
O. There is even no guarantee that ¢, is a local maximum of the log-likelihood: it
may well only be a saddle point (Wu, 1983, Section 2.1). Also, the convergence of
the sequence £(6%) to ¢, does not automatically imply the convergence of {#} to a
point 6,.

Pointwise convergence of the EM algorithm requires more stringent assumptions
that are difficult to verify in practice. As an example, a simple corollary of the global
convergence theorem states that if the solution set § in Theorem 104 is a single
point, 0, say, then the sequence {#’} indeed converges to 6, (Luenberger, 1984,
p. 188). The sketch of the proof of this corollary is that every subsequence of {6}
has a convergent further subsequence because of the compactness assumption (1),
but such a subsequence admits s as an ascent function and thus converges to 6,
by Theorem 104 itself. In cases where the solution set is composed of several
points, further conditions are needed to ensure that the sequence of iterates indeed
converges and does not cycle through different solution points.

In the case of EM, pointwise convergence of the EM sequence may be guaranteed
under an additional condition given by Wu (1983) (see also Boyles, 1983, for an
equivalent result), stated in the following theorem.

Theorem 106. Under the hypotheses of Theorem 105, if
(iii) |0t — 0| — 0 as i — oo,

then all limit points of {0"} are in a connected and compact subset of L, = {0 € O :
0(0) = £}, where , is the limit of the log-likelihood sequence {£(6%)}.

In particular, if the connected components of L, are singletons, then {0} con-
verges to some 0, in L,.

Proof. The set of limit points of a bounded sequence {#°} with ||§*t! — 0¢|| — 0 is
connected and compact (Ostrowski, 1966, T heorem 28.1). The proof follows because
under Theorem 104, the limit points of {6"} must belong to L. O
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5.5.2 Rate of Convergence of EM

Even if one can guarantee that the EM sequence {él} converges to some point
0, this limiting point can be either a local maximum, a saddle point, or even a
local minimum. The proposition below states conditions under which the stable
stationary points of EM coincide with local maxima only (see also Lange, 1995,
Proposition 1, for a similar statement). We here consider that the EM mapping M
is a point-to-point map, that is, that the maximizer in the M-step is unique.

To understand the meaning of the term “stable”, consider the following approx-
imation to the limit behavior of the EM sequence: it is sensible to expect that if the
EM mapping M is sufficiently regular in a neighborhood of the limiting fixed point
0., the asymptotic behavior of the EM sequence {6’} follows the tangent linear
dynamical system

(ei—i-l o 9*) — M(gz) _ M(g*) ~ VQM(Q*)(HZ — 9*) . (548)

Here VoM (6,) is called the rate matriz (see for instance Meng and Rubin, 1991).
A fixed point 6, is said to be stable if the spectral radius of Vg M (6,) is less than 1.
In this case, the tangent linear system is asymptotically stable in the sense that the
sequence {('} defined recursively by (‘! = VoM (6,)(* tends to zero as n tends to
infinity (for any choice of ¢°). The linear rate of convergence of EM is defined as
the largest moduli of the eigenvalues of VyM (6, ). This rate is an upper bound on
the factors py that appear in (5.17).

Proposition 107. Under the assumptions of Theorem 100, assume that Q(-;6)
has a unique mazimizer for all 0 € © and that, in addition,

H(6.) =~ [ V3log 1(z:0)],_,, plws6.) Ndz) (5.49)

and
G(6y) = —/ \% logp(x;é’)le:e* p(x;0,) A(dx) (5.50)

are positive definite matrices for all stationary points of EM (i.e., such that M (0,) =
0. ). Then for all such points, the following hold true.

(i) VoM (6y) is diagonalizable and its eigenvalues are positive real numbers.

(i) The point 0, is stable for the mapping M if and only if it is a proper mazimizer
of £(0) in the sense that all eigenvalues of V3L(0,) are negative.

Proof. The EM mapping is defined implicitly through the fact that M (') maximizes
Q(-;6"), which implies that

/ Vo log £(250)lg_ss e Pl :0) A(dx) = 0,

using assumption (b) of Theorem 100. Careful differentiation of this relation at a
point 6" = 0,, which is such that M(6.) = 6, and hence Vg £(0)]4_y = 0, gives
(Dempster et al., 1977; Lange, 1995, see also)

VoM (0,) = [H(0,)] ™" [H(6.) + V5L(0.)]

where H(0,) is defined in (5.49). The missing information principle—or Louis’
formula (see Proposition 100)—implies that G(6,) = H(6,) + V2{(6,) is positive
definite under our assumptions.
Thus VyM(0,) is diagonalizable with positive eigenvalues that are the same
(counting multiplicities) as those of the matrix A, = I+B,, where B, = [H(0,)]"'/2V2£(0,)[H (6,)]~'/2.
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Thus VoM (6,) is stable if and only if B, has negative eigenvalues only. The
Sylvester law of inertia (see for instance Horn and Johnson, 1985) shows that B, has
the same inertia (number of positive, negative, and zero eigenvalues) as V3/(6,).
Thus all of B,’s eigenvalues are negative if and only if the same is true for V2£(6,),
that is, if 6, is a proper maximizer of £. O

The proof above implies that when 6, is stable, the eigenvalues of M (0,) lie in
the interval (0,1).

5.5.3 Generalized EM Algorithms

As discussed above, the type of convergence guaranteed by Theorem 105 is rather
weak but, on the other hand, this result is remarkable as it indeed covers not only
the original EM algorithm proposed by Dempster et al. (1977) but a whole class
of variants of the EM approach. One of the most useful extensions of EM is the
ECM (for expectation conditional maximization) by Meng and Rubin (1993), which
addresses situations where direct maximization of the intermediate quantity of EM
is intractable. Assume for instance that the parameter vector 6 consists of two
sub-components 67 and 65, which are such that maximization of Q((61,6);6’) with
respect to 01 or 03 only (the other sub-component being fixed) is easy, whereas joint
maximization with respect to 8 = (61, 62) is problematic. One may then use the
following algorithm for updating the parameter estimate at iteration 1.

E-step: Compute Q((61,62); (0%, 60%));

CM-step: Determine . , o
03! — argmax Q((61,63): (61,65))
1

and then ‘ , o
057" = argmax Q((0*,02) 1 61,03))

It is easily checked that for this algorithm, (5.8) is still verified and thus ¢ is an ascent
function; this implies that Theorem 105 holds under the same set of assumptions.

The example above is only the simplest case where the ECM approach may be
applied, and further extensions are discussed by Meng and Rubin (1993).



Chapter 6

Statistical Properties of the
Maximum Likelihood
Estimator

The maximum likelihood estimator (MLE) is one of the backbones of statistics, and
as we have seen in previous chapters, it is very much appropriate also for HMMs,
even though numerical approximations are required when the state space is not
finite. A standard result in statistics says that, except for “atypical cases”, the
MLE is consistent, asymptotically normal with asymptotic (scaled) variance equal
to the inverse Fisher information matrix, and efficient. The purpose of the current
chapter is to show that these properties are indeed true for HMMs as well, provided
some conditions of rather standard nature hold. We will also employ the asymptotic
results obtained to verify the validity of certain likelihood-based tests.

Recall that the distribution (law) P of {Y}r>0 depends on a parameter 6 that
lies in a parameter space O, which we assume is a subset of R% for some dg. Com-
monly, 6 is a vector containing some components that parameterize the transition
kernel of the hidden Markov chain—such as the transition probabilities if the state
space X is finite—and other components that parameterize the conditional distri-
butions of the observations given the states. Throughout the chapter, it is assumed
that the HMM model is, for all 8, fully dominated in the sense of Definition 13 and
that the underlying Markov chain is positive (see Definition 171).

Assumption 108.

(i) There exists a probability measure A on (X, X) such that for any x € X and
any 0 € O, Qp(x,) < X with transition density qp. That is, Qo(x, A) =
[ qo(x,2") N(da') for Ae X.

(i) There exists a probability measure u on (Y,Y) such that for any x € X and any
0 € 0, Go(x,-) < p with transition density function go. That is, Gg(x, A) =
[ ge(z,y) p(dy) for Acy.

(iti) For any 6 € ©, Qg is positive, that is, Qg is phi-irreducible and admits a
(necessarily unique) invariant distribution denoted by .

In this chapter, we will generally assume that © is compact. Furthermore, 6,

is used to denote the true parameter, that is, the parameter corresponding to the
data that we actually observe.

121
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6.1 A Primer on MLE Asymptotics

The standard asymptotic properties of the MLE hinge on three basic results: a law
of large numbers for the log-likelihood, a central limit theorem for the score function,
and a law of large of numbers for the observed information. More precisely,

(i) for all 6 € ©, n=14,,(8) — £(0) Py, -a.s. uniformly over compact subsets of O,
where ¢,,(0) is the log-likelihood of the parameter 6 given the first n obser-
vations and /() is a continuous deterministic function with a unique global
maximum at 6,;

(i) n=Y2Vyl,(0,) — N(0,T(6,)) Py,-weakly, where J(6) is the Fisher informa-
tion matrix at 6 (we do not provide a more detailed definition at the moment);

(iii) lims—o imy, oo SUPjg_g, <5 || = 77 VE0n(0) — T (6,)]| = 0 Py, -as.

The function £ in (i) is sometimes referred to as the contrast function. We note that
—n~1V2(,(0) in (iii) is the observed information matrix, so that (iii) says that the
observed information should converge to the Fisher information in a certain uniform
sense. This uniformity may be replaced by conditions on the third derivatives of
the log-likelihood, which is common in statistical textbooks, but as we shall see, it
is cumbersome enough even to deal with second derivatives of the log-likelihood for
HMDMSs, whence avoiding third derivatives is preferable.

Condition (i) assures strong consistency of the MLE, which can be shown using
an argument that goes back to Wald (1949). The idea of the argument is as follows.
Denote by 6, the maximum the ML estimator; ¢ (Hn) > £,(0) for any 6 € O.
Because ¢ has a unique global maximum at 6,, £( w) —£(6) > 0 for any 6 € © and,
in particular, £(6,) — ¢(6,,) > 0. We now combine these two inequalities to obtain

0 < £(6,) — £(6,,)
<00,) —n " (0,) + 10 (0,) — nT 0 (6) + 0 (6n) — £(6,)

< 2sup [€(0) —n~ n(0)] -
4SS

Therefore, by taking the compact subset in (i) above as O itself, ﬁ(@n) — £(0,)
Py, -a.s. as n — oo, which in turn implies, as ¢ is continuous with a unique global
maximum at ,, that the MLE converges to 6, Py, -a.s.. In other words, the MLE
is strongly consistent.

Provided strong consistency holds, properties (ii) and (iii) above yield asymp-
totic normality of the MLE. In fact, we must also assume that 6, is an interior point
of © and that the Fisher information matrix J(6,) is non-singular. Then we can
for sufficiently large n make a Taylor expansion around 6, noting that the gradient
of ¢,, vanishes at the MLE 0 because 6, is maximal there,

0 = Voln(6n) = Voln( {/ V20,[0, + t(6n 9)]dt} (0, —6,) .

From this expansion we obtain

-1

1
%6, —6,) = {—n—l/ V2l [0k + (0, — 0,)] dt} n"2%40,(0,) .
0

Now @n converges to 0, Py, -a.s. and so, using (iii), the first factor on the right-hand
side tends to J(0,)~! Pg,-a.s. The second factor converges weakly to N(0, 7 (6));
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this is (ii). Cramér-Slutsky’s theorem hence tells us that n/2(6,, — 0,) tends Py, -
weakly to N(0,J71(6,)), and this is the standard result on asymptotic normality
of the MLE.

In an entirely similar way properties (ii) and (iii) also show that for any u € R
(recall that © is a subset of R%),

1
U (0, + 071 20) — 0,(0,) = n~V2uTVl,(0,) + §UT[fn*1vgen(9*)]u + Ry (u) ,

where n=1/2V0,,(0,) and —n~'V2(,(0,) converge as described above, and where
R, (u) tends to zero Py, -a.s. Such an expansion is known as local asymptotic nor-
mality (LAN) of the model, cf. Ibragimov and Hasminskii (1981, Definition I1.2.1).
Under this condition, it is known that so-called regular estimators (a property pos-
sessed by all “sensible” estimators) cannot have an asymptotic covariance matrix
smaller than 7 ~1(6,) (Ibragimov and Hasminskii, 1981, p. 161). Because this limit
is obtained by the MLE, this estimator is efficient.

Later on in this chapter, we will also exploit properties (i)—(iii) to derive asymp-
totic properties of likelihood ratio and other tests for lower dimensional hypotheses
regarding 6.

6.2 Stationary Approximations

In this section, we will introduce a way of obtaining properties (i)—(iii) for HMMs;
more detailed descriptions are given in subsequent sections.

Before proceeding, we will be precise on the likelihood we shall analyze. In this
chapter, we generally make the assumption that the sequence { X} } >0 is stationary;
then {Xy,Ys}r>o0 is stationary as well. Then there is obviously a corresponding
likelihood. However, it is sometimes convenient to work with a likelihood Ly, ,,(6)
that is conditional on an initial state z,

n

Luon(®) = [ g0l Y0) [ [ ao(ic1,z0)gn(zs Yo) M) (6.1)
i=1

We could also want to replace the fixed initial state by an initial distribution v on
(X, X), giving

L,n(0) = /)(Lmo’n(e)y(dxo) .

The stationary likelihood is then L, (@), which we will simply denote by L, (8).
The advantage of working with the stationary likelihood is of course that it is
the correct likelihood for the model and may hence be expected to provide better
finite-sample performance. The advantage of assuming a fixed initial state zo—and
hence adopting the likelihood Ly, ,,(0)—is that the stationary distribution 7 is not
always available in closed form when X is not finite. It is however important that
9o(x0,Yy) is positive Py, -a.s.; otherwise the log-likelihood may not be well-defined.
In fact, we shall require that go(zo,Yp) is, Pg,-a.s., bounded away from zero. In
the following, we always assume that this condition is fulfilled. A further advantage
of Ly, () is that the methods described in the current chapter may be extended
to Markov-switching autoregressions (Douc et al., 2004), and then the stationary
likelihood is almost never computable, not even when X is finite. Throughout the
rest of this chapter, we will work with L, ,(#) unless noticed, where z¢ € X is
chosen to satisfy the above positivity assumption but otherwise arbitrarily. The
MLE arising from this likelihood has the same asymptotic properties as has the
MLE arising from L,,(6), provided the initial stationary distribution 7y has smooth
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second-order derivatives (cf. Bickel et al., 1998), whence from an asymptotic point
of view there is no loss in using the incorrect likelihood Ly, ,(6).

We now return to the analysis of log-likelihood and items (i)—(iii) above. In the
setting of i.i.d. observations, the log-likelihood ¢,,(6) is a sum of i.i.d. terms, and
so (i) and (iii) follow from uniform versions of the strong law of large numbers and
(ii) is a consequence of the simplest central limit theorem. In the case of HMMs,
we can write {y) ,(0) as a sum as well:

lagn(0) = log [/ 90 (T, Yi) g k-1 [Your—1] (dy, ;9)] (6.2)
k=0

= Zlog [/ge(ﬂﬂmyk) Po(Xy € doy | Youk—1, Xo = ﬂfo)} ) (6.3)
k=0

where ¢z kjk—1[Yo:x—1](-;0) is the predictive distribution of the state X3 given the
observations Yp.x_1 and Xg = xg. These terms do not form a stationary sequence
however, so the law of large numbers—or rather the ergodic theorem—does not
apply directly. Instead we must first approximate £,, ,(6) by the partial sum of a
stationary sequence.

When the joint Markov chain { X}, Y3} has an invariant distribution, this chain is
stationary provided it is started from its invariant distribution. In this case, we can
(and will!) extend it to a stationary sequence { X, Yy } —co<k<oco With doubly infinite
time, as we can do with any stationary sequence. Having done this extension, we
can imagine a predictive distribution of the state X given the infinite past Y_ .51
of observations. A key feature of these variables is that they now form a stationary
sequence, whence the ergodic theorem applies. Furthermore we can approximate
Cupn(6) Dy

ffl(ﬁ) = Zlog |:/ gg(xk, Yk) Pg(Xk S dl‘k | Y—oo:k:—l) s (6.4)
k=0

where superindex s stands for “stationary”. Heuristically, one would expect this
approximation to be good, as observations far in the past do not provide much
information about the current one, at least not if the hidden Markov chain enjoys
good mixing properties. What we must do is thus to give a precise definition of the
predictive distribution Py(Xy € | Y_oo:k—1) given the infinite past, and then show
that it approximates the predictive distribution ¢, xjx—1(-;0) well enough that
the two sums (6.2) and (6.4), after normalization by n, have the same asymptotic
behavior. We can treat the score function similarly by defining a sequence that
forms a stationary martingale increment sequence; for sums of such sequences there
is a central limit theorem.

The cornerstone in this analysis is the result on conditional mixing stated in
Section 3. We will rephrase it here, but before doing so we state a first assumption.
It is really a variation of Assumption 62, adapted to the dominated setting and
uniform in 6.

Assumption 109.

(i) The transition density qo(x,2") of { Xy} satisfies 0 < 0~ < gg(z,2") < o < 00
for all z,x' € X and all 6 € O, and the measure X is a probability measure.

(i) For all y €Y, the integral [, go(z,y) A(dx) is bounded away from 0 and oo on
0.

Part (i) of this assumption often, but not always holds when the state space X
is finite or compact. Note that Assumption 109 says that for all 8 € ©, the whole
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state space X is a 1-small set for the transition kernel QQy, which implies that for
all 0 € ©, the chain is phi-irreducible and strongly aperiodic (see Section 7.2 for
definitions). It also ensures that there exists a stationary distribution my for Q.
In addition, the chain is uniformly geometrically ergodic in the sense that for any
z € Xandn >0, ||Qf(x,-) = m|lpy < (1 —07)" Under Assumption 108, it holds
that m9 < A, and we use the same notation for this distribution and its density
with respect to the dominating measure .

Using the results of Section 7.3, we conclude that the state space X x Y is 1-small
for the joint chain { Xy, Yy }. Thus the joint chain is also phi-irreducible and strongly
aperiodic, and it admits a stationary distribution with density mp(z)gs(x,y) with
respect to the product measure A ® p on (X x Y, X ® J) The joint chain also is
uniformly geometrically ergodic.

Put p=1—0"/o"; then 0 < p < 1. The important consequence of Assump-
tion 109 that we need in the current chapter is Proposition 64. It says that if
Assumption 109 holds true, then for all k¥ > 1, all yg.,, and all initial distributions
v and v/ on (X, X),

<pk. (6.5)
TV

/XP(;(Xk € | Xo =2, Yo.n = yon) [v(dx) — V' (d)]

6.3 Consistency

6.3.1 Construction of the Stationary Conditional Log-likelihood

We shall now construct Po(Xy, € day | Yoook—1) and [ go(zk, Yi) Po(Xy € dog | Yoooik—1)-
The latter variable will be defined as the limit of

def
Hym,2(0) = /ge(mk,Yk)Pe(Xk edry |Yomyth—1,X-m =17) (6.6)

as m — oo. Note that Hy ,,, »(0) is the conditional density of Yj given Y_,, 4161
and X_,, = x, under the law Py. Put

hk,m,x(e) déf log Hk,m,m (0) (67)
and consider the following assumption.

Assumption 110. bt = supy sup, , go(x,y) < 00 and Ey, [logb™ (Yp)| < 0o, where
bi(y) = il’lfg fx ge(xvy) )‘(dx)

Lemma 111. The following assertions hold true Py, -a.s. for all indices k, m and
m’ such that k > —(m Am/):

kar(m/\m/)fl
sup sup |hkm.z(0) — him o (6)] < —g (6.8)
0€O z,x’eX — P
sup  sup  sup|hg.m..(0)] < logb™ |V |log(c~b™ (V)] - (6.9)

0€® m>—(k—1) zeX

Proof. Assume that m’ > m and write

Hyoa (6) = / / [ / 96 (2, Yi)do (@1, @) M)
X Po(Xp—1 €dop—1|Yormg1e-1, X m = T_m) 0(dr_p) , (6.10)
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Hp om0 (0) = // [/ ge(xkyyk)%(xk—hxk))‘(dxk)]

X Po(Xp—1 €dop— | Yormprn—1, Xom =2_p)
X PQ(X_m edrx_pn, | Y—m’-{-l:k—laX—m’ = $l) s (6.11)

and invoke (6.5) to see that

Hponoo(8) = Hpe e (0)] < ™1 sup / 96 Vi) @o (01, 20) M)

Tr—1

< pk+mfla+/gg(xk,Yk) Adzy) - (6.12)

Note that the step from the total variation bound to the bound on the difference
between the integrals does not need a factor “2”, because the integrands are non-
negative. Also note that (6.5) is stated for m = m’ = 0, but its initial time index is
of course arbitrary. The integral in (6.10) can be bounded from below as

Hymoo(0) > 0~ / g0 (0, Ye) A(daw) | (6.13)

and the same lower bound holds for (6.11). Combining (6.12) with these lower
bounds and the inequality [logx —logy| < |z — y|/(z A y) shows that

k+m—1

+
O— —
|hk,m,x(9) — hk7m/7x/(0)| < 7pk‘+m 1_ 4

o 1—p
which is the first assertion of the lemma. Furthermore note that (6.10) and (6.13)
yield

o b (Vi) < Hgmo(0) <bT, (6.14)

which implies the second assertion. O

Equation (6.8) shows that for any given k and x, {Ag m,2(0) }m>—(k—1) is a uni-
form (in #) Cauchy sequence as m — oo, Py, -a.s., whence there is a Py, -a.s. limit.
Moreover, again by (6.8), this limit does not depend on z, so we denote it by
hi oo (#). Our interpretation of this limit is as log Eg [ge(Xk, Yx) | Y_ooik—1]. Fur-
thermore (6.9) shows that provided Assumption 110 holds, {hgm,z(0) }rm>—(k—1) is
uniformly bounded in L' (Py, ), so that hy (6) is in L' (Py, ) and, by the dominated
convergence theorem, the limit holds in this mode as well. Finally, by its definition
{hk,00(8) }i:>0 is a stationary process, and it is ergodic because {Yj } —co<k<oo is. We
summarize these findings.

Proposition 112. Assume 108, 109, and 110 hold. Then for each 6 € © and
x € X, the sequence {hym z(0)}m>—k—1) has, Po,-a.s., a limit hy o (0) as m — oo.
This limit does not depend on x. In addition, for any 0 € ©, hy (6) belongs to
LY(Py,), and {hymo(0)}m>—(k—1) also converges to hy oo(6) in L'(Py,) uniformly
over 8 € © and x € X.

Having come thus far, we can quantify the approximation of the log-likelihood
Lo (0) by £3(6).

Proposition 113. For alln >0 and 0 € O,

[£ao,n (0) = £3,(0)] < [log go (o, Y0)| + ho,c0(0) +
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Proof. Letting m’ — oo in (6.8) we obtain |hy 0.z, (0) — b0 (0)] < pF~1/(1 - p) for
k > 1. Therefore, Py, -a.s.,

wmo,n(a) —4,0)] = Z hke,0,20 (0) - Z hk,w(a)

k=0 k=0

noogq
[log go (0, Yo)| + ho,00 (0) + Z
=1

p
1—p°

IN

6.3.2 The Contrast Function and Its Properties

Because hy oo (0) is in L'(Py,) under the assumptions made above, we can define

the real-valued function ¢(6) def Eg, [hi,00(0)]. It does not depend on k, by station-
arity. This is the contrast function £(6) referred to above. By the ergodic theorem
n=105 (0) — £(0) Py, -a.s., and by Proposition 113, n=14,, ,,(8) — £(0) Py, -a.s. as
well. As noted above, however, we require this convergence to be uniform in 6,
which is not guaranteed so far. In addition, we require £(6) to be continuous and
possess a unique global maximum at 6,; the latter is an identifiability condition.
In the rest of this section, we address continuity and convergence; identifiability is
addressed in the next one.

To ensure continuity we need a natural assumption on continuity of the building
blocks of the likelihood.

Assumption 114. For all (z,2') € X x X and y € Y, the functions 0 — qg(x,z’)
and 0 — gg(x,y) are continuous.

The following result shows that hy o (6) is then continuous in L!(Py, ).

Proposition 115. Assume 108, 109, 110, and 114. Then for any 0 € ©,

Eo sup |ho,00(0") — ho,0e(B)]| =0 asd—0,

0'€O:10'—0]<5

*

and 0 — £(0) is continuous on ©.

Proof. Recall that hg o (6) is the limit of hg 5 (0) as m — oo. We first prove that
for any x € X and any m > 0, the latter quantity is continuous in # and then use
this to show continuity of the limit. Recall the interpretation of Hg ,, .(0) as a
conditional density and write

HO,m,z(a) =
f"'fﬂgz_mﬂ qo(xi—1,2i)g0(xi, i) Mdz—pmg1) - - - A(dxo)
S T T i d0(im ) g (20, Yi) M(d2— 1) -~ A(d—1)

The integrand in the numerator is, by assumption, continuous and bounded by
(eTbT)™, whence dominated convergence shows that the numerator is continuous
with respect to 6 (recall that A is assumed finite). Likewise the denominator is
continuous, and it is bounded from below by (o=)™~! H:}er b= (Y;) > 0 Py, -as.
Thus Hg i, (6) and hg g .(0) are continuous as well. Because hg , »(0) converges
to ho oo (#) uniformly in 6 as m — oo, Pg,-a.s., ho,oo(f) is continuous Py, -a.s. The
uniform bound (6.9) assures that we can invoke dominated convergence to obtain
the first part of the proposition.

(6.15)
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The second part is a corollary of the first one, as

sup  [(0") —£(0)] = sup | Eg, [n0,00(0") — ho,00 (0)]]
07:10'—0|<s 0':16"—0|<5

IN

Eg, | sup  [ho(8") = ho,co(0)]

0:16'—0|<6

We can now proceed to show uniform convergence of n=1¢,, () to £(6).

Proposition 116. Assume 108, 109, 110, and 114. Then

sup |[n "y n(0) — £(0)] — 0 Py, -a.5. as n — oo.
0co

Proof. First note that because © is compact, it is sufficient to prove that for all
0 € 0O,

limsuplimsup  sup [0 'y 1 (0) — £(0)] =0 Py, -as.
6—0 n—oo §:]6’—0|<s

Now write
limsuplimsup sup  |n" 'y, . (0') — £(0)]
§—0  m—oo 0:0/—0|<6

= limsuplimsup sup [0 'l 0 (0) — n 5 (0)
550  n—oo §':]07—0|<s

< limsuplimsup sup ey, (0)) — €5(60))]
§—0  n—oo 0:]0/—0|<s

+limsuplimsup sup n 5 (0") — £5(0)] .
§—0  n—oo 0/:10/—0|<6

The first term on the right-hand side vanishes by Proposition 113 (note that Lemma 111
shows that supy: [ho.0(0')] is in L(Py, ) and hence finite Py, -a.s.). The second term
is bounded by

n

Z(hk,oo(ol) - hk,oo (0))
k=0

< limsuplimsupn™* Z sup  |hioo(0") = hi,0o(0)]

limsuplimsup sup n~ !

6—0 n—oo §:|6’—0|<s

5§50 n—oo = 0:100-0<5
= limsupEg, sup  |ho.co(0) —hoso(0)]| =0,
50 0 16'—0|<6

with convergence Py, -a.s. The two final steps follow by the ergodic theorem and
Proposition 115 respectively. The proof is complete. O

At this point, we thus know that n~'¢,, , converges uniformly to ¢. The
same conclusion holds when other initial distributions v are put on Xg, provided
supy [log [ go(z, Yp) v(dx)] is finite Py, -a.s. When v is the stationary distribution g,
uniform convergence can in fact be proved without this extra regularity assumption
by conditioning on the previous state X_; to get rid of the first two terms in the
bound of Proposition 113; c¢f. Douc et al. (2004).

The uniform convergence of n=1¢,, ,,(0) to £(6) can be used—with an argument
entirely similar to the one of Wald outlined in Section 6.1—to show that the MLE
converges a.s. to the set, ©, say, of global maxima of /. Because £ is continuous,
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we know that O, is closed and hence also compact. More precisely, for any (open)
neighborhood of O, the MLE will be in that neighborhood for large n, Py, -a.s. We
say that the MLE converges to O, in the quotient topology. This way of describing
convergence was used, in the context of HMMs, by Leroux (1992). The purpose of
the identifiability constraint, that ¢(6) has a unique global maximum at 6,, is thus
to ensure that ©, consists of the single point 6, so that the MLE indeed converges
to the point 6,.

6.4 Identifiability

As became obvious in the previous section, the set of global maxima of ¢ is of
intrinsic importance, as this set constitutes the possible limit points of the MLE.
The definition of £(#) as a limit is however usually not suitable for extracting relevant
information about the set of maxima, and the purpose of this section is to derive a
different characterization of the set of global maxima of /.

6.4.1 Equivalence of Parameters

We now introduce the notion of equivalence of parameters.

Definition 117. Two points 6,0’ € © are said to be equivalent if they govern
identical laws for the process {Yj }i>o, that is, if Pg = Per.

We note that, by virtue of Kolmogorov’s extension theorem, 6 and 6’ are equiv-
alent if and only if the finite-dimensional distributions Pg(Y; € ;Yo € -,...,Y,, € )
and Py/(Y7 € -, Yo €+,...,Y,, € ) agree for all n > 1.

We will show that a parameter § € O is a global maximum point of ¢ if and only
if @ is equivalent to 6. This implies that the limit points of the MLE are those
points 6 that govern the same law for {Y;}x>0 as does 6,. This is the best we can
hope for because there is no way—even with an infinitely large sample of Ysl—to
distinguish between the true parameter 6, and a different but equivalent parameter
f. Naturally we would like to conclude that no parameter other than 6, itself is
equivalent to 6,. This is not always the case however, in particular when X is finite
and we can number the states arbitrarily. We will discuss this matter further after
proving the following result.

Theorem 118. Assume 108, 109, and 110. Then a parameter 0 € © is a global
maximum of £ if and only if 0 is equivalent to 0,.

An immediate implication of this result is that 6, is a global maximum of /.

Proof. By the definition of ¢(#) and Proposition 112,

(0.~ €0) = Fo, | lm hma(0)] = Fa, | lim by (0)
= n}gnoo Eo, [h (9*)} — hm Eo, [h17m,I(9)]
= lim Eg, [h1na(0s) - h1m(9)] ;

where A m (6) is given in (6.7). Next, write
EQ* [hLm,w(e*) - hLm,m(e)]

H
= Ey, {Ee* [log o (0) ‘ Y mt1.0, X = x} } ;
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where Hy, ., ,,(6) is given in (6.6). Recalling that Hy ,,, () is the conditional density
of Y7 given Y_,,1 1.0 and X_,, = x, we see that the inner (conditional) expectation
on the right-hand side is a Kullback-Leibler divergence and hence non-negative.
Thus the outer expectation and the limit ¢(6,) — ¢(f) are non-negative as well, so
that 6, is a global mode of /.

Now pick # € O such that £(f) = £(f,). Throughout the remainder of the
proof, we will use the letter p to denote (possibly conditional) densities of random
variables, with the arguments of the density indicating which random variables are
referred to. For any k > 1,

EG* [logpe (Y1:k|Yfm+1:0a X_m= 1’)}

k
> Eo. log po (Y[ Y- mstii—1, X = )]

1=1
k

= > Ep,[himz(0)]
=1

so that, employing stationarity,
nlgnoo EQ* [Inge(Yl:k|Y—m+1:07 X—m = .T)] = ké(e) .

Thus for any positive integer n < k,

0 = k(b)) —€(0))
po, (Yik|Yoms1:0, X = SL’)}
Po(Yi:k|Y-my1:0, X = )
~ lim {Ee [log Po, YVi—nt1:6Yom1:0, X = fﬁ)]
m—00 ) Po(Yien+1:k|Yom+1:0, X—m = )
Po, Yie—nlYrnitk, Yormy1:0, X om = x)] }
Po(Yik—n|Ye-ni1:6, Yomi1:0, X = )

= lim Eyg, [log

+ Eo, [log

Do, (lezn‘ynfkfm+1:nfku ankrfm = 37):|

> limsup Eyg, {log
pO(Y1:n|Yn—k—m+1:n—kaXn—k—m = Ji)

m— 00
where the inequality follows by using stationarity for the first term and noting
that the second term is non-negative as an expectation of a (conditional) Kullback-
Leibler divergence as above. Hence we have inserted a gap between the variables
Y1., whose density we examine and the variables Y, _x_m+1:n—k and X,,_g_,, that
appear as a condition. The idea is now to let this gap tend to infinity and to show
that in the limit the condition has no effect. Next we shall thus show that

Do, (Yl:nlyferl:fkyXfm = $>:|
p@(}/l:n‘y—m-&-l:—kvX—m = I)

lim sup
k—o0 m>k

Eo, [bg

— Ey, {log IM} ’ =0. (6.16)

Combining (6.16) with the previous inequality, it is clear that if £(6) = £(6,), then
Eg, {log[pg, (Y1.n)/pe(Y1.n)]} = 0, that is, the Kullback-Leibler divergence between
the n-dimensional densities pg, (y1.n) and pp(y1.,) vanishes. This implies, by the in-
formation inequality, that these densities coincide except on a set with p®"-measure
zero, so that the n-dimensional laws of Py, and Py agree. Because n was arbitrary,
we find that 6, and 0 are equivalent.

What remains to do is thus to prove (6.16). To that end, put Uy, (0) =
log po(Y1:n|Y—mi1:—k, X—m = ) and U(0) = log pp(Y1.). Obviously, it is enough
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to prove that for all 6§ € ©,

khigo Eg, [sup |Ug,m (0) — U(9)|] =0. (6.17)

m>k

To do that we write

20 Vion|Yomitss X = ) = / / po (Y| Xo = 0) QF (2, dao)
X PG(X—k edr_y |Y—m+1:—ka X = 1’)

and
po(Yim) = / / po(Yin| Xo = 70) Qb (k. davo) m(d_4)

where 7y is the stationary distribution of {Xj}. Realizing that pg(Y1.,|Xo = x0)
is bounded from above by (b7)" (condition on Xj.,!) and that the transition ker-
nel Qp satisfies the Doeblin condition (see Definition 50) and is thus uniformly
geometrically ergodic (see Definition 53 and Lemma 51), we obtain

D (o (Vion Vot Xom = ) = o (Vin)| < (07)" (1 = 07" (6.18)

Py, -a.s.. Moreover, the bound

pG(Y1:n|XO :IO) = / /H 1'1 1,5 99(551; 1) /\(dmz)

Sl

implies that pg(Y1.n|Y—_m+1.—k, X—m = ) and py(Y7.,) both obey the same lower

bound. Combined with the observation b Y;) > 0 Py, -a.s., which follows from

Assumption 110, and the bound |log(z) —log(y)| < |z —y|/z Ay, (6.18) shows that
U(e

lim sup |Ugm(0) — )] =0 Py, -as.

k—00 yy >k

Now (6.17) follows from dominated convergence provided

Eo [sup sup Uy, m(@)} < 00 .
k m>k

Using the aforementioned bounds, we conclude that this expectation is indeed finite.

O

We remark that the basic structure of the proof is potentially applicable also to
models other than HMMs. Indeed, using the notation of the proof, we may define
¢ as £(0) = lim,,— oo Eg, [log po(Y1]Y_1n.1)], @ definition that does not exploit the
HMM structure. Then the first part of the proof, up to (6.16), does not use the
HMM structure either, so that all that is needed, in a more general framework, is
to verify (6.16) (or, more precisely, a version thereof not containing X_,,). For
particular other processes, this could presumably be carried out using, for instance,
suitable mixing properties.

The above theorem shows that the points of global maxima of /—forming the
set of possible limit points of the MLE—are those that are statistically equivalent
to 0,. This result, although natural and important (but not triviall), is however yet
of a somewhat “high level” character, that is, not verifiable in terms of “low level”
conditions. We would like to provide some conditions, expressed directly in terms of
the Markov chain and the conditional distributions gg(x,y), that give information
about parameters that are equivalent to 6, and, in particular, when there is no
other such parameter than 6,. We will do this using the framework of mixtures of
distributions.
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6.4.2 Identifiability of Mixture Densities

We first define what is meant by a mixture density.

Definition 119. Let f4(y) be a parametric family of densities on Y with respect
to a common dominating measure p and parameter ¢ in some set ®. If w is a
probability measure on ®, then the density

foly) = A foy) w(de)

is called a mixture density; the distribution 7 is called the mixing distribution.

We say that the class of (all) mixtures of (fy) is identifiable if fr = fr p-a.e.
if and only if T = 7'.

Furthermore we say that the class of finite mixtures of (fy) is identifiable if for
all probability measures ™ and © with finite support, fr = fr p-a.e. if and only if
=

In other words, the class of all mixtures of (fy4) is identifiable if the two distri-
butions with densities f; and f,/ respectively agree only when m = n’. Yet another
way to put this property is to say that identifiability means that the mapping
T — fr is one-to-one (injective). A way, slightly Bayesian, of thinking of a mixture
distribution that is often intuitive and fruitful is the following. Draw ¢ € ® with
distribution 7 and then Y from the density fs. Then, Y has density f.

Many important and commonly used parametric classes of densities are identi-
fiable. We mention the following examples.

(i) The Poisson family (Feller, 1943). In this case, Y = Z,, ® = R, ¢ is the mean
of the Poisson distribution, 4 is counting measure, and f,(y) = ¢Ye=%/y!.

(ii) The Gamma family (Teicher, 1961), with the mixture being either on the scale
parameter (with a fixed form parameter) or on the form parameter (with a
fixed scale parameter). The class of joint mixtures over both parameters is not
identifiable however, but the class of joint finite mixtures is identifiable.

(iii) The normal family (Teicher, 1960), with the mixture being either on the mean
(with fixed variance) or on the variance (with fixed mean). The class of joint
mixtures over both mean and variance is not identifiable however, but the class
of joint finite mixtures is identifiable.

(iv) The Binomial family Bin(N, p) (Teicher, 1963), with the mixture being on the
probability p. The class of finite mixtures is identifiable, provided the number
of components k of the mixture satisfies 2k — 1 < V.

Further reading on identifiability of mixtures is found, for instance, in Titterington
et al. (1985, Section 3.1).

A very useful result on mixtures, taking identifiability in one dimension into
several dimensions, is the following.

Theorem 120 (Teicher, 1967). Assume that the class of all miztures of the family
(fo) of densities on Y with parameter ¢ € ® is identifiable. Then the class of all
mixtures of the n-fold product densities fqgn)(y) = fo. (1) fp,(yn) on y € Y"
with parameter ¢ € @™ is identifiable. The same conclusion holds true when “all
miztures” is replaced by “finite miztures”.
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6.4.3 Application of Mixture Identifiability to Hidden Markov
Models

Let us now explain how identifiability of mixture densities applies to HMMs. As-
sume that { Xy, Y3} is an HMM such that the conditional densities gg(x, y) all belong
to a single parametric family. Then given X = x, Y} has conditional density g¢)
say, where ¢(z) is a function mapping the current state z into the parameter space
® of the parametric family of densities. Now assume that the class of all mixtures
of this family of densities is identifiable, and that we are given a true parameter
0, of the model as well as an equivalent other parameter 6. Associated with these
two parameters are two mappings ¢.(x) and ¢(z), respectively, as above. As 6,
and 6 are equivalent, the n-dimensional restrictions of Py, and Py coincide; that
is, Py, (Y1., € -) and Pg(Y7., € -) agree. Because the class of all mixtures of (g,)
is identifiable, Theorem 120 tells us that the m-dimensional distributions of the
processes {¢,(Xx)} and {¢(X)} agree. That is, for all subsets A C @,

PQ*{(¢*(X1)a ¢*(X2)a RS ¢*(Xn)) € A}
= PO{(¢(X1)7 ¢(X2), ceey (b(Xn)) € A} :

This condition is often informative for concluding 6 = 6,.

Example 121 (Normal HMM). Assume that X is finite, say X = {1,2,...,r},
and that Y| Xy = i ~ N(u;,0?). The parameters of the model are the transition
probabilities g;; of {Xy}, the u; and o2. We thus identify ¢(z) = p,. If 0, and
0 are two equivalent parameters, the laws of the processes {px,} and {ux,} are
thus the same, and in addition 02 = ¢2. Here j,; denotes the u;-component of 6,
etc. Assuming the p,; to be distinct, this can only happen if the sets {x1, .. ., fhar}
and {p1,...,u} are identical. We may thus conclude that the sets of means must
be the same for both parameters, but they need not be enumerated in the same
order. Thus there is a permutation {c¢(1),¢(2),...,¢(r)} of {1,2,...,r} such that
e(i) = fwi for all i € X. Now because the laws of {.x, } under Py, and {pq(x,)}
under Py coincide with the p;s being distinct, we conclude that the laws of {X}}
under Py, and of {¢(Xy)} under Py also agree, which in turn implies g.ij = Ge(i),c(j)
for all 4,5 € X.

Hence any parameter 6 that is equivalent to 6, is in fact identical, up to a
permutation of state indices. Sometimes the parameter space is restricted by, for
instance, requiring the means u; to be sorted: u; < pe < ... < p, which removes
the ambiguity.

In the current example, we could also have allowed the variance 02 to depend
on the state, Y;| Xy =i ~ N(;, 02), reaching the same conclusion. The assumption
of conditional normality is of course not crucial either; any family of distributions
for which finite mixtures are identifiable would do.

Example 122 (General Stochastic Volatility). In this example, we consider a
stochastic volatility model of the form Y;|X;, = = € N(0,02%(x)), where o?(z) is
a mapping from X to R;. Thus, we identify ¢(z) = o?(x). Again assume that we
are given a true parameter 6, as well as another parameter 6, which is equivalent to
0,. Because all variance mixtures of normal distributions are identifiable, the laws
of {02(X})} under Py, and of {0?(X})} under Py agree. Assuming for instance
that o2(z) = 0?(x) = x (and hence also X C R, ), we conclude that the laws of
{ X} under Py, and Py, respectively, agree. For particular models of the transition
kernel @ of {X}}, such as the finite case of the previous example, we may then be
able to show that 6 = 6, possibly up to a permutation of state indices.

Example 123. Sometimes a model with finite state space is identifiable even
though the conditional densities g(z,-) are identical for several x. For instance,
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consider a model on the state space X = {0,1,2} with Y| X} =i ~ N(u;,0?), the
constraints pg = p1 < pe, and transition probability matrix

qoo qo1 O
Q= qi0 411 qi12
0 qa1 qoo

The Markov chain {X}} is thus a (discrete-time) birth-and-death process in the
sense that it can change its state index by at most one in each step. This model
is similar to models used in modeling ion channel dynamics (cf. Fredkin and Rice,
1992). Because u; < po, we could then think of states 0 and 1 as “closed” and of
state 2 as “open”.

Now assume that 6 is equivalent to 6,. Just as in Example 121, we may then
conclude that the law of {{.x, } under Py, and that of {ux, } under Py agree, and
hence, because of the constraints on the us, that the laws of {1(X, € {0,1}) +
1(Xx = 2)} under Py, and Py agree. In other words, after lumping states 0 and
1 of the Markov chain we obtain processes with identical laws. This in particular
implies that the distributions under Py, and Py of the sojourn times in the state
aggregate {0,1} coincide. The probability of such a sojourn having length 1 is g;a,
whence g2 = ¢412 must hold. For length 2, the corresponding probability is ¢11¢12,
whence q11 = ¢x11 follows and then also q19 = gx10 as rows of  sum up to unity.
For length 3, the probability is ¢7;q12 + q10901¢12, so that finally qo1 = quo1 and
qoo = qx00- We may thus conclude that 8 = 0, that is, the model is identifiable.
The reason that identifiability holds despite the means u; being non-distinct is the
special structure of ). For further reading on identifiability of lumped Markov
chains, see Ito et al. (1992).

6.5 Asymptotic Normality of the Score and Con-
vergence of the Observed Information

We now turn to asymptotic properties of the score function and the observed in-
formation. The score function will be discussed in some detail, whereas for the
information matrix we will just state the results.

6.5.1 The Score Function and Invoking the Fisher Identity

Define the score function
Voluyn(0) =Y Volog [/ 90(xk, Yi) Po(Xk € dag | Yoik—1,Xo =20)| . (6.19)
k=0

To make sure that this gradient indeed exists and is well-behaved enough for our
purposes, we make the following assumptions.

Assumption 124. There exists an open neighborhood U = {0 : |0 — 0,| < 6} of 0,
such that the following hold.

(i) For all (x,2') € X x X and all y € Y, the functions 0 — qp(z,2’) and 6 —
go(x,y) are twice continuously differentiable on U.
(ii)
sup sup || Vg log go(z,2")|| < oo
oeU x,x’

and

supsup || V2 log g (z, 2)|| < oo .
0eU x,x’
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(iii)

Eg, {supsupHVe 10g90(33’Y1)|2} <0
ocU =«

and

Ea. [supsup V3 og g, V)] < oo
ocU =x

(iv) For p-almost ally € Y, there exists a function f, : X — Ry in LY(\) such that
SUPgey 9o (2, y) < fy(@).

(v) For A-almost all x € X, there exist functions fl:Y — Ry and f2:Y — R, in
L' () such that [Voge(z,y)|l < fz(y) and [[Vige(z,y)ll < f3(y) for all 6 € U.

These assumptions assure that the log-likelihood is twice continuously differen-
tiable, and also that the score function and observed information have finite mo-
ments of order two and one, respectively, under Py . The assumptions are natural
extensions of standard assumptions that are used to prove asymptotic normality of
the MLE for i.i.d. observations. The asymptotic results to be derived below are valid
also for likelihoods obtained using a distribution vy for Xy (such as the stationary
one), provided this distribution satisfies conditions similar to the above ones: for all
x € X, 0 — vy(x) is twice continuously differentiable on U, and the first and second
derivatives of 6 — logvg(x) are bounded uniformly over § € U and z € X.

We shall now study the score function and its asymptotics in detail. Even
though the log-likelihood is differentiable, one must take some care to arrive at an
expression for the score function that is useful. A tool that is often useful in the
context of models with incompletely observed data is the so-called Fisher identity,
which we encountered in Section 5.1.3. Invoking this identity, which holds in a
neighborhood of 6§, under Assumption 124, we find that (cf. (5.28))

Volyyn(0) = Volog go(xo, Yo) + Eg que(Xk—th, Yi)
=1

Yo, Xo = Io] ,

(6.20)
where ¢g(z,2',y") = Vgloglge(x,2")go(z',y’)]. However, just as when we obtained
a law of large numbers for the normalized log-likelihood, we want to express the
score function as a sum of increments, conditional scores. For that purpose we write

Volaon(0) = Volug 0(0)+ Y {Volugi(0) = Volugs-1(0)} =D i o.4,(0) , (6:21)
k=1 k=0
where h0,0,xo = Vg log gg(z0,Yp) and, for k > 1,

k
hioa(0) = Eg l2¢>e(xi17x¢,m)

i=1

Yox, Xo = x]

k—1
—Ey lz ¢o(Xi—1, Xi, Vi)

=1

Yoik—1,X0 = x] .

Note that hk707m(0) is the gradient with respect to 6 of the conditional log-likelihood
hi0,2(6) as defined in (6.7). It is a matter of straightforward algebra to check that
(6.20) and (6.21) agree.
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6.5.2 Construction of the Stationary Conditional Score

We can extend, for any integers k > 1 and m > 0, the definition of h;.c,o@ (9) to

k
R, (0) = Eel > be(Xi1, X0, Vi) Ym+1:k,Xm=x]

i=—m-+1

k-1
—Ey Z ¢o(Xi—1,X:,Y5)

i=—m-+1

Y—m,—i—l:k—h X—m = £C‘|

with the aim, just as before, to let m — oo. This will yield a definition of hk,m(e);
the dependence on z will vanish in the limit. Note however that the construction
below does not show that this quantity is in fact the gradient of hj - (6), although
one can indeed prove that this is the case.

As noted in Section 6.1, we want to prove a central limit theorem (CLT) for the
score function evaluated at the true parameter. A quite general way to do that is to
recognize that the corresponding score increments form, under reasonable assump-
tions, a martingale increment sequence with respect to the filtration generated by
the observations. This sequence is not stationary though, so one must either use a
general martingale CLT or first approximate the sequence by a stationary martin-
gale increment sequence. We will take the latter approach, and our approximating
sequence is nothing but {f o0 (6,)}.

We now proceed to the construction of ﬁk,oo(ﬁ). First write ﬁkm,x(ﬁ) as

Pome(0) = Eoloo(Xn_1, Xn, Yi) | Yomiihy X m = 7
k—1
+ Y (Boloe(Xio1, X0, Vi) | Yompai, X = 1]
i=—m-+1

—Eo[to(Xi—1, X3, Y3) | Yo pms1—1, X = 2]) . (6.22)

The following result shows that it makes sense to take the limit as m — oo in the
previous display.

Proposition 125. Assume 108, 109, and 124 hold. Then for any integers 1 < i <
k, the sequence {Eg[og(X;—1,X:,Y:) | Yomit1:k, Xom = &) }m>0 converges Py, -a.s.
and in L*(Py, ), uniformly with respect to 0 € U and x € X, as m — oo. The limit
does not depend on x.

We interpret and write this limit as Eg[ég(Xi—1, X, Yi) | Y—oo:k]-

Proof. The proof is entirely similar to that of Proposition 112. For any (z,2’) €
X x X and non-negative integers m’ > m,

‘E9[¢6(Xi—1,Xia Yi) | Yo g1k, Xom = 7]
_ EG[(ZSO(Xifleia }/'-L) | Yle’#’lzkaXfm/ — x/H

= ’// Go(xi—1,24,Y:) Qo(xi—1,dx;)
X PO(Xi—l € d$i—1 ‘Y—m-‘rl:lmX—m = x—m)
X [0p(dr_p) —Po(X_pp €dr_pn | Yor i1k, Xy = 2')]

< 2sup gy (w, 2’ Y3) [T (6.23)
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where the inequality stems from (6.5). Setting x = 2’ in this display shows that
{Eglpo(Xi—1, X, Y3) | Yo t1:6, X—m = &]}m>0 is a Cauchy sequence, thus converg-
ing Py, -a.s. The inequality also shows that the limit does not depend on x. More-
over, because for any non-negative integer m, x € X and 6 € U,

||E9[¢9(Xi—l7Xia Y;) |Y—m.+1:k; X = ZL’]” < Sul? ||¢9(£L’,x/,}/;)||

with the right-hand side belonging to L?(Pg,). The inequality (6.23) thus also
shows that {Eg[¢e(Xi—1,X:,Y:) | Yormt1:6, X—m = &]}m>0 is a Cauchy sequence in
L?(Pg,) and hence converges in L?(Py, ). O

With the sums arranged as in (6.22), we can let m — oo and define, for k& > 1,

P00 (0) = Eglo (X1, Xi, Vi) | Yoook]
k—1
+ Y (Boldo(Xi1, X3, Vi) | Voaok] — EBoloo(Xio1, X6, Vi) [ Yoooik]) -

i=—00

The following result gives an L2-bound on the difference between hkﬂn,m(G) and
Poge.00 (6).

Lemma 126. Assume 108, 109, 110, and 124 hold. Then for k > 1,

(Eg [l (0) — P00 (8)]1%)'2

1/2 pthm)/2-1
1—-p

< 12 (Ee l sup [|po(z, 2/, V)|

z,x’eX

Proof. The idea of the proof is to match, for each index ¢ of the sums expressing
hie.m,z(0) and hy oo (), pairs of terms that are close. To be more precise, we match

1. The first terms of hkmi(H) and h,m(e);
2. For 7 close to k,
Egloo(Xiz1, X3, Y3) | Yorgin, Xom =

and
EG[(bG(Xiflv Xi; Y"L) | ono:k] )

and similarly for the corresponding terms conditioned on Y_,,41.x—1 and
Y_ o:k—1, respectively;

3. For ¢ far from k,
Eoloo(Xi—1, X5, Yi) | Yo ry1h, X = 2]

and
Eo[oo(Xi—1, X3, Yo) | Yo py1k—1, Xy = 2,

and similarly for the corresponding terms conditioned on Y_ .. and Y_ 0.1,
respectively.

We start with the second kind of matches (of which the first terms are a special
case). Taking the limit in m’ — oo in (6.23), we see that
| Eo[do(Xi—1, X3, Yi) | Yorgrie, Xom = @] — Eo[¢o(Xi—1, Xi, Y5) [ Yooous] |
<2 sup ||¢0(x7x/’Yi)Hp(i_l)+m .
€

x,z’
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This bound remains the same if k is replaced by k — 1. Obviously, it is small if 7 is
far away from m, that is, close to k.

For the third kind of matches, we need a total variation bound that works
“backwards in time”. Such a bound reads

”PG(XZ S ‘ Yfm+1:kaXfm = LL‘)
—Po(Xi €[ Yomirh-1, X = 2)|lpy < P17

The proof of this bound is similar to that of Proposition 61 and uses the time-
reversed process. We postpone the proof to the end of this section. We may also let
m — oo and omit the condition on X_,, without affecting the bound. As a result
of these bounds, we have

H E9[¢9(Xi—1aXi75/i) ‘ Y—m+1:k7X—7rz = x]
—Eglo(Xi—1, X6, V) | Yommg1k—1, X o = ||
< 2 sup [gp(z, 2, Yy)|lp" 1,
ex

x,x!

with the same bound being valid if the conditioning is on Y_.;x and Y_o.k_1,
respectively. This bound is small if ¢ is far away from k.

Combining these two kinds of bounds and using Minkowski’s inequality for the
L?-norm, we find that (Eg ||Ag.m.2(0) — hk.oo(8)]|?)'/? is bounded by

k—1 —-m
2pk:+m—1 + 2% 2 Z (pk:—i—l A pi+m—1) + 2 Z pk‘—’i—l
i=—m-+1 i=—00
prtm=t k—io1 itm—1
AL I S r D
P —oco<i<(k—m)/2 (k—m)/2<i<oc0

plltm)/2-1

12
L—p

up to the factor (Egsup, ,cx [|¢o(x,2’,Y;)[|?)*/2. The proof is complete. O

We now establish the “backwards in time” uniform forgetting property, which
played a key role in the above proof.

Proposition 127. Assume 108, 109, and 110 hold. Then for any integers i, k,
and m such that m > 0 and —m < i < k, any x—_p € X, Y—m+1:k € Yktm and
0el,

||P9(X7, € ‘ Y7m+1:k = y7m+1:k7Xfm = .’E,m)

—Po(Xi €| Yottt = Yomitiha1, X = o) |l py < pk—l—i '

Proof. The cornerstone of the proof is the observation that conditional on Y_,,, 1.
and X_,,, the time-reversed process X with indices from k down to —m is a non-
homogeneous Markov chain satisfying a uniform mixing condition. We shall indeed
use a slight variant of the backward decomposition developed in Section 2.3.2. For
any j = —m+1,...,k— 1, we thus define the backward kernel (cf. (2.39)) by

Bo, ily-ms1sl(@, ) =
ff HJ zfm+1 Q(xu—lyxu)g(wmyu) )‘(dxu) f(xj)Q(Iﬁx)
f e f Hi:7m+1 Q(xufh Ty)g(Tu, yu) A(dz.,) Q(xjﬁ )

(6.24)
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for any f € Fy (X). For brevity, we do not indicate the dependence of the quantities
involved on 6. We note that the integral of the denominator of this display is
bounded from below by (o)™ [T2 . [ go(2u,yu) A(dz,), and is hence positive
Py, -a.s. under Assumption 110.

It is trivial that for any x € X,

// H q(Tu—1,2u)g(Tu, Yu) Mdwy) f(xj)q(xj’z) =

u=—m-+1
J
/ e / H Q(xufla xu)g(xua yu) /\(dxu) Q(xjv x)Bm_m,j [y7m+1:j}(x7 f) )
u=—m-+1

which implies that

Eq [f(X]) |Xj+1:k:7 Yferl:k = y*m+1:k7Xfm = LL’]
=Bo . ily-m+15](Xjt1, f) -

This is the desired Markov property referred to above.

Along the same lines as in the proof of Proposition 64, we can show that the
backward kernels satisfy a Doeblin condition,

o~ ot
—FVEom [W—mt15] < Ba_,, jly-mr15](@, ) < F”xﬂma‘[y—mﬂ:j] ;

where for any f € Fy, (X),

e f...fni:ierlqg(wufhmu)g@(xuayu))\(d.’Eu) f(x;) .
@ o [Y—mt1j [ ST i1 90(Tue1, ) g0 (T yu) M)

Thus Lemma 51 shows that the Dobrushin coefficient of each backward kernel is
bounded by p=1—0"/ot.
Finally
PQ(Xz S | Y—m+1:k—1 = y—m+l:k—17X—m = x—m)
= /Pe(Xi €Y pmt1k—1 = Yomt1ih—1, Xom = T, Xp—1 = Th—1)

X P@(Xk—l € dxk—l |Y—m+1:k—1 = y—m+1:k—17X—m = x—m)
and

PG(X1 € - | Y7m+1:k = y7m+1:k7X7m = $,m)
= /PQ(Xi €Y ikt =Y-mitk—1, Xm =T, Xp1 = Tp_1)
X PG(kal € drg_1 | Yferl:k = yferl:kaXfm = 1',m) ’
so that the two distributions on the left-hand sides can be considered as the result
of running the above-described reversed conditional Markov chain from index k — 1

down to index ¢, using two different initial conditions. Therefore, by Proposition 48,
they differ by at most p*~!~% in total variation distance. The proof is complete. [
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6.5.3 Weak Convergence of the Normalized Score

We now return to the question of a weak limit of the normalized score n=/2 "7 _ T 0,20 (0)-
Using Lemma 126 and Minkowski’s inequality, we see that

o 1/2

Eo,

023 (g (02) — e (02)
k=0

—0 asn— o0,

" - _ 1/2
< nl/? Z {Ee* [ ke,0,20 (05) — hkﬁfx’(e*)”z}

k=0

whence the limiting behavior of the normalized score agrees with that of n=/2 31" Tk o0 (65)-
Now define the filtration F by Fi = o(Y;, —oo < i < k) for all integer k. By con-
ditional dominated convergence,

k—1
Eo, [ > (B, [po, (Xiz1, X5, Vi) | Yeooun]

1=—00

— Eo, [¢0, (Xi—1, X:,Y3) | Yoook—1]) | Frm1] =0,

and Assumption 124 implies that

E9* [Q/)@* (Xk—la Xka Yk) | Y—OC:k—l]
= Eo, [Eq, [00, (Xt—1, X, Vi) | Yoooik—1, Xp—1] | F—1] = 0.

It is also immediate that hg, o (64) is Fr-measurable. Hence the sequence {hy o (6x) } x>0
is a Py, -martingale increment sequence with respect to the filtration {Fy}r>o in
L?(Pg, ). Moreover, this sequence is stationary because {Yi} _co<k<oo iS. Any sta-
tionary martingale increment sequence in L?(Pg,) satisfies a CLT (Durrett, 1996,

p. 418), that is, n=/2 30 g oo (65) — N(0, T (6,)) Pg,-weakly, where

T (02) < Eg, [h1,00(8.)1t% 0 (6.)] (6.25)

is the limiting Fisher information.
Because the normalized score function has the same limiting behavior, the fol-
lowing result is immediate.

Theorem 128. Under Assumptions 108, 109, 110, and 124,
n_l/QV‘gEIO,n(H*) — N(0,7(64)) Py, -weakly
for all xg € X, where J(0,) is the limiting Fisher information as defined above.

We remark that above, we have normalized sums with indices from 0 to n, that
is, with 7 + 1 terms, by n'/? rather than by (n + 1)*/2. This of course does not
affect the asymptotics. However, if J(6,) is estimated for the purpose of making a
confidence interval for instance, then one may well normalize it using the number
n + 1 of observed data.

6.5.4 Convergence of the Normalized Observed Information

We shall now very briefly discuss the asymptotics of the observed information ma-
trix, fvgzxoyn(e). To handle this matrix, one can employ the so-called missing
information principle (see Section 5.1.3 and (5.29)). Because the complete infor-
mation matrix, just as the complete score, has a relatively simple form, this principle
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allows us to study the asymptotics of the observed information in a fashion similar
to what was done above for the score function. The analysis becomes more difficult
however, as covariance terms, arising from the conditional variance of the complete
score, also need to be accounted for. In addition, we need the convergence to be
uniform in a certain sense. We state the following theorem, whose proof can be
found in Douc et al. (2004).

Theorem 129. Under Assumptions 108, 109, 110, and 124,

lim lim  sup ||(—=n " 'Vile, n(0)) — T (0:)]| =0 Py, -a.s.
d—0n—oo |0—0,]<6

for all xg € X.

6.5.5 Asymptotics of the Maximum Likelihood Estimator

The general arguments in Section 6.1 and the theorems above prove the following
result.

Theorem 130. Assume 108, 109, 110, 114, and 124, and that 6, is identifiable,
that is, 0 is equivalent to 0, only if 0 = 0, (possibly up to a permutation of states if
X is finite). Then the following hold true.

(i) The MLE §n = @DO,“ is strongly consistent: é\n — 0, Py, -a.s. as n — oo.

(ii) If the Fisher information matriz J(64) defined above is non-singular and 0, is
an interior point of ©, then the MLE is asymptotically normal:

n1/2(§n —0,) = N(0,7(0,)"") Pg,-weakly as n — oo
for all xg € X.

(iti) The normalized observed information at the MLE is a strongly consistent esti-

mator of J(0,):

—n—lvgzwo,n(é\n) — J(0s) Py, -a.s. as n — oc.

As indicated above, the MLE §n depends on the initial state xg, but that de-
pendence will generally not be included in the notation.

The last part of the result is important, as is says that confidence intervals
or regions and hypothesis tests based on the estimate —(n + 1)7'V24,, ,,(6,,) of
J(0,) will asymptotically be of correct size. In general, there is no closed-form
expression for J(f,), so that it needs to be estimated in one way or another.
The observed information is obviously one way to do that, while another one
is to simulate data Y75, from the HMM, using the MLE, and then computing

—(N + 1)_1V3€$0’N(§n) for this set of simulated data and some xy. An advan-
tage of this approach is that N can be chosen arbitrarily large. Yet another
approach, motivated by (6.25), is to estimate the Fisher information by the em-
pirical covariance matrix of the conditional scores of (6.19) at the MLE, that

~ o~ ~ —

is, by (n + 1)1 > o [Skik—1(6n) — S(0)][Skk—1(0n) — S(0n)]" with Sgjp_1(0) =
V010 | 9o (. Yi) G b1 [Your—1](da:6) and S(8) = (n+1)~L S0 Sy (6). This
estimate can of course also be computed from estimated data, then using an ar-
bitrary sample size. The conditional scores may be computed as Sgp—1(0) =
Vola, 1:(0) — Volsy, k—1(0), where the scores are computed using any of the methods
of Section 5.2.3.
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6.6 Applications to Likelihood-based Tests

The asymptotic properties of the score function and observed information have
immediate implications for the asymptotics of the MLE, as has been described in
previous sections. However, there are also other conclusions that can be drawn from
these convergence results.

One such application is the validity of some classical procedures for testing
whether 6, lies in some subset, O say, of the parameter space ©. Suppose that
Oy is an (dg — s)-dimensional subset that may be expressed in terms of constraints
R;(6) =0,4i=1,2,...,s, and that there is an equivalent formulation 6; = b;(7),
i=1,2,...,dg, where v is the “constrained parameter” lying in a subset I' of R%~5,
We also let v, be a point such that 6, = b(~,). Each function R; and b; is assumed
to be continuously differentiable and such that the matrices

Cg = <8R1> and D’y = <8bl>
aaj S><d9 8/}/‘7 ng(dg*S)

have full rank (s and dg—s respectively) in a neighborhood of 6, and ., respectively.

Perhaps the simplest example is when we want to test a simple (point) null
hypothesis 6, = 6y versus the alternative 0, # 6. Then, we take R;(0) = 0; — 0o,
and b;(y) = 0;p for i = 1,2,...,dp. In this case, 7 is void as s = dy and hence
dg — s = 0. Furthermore, C' is the identity matrix and D is void.

Now suppose that we want to test the equality 6; = 0;¢ only for i in a subset K
of the dy coordinates of 6, where K has cardinality s. The constraints we employ
are then R;(0) = 6; — 0y, for i € K; furthermore, v comprises ; for i ¢ K and, using
the dyp — s indices not in K for v, b;(y) = 0y; for i € K and b;(y) = ~; otherwise.
Again it is easy to check that C and D are constant and of full rank.

Example 131 (Normal HMM). A slightly more involved example concerns the
Gaussian hidden Markov model with finite state space {1,2,...,r} and conditional
distributions Y| Xy =i ~ N(u;,02). Suppose that we want to test for equality of
all of the r component-wise conditional variances o?: 0% = 03 = ... = 02. Then,
the R-functions are for instance o7 — o2 for i = 1,2,...,7 — 1. The parameter 7 is
obtained by removing from 6 all 0? and then adding a common conditional variance
0?; those b-functions referring to any of the o2 evaluate to o?. The matrices C' and

D are again constant and of full rank.

A further application, to test the structure of conditional covariance matrices in
a conditionally Gaussian HMM with multivariate output, can be found in Giudici
et al. (2000).

There are many different tests available for testing the null hypothesis 6, € O
versus the alternative 6, € © \ ©p. One is the generalized likelihood ratio test,
which uses the test statistic

Ap =2 {sup lyon(0) — sup zwo’n(e)} .
0cO €06,

Another one is the Wald test, which uses the test statistic
W, = nR(0,)"[C;. jn(Hn)‘ng”]‘lR(en) ,

where R(6) is the sx 1 vector of R-functions evaluated at 0, and 7,,(0) = —n~"1V24,, »(0)
is the observed information evaluated at 6. Yet another test is based on the Rao
statistic, defined as

Vi =118 (00) T (00) 71 S (6)"
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where 52 is the MLE over Oy, that is, the point where ¢, ,,(0) is maximized subject
to the constraint R;(0) =0, 1 < ¢ < s, and S, (0) = Vgly, »(0) is the score function
at 6. This test is also known under the names efficient score test and Lagrange
multiplier test. The Wald and Rao test statistics are usually defined using the true
Fisher information [J(#) rather than the observed one, but as J () is generally
infeasible to compute for HMMs, we replace it by the observed counterpart.

Statistical theory for i.i.d. data suggests that the likelihood ratio, Wald and
Rao test statistics should all converge weakly to a y? distribution with s degrees of
freedom provided 8, € ©¢ holds true, so that an approximate p-value of the test of
this null hypothesis can be computed by evaluating the complementary distribution
function of the x?2 distribution at the point \,, W,, or V,,, whichever is preferred.
We now state formally that this procedure is indeed correct.

Theorem 132. Assume 108, 109, 110, 114, and 124 as well as the conditions
stated on the functions R; and b; above. Also assume that 0, is identifiable, that is,
0 is equivalent to 0, only if 0 = 0, (possibly up to a permutation of states if X is
finite), that J(64) is non-singular, and that 0, and v, are interior points of © and
T, respectively. Then if 0, € Og holds true, each of the test statistics \,,, W, and
V,. converges Py, -weakly to the x? distribution as n — oo.

The proof of this result follows, for instance, Serfling (1980, Section 4.4). The im-
portant observation is that the validity of the proof does not hinge on independence
of the data but on asymptotic properties of the score function and the observed
information, properties that have been established for HMMs in this chapter.

It is important to realize that a key assumption for Theorem 132 to hold is that
0, is identifiable, so that 6,, converges to a unique point ,. As a result, the theorem
does not apply to the problem of testing the number of components of a finite state
HMM. In the normal HMM for instance, with Y;|Xy; = i ~ N(u;,02), one can
indeed effectively remove one component by invoking the constraints p; —ps = 0 and
0? — 02 =0, say. In this way, within ©g, components 1 and 2 collapse into a single
one. However, any 6 € Oy is then non-identifiable as the transition probabilities ¢12
and ¢o1, among others, can be chosen arbitrarily without changing the dynamics of
the model.
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Chapter 7

Elements of Markov Chain
Theory

7.1 Chains on Countable State Spaces

We review the key elements of the mathematical theory developed for studying the
limiting behavior of Markov chains. In this first section, we restrict ourselves to
the case where the state space X is countable, which is conceptually simpler. On
our way, we will also meet a number of important concepts to be used in the next
section when dealing with Markov chains on general state spaces.

7.1.1 Irreducibility

Let { X }r>0 be a Markov chain on a countable state space X with transition matrix
Q. For any = € X, we define the first hitting time o, on x and the return time 7,
to x respectively as

o, = inf{n>0:X,=xa}, (7.1)
inf{n >1:X, ==z}, (7.2)

Tz

where, by convention, inf ) = +o0o0. The successive hitting times ag(c") and return

times Tén)7 n > 0, are defined inductively by

0 — U:(El) = 04, aff’"’l) = inf{k > Ug(cn) D Xy =},
0 =0, T:,(;l) = Ty, T£n+1) = inf{k > Ta(:n) P Xy =}

For two states x and y, we say that state = leads to state y, which we write
z — vy, if Py(o, < 00) > 0. In words, = leads to y if the state y can be reached
from x. An alternative, equivalent definition is that there exists some integer n > 0
such that the n-step transition probability Q" (z,y) > 0. If both = leads to y and y
leads to x, then we say that the z and y communicate, which we write x < y.

Theorem 133. The relation “—7” is an equivalence relation on X.

Proof. We need to prove that the relation « is reflexive, symmetric, and transitive.
The first two properties are immediate because, by definition, for all x,y € X, x < =
(reflexivity), and z < y if and only if y <> = (symmetry).

For any pairwise distinct z,y,z € X, {0, + 0, 067v < 0o} C {0, < oo} (if the
chain reaches y at some time and later z, it certainly reaches z). The strong Markov

147



148 CHAPTER 7. ELEMENTS OF MARKOV CHAIN THEORY

property (Theorem 6) implies that
P02 < 00) 2 Py(oy 40206077 <00) = Eu[lis, <oc} Lo, <00} © 077
= Ex[1{0y<oo} PXay (0, < 00)] =Pyloy < 00)Py(o, < 00) .

In words, if the chain can reach y from x and z from y, it can reach z from x by
going through y. Hence if z — y and y — z, then x — z (transitivity). O

For z € X, we denote the equivalence class of x with respect to the relation “~”
by C(x). Because “«” is an equivalence relation, there exists a collection {z;} of
states, which may be finite or infinite, such that the classes {C(z;)} form a partition
of the state space X.

Definition 134 (Irreducibility). If C(xz) = X for some x € X (and then for all
x € X), the Markov chain is called irreducible.

7.1.2 Recurrence and Transience

When a state is visited by the Markov chain, it is natural to ask how often the state
is visited in the long-run. Define the occupation time of the state x as

def Z ]l _ Z ]l{géj)<oo} )
j=1

If the expected number of visits to « starting from = is finite, that is, if E, [,] < oo,
then the state z is called transient. Otherwise, if E;[n,] = oo, x is said to be
recurrent. When X is countable, the recurrence or transience of a state x can be
expressed in terms of the probability P, (7, < o) that the chain started in x ever
returns to .

Proposition 135. For any x € X the following hold true,

(i) If x is recurrent, then Py(n, = 00) =1 and Py(1y < 00) = 1.
(i) If x is transient, then Py(ny < 00) =1 and Py(m, < 00) < 1.
(iii) Ez[ng] = 1/[1 — Py(1e < 00)], with 1/0 = o0

Proof. By construction,

o0 (o)
= Pu(ne 2 k) =) Pa(olF) <o0).
k=1 k=1

Applying strong Markov property (Theorem 6) for n > 1, we obtain
(n-1)

P.(0{" < 00) = Pp(o("V) < 00, 7, 0 6% 00)

= El[l{g£"71)<oo} PXH;n,l) (Tm < OO)] .
If Ug(cnfl) < 00, then X _(n-1) =2 Py-a.s., so that
Pw(aa(sn) < 00) =Py(rp < o0) PI(U;n_l) < 00) .

By definition P, (0, < 00) = 1, whence P, (0y (m

oo
E Tz<OO 1.
n=1

< 00) = [Py(7z < 00)]""1 and
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This proves part (iii).
Now assume J: is recurrent. Then by definition E,[n,] = oo, and hence P, (7, <
o0) =1 and Py (72 )<oo)—1foralln>1 Thus 7, = 0o Py -a.s.
If x is transient then E,[n,;] < oo, which implies P, (7, < 00) < 1. O

For a recurrent state x, the occupation time of x is infinite with probability one
under P,; essentially, once the chain started from x returns to = with probability
one, it returns a second time with probability one, and so on. Thus the occupation
time of a state has a remarkable property, not shared by all random variables: if the
expectation of the occupation time is infinite, then the actual number of returns is
infinite with probability one. The mean of the occupation time of a state obeys the
so-called maximum principle.

Proposition 136. For all x and y in X,

E.[ny] = Pu(oy < 00)Ey[n,], (7.3)
with the convention 0 x oo = 0.
Proof. 1t follows from the definition that 7,1, —oy = 0 and 7y l{s, <0} = 1y ©
0°v 15, <o0}- Thus, applying the strong Markov property,

Ex [ny] = E:r[]l{ay<oo}ny] = Ez[]l{oy<oo} Ty © eay]
= Es[l{s, <0} Ex,, [my]] = Pa(oy < o00)Eyln,] .
O

Corollary 137. If E;[n,] = co for some x, then y is recurrent. If X is finite, then
there exists at least one recurrent state.

Proof. By Proposition 136, E,[n,] > Eg[n,], so that E;[n,] = oo implies that
Ey[ny] = oo, that is, y is recurrent.

Next, obviously > cy 7y = oo and thus for all € X, 37 oy Eg[n,] = co. Hence
if X is finite, given = € X there necessarily exists at least one y € X such that
E,[n,] = oo, which implies that y is recurrent. O

Our next result shows that a recurrent state can only lead to another recurrent
state.

Proposition 138. Let x be a recurrent state. Then fory € X, either of the following
two statements holds true.

(i) z leads to y, Eg[n,] = oo, y is recurrent and leads to x, and P,(1, < 00) =
Py(1: < o0) =1;

(it) x does not lead to y and Eg[n,] = 0.

Proof. Assume that z leads to y. Then there exists an integer k such that Q*(z,y) >
0. Applying the Chapman-Kolmogorov equations, we obtain Q"% (z,y) > Q" (x, z)Q*(z,y)
for all n. Hence

Ez[ny] > ZQHHC (z,y) Z (z,2)Q"(z,y) = Eu[n.]Q" (z,y) =
n=1 n=1

Thus y is also recurrent by Corollary 137. Because x is recurrent, the strong Markov
property implies that

0="Py(1s =00) > P,(1y < 00, T = 0)
=Pu(1y <00, 7, 00T = 00) = Py(1y < 00) Py(15 = 00) .
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Because z leads to y, P, (7, < c0) > 0, whence Py (7, = 00) = 0. Thus y leads to
and moreover P, (7, < co) = 1. By symmetry, P, (7, < c0) = 1.
If « does not lead to y then Proposition 136 shows that E,[n,] = 0. O

For a recurrent state x, the equivalence class C(x) (with respect to the relation
of communication defined in Section 7.1.1) may thus be equivalently defined as

Clx)={y e X:Eg[ny] =00} ={y € X: Py(ry < o0) =1} . (7.4)

If y ¢ C(z), then Py(n, = 0) = 1, which implies that P,(X, € C(x) for all
n > 0) = 1. In words, the chain started from the recurrent state = forever stays in
C(z) and visits each state of C'(z) infinitely many times.

The behavior of a Markov chain can thus be described as follows. If a chain is
not irreducible, there may exist several equivalence classes of communication. Some
of them contain only transient states, and some contain only recurrent states. The
latter are then called recurrence classes. If a chain starts from a recurrent state,
then it remains in its recurrence class forever. If it starts from a transient state, then
either it stays in the class of transient states forever, which implies that there exist
infinitely many transient states, or it reaches a recurrent state and then remains in
its recurrence class forever.

In contrast, if the chain is irreducible, then all the states are either transient or
recurrent. This is called the solidarity property of an irreducible chain. We now
summarize the previous results.

Theorem 139. Consider an irreducible Markov chain on a countable state space X.
Then every state is either transient, and the chain is called transient, or every state
is recurrent, and the chain is called recurrent. Moreover, either of the following two
statements holds true for all x and y in X.

(i) Py(1y < o0) =1, Egx[n,] = 0o and the chain is recurrent.
(i1) Py(1s < 00) < 1, Eg[ny] < 0o and the chain is transient.

Remark 140. Note that in the transient case, we do not necessarily have P, (7, <
o0) < 1 for all  and y in X. For instance, if @) is a transition matrix on N such
that Q(n,n + 1) =1 for all n, then Py (7, < 00) =1 for all £ < n. Nevertheless all
states are obviously transient because X,, = Xg + n.

7.1.3 Invariant Measures and Stationarity

For many purposes, we might want the marginal distribution of { X} not to depend
on k. If this is the case, then by the Markov property it follows that the finite-
dimensional distributions of { X} } are invariant under translation in time, and {X}}
is thus a stationary process. Such considerations lead us to invariant distributions.
A non-negative vector {7(z)},ex with the property

m(y) =) 7@)Qzy), yeX,

zeX

will be called invariant. If the invariant vector 7 is summable, then we assume it
is a probability distribution, that is, it sums to one. Such distributions are also
called stationary distributions or stationary probability measures. The key result
concerning the existence of invariant vectors is the following.

Theorem 141. Consider an irreducible recurrent Markov chain {Xi}r>0 on a
countable state space X. Then there exists a unique (up to a scaling factor) invariant
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measure w. Moreover 0 < w(z) < oo for all x € X. This measure is summable if
and only if there exists a state x such that

E.[7:] < 00 (7.5)

In this case, Ey[ry] < oo for all y € X and the unique invariant probability measure
s given by

m(x) =1/ Exlra] , xeX. (7.6)

Proof. Let Q be the transition matrix of the chain. Pick an arbitrary state z € X
and define the measure A\, by

rzl]l (Xi)| = Eq [Zﬂ Xk‘| : (7.7)

That is, A, (y) is the expected number of visits to the state y before the first return
to x, given that the chain starts in x. Let f be a non-negative function on X. Then

k=0

k=0

Using this identity and the fact that Qf(Xy) = Ei[f(Xgt1)| Fi] Ps-a.s. for all
k > 1, we find that

A(QF) = ZE (Lir,>ky QF (Xk)] ZE {Lir, iy Bolf (Xaga) | FETY

k=0

ZE (L siy f(Xis1)] lz F(Xk)
k=0
showing that A, (Qf) = Ao (f)—f(2)+E:[f(X+,)] = Ax(f). Because f was arbitrary,
we see that A\,Q = )\;; the measure )\, is invariant. For any other state y, the chain
may reach y before returning to  when starting in z, as it is irreducible. This proves
that A\;(y) > 0. Moreover, again by irreducibility, we can pick an m > 0 such that
Q™ (y,x) > 0. By invariance A\, () = > cx A(2)Q™(2,7) > A (y)Q™ (y,x), and
as Az (z) = 1, we see that A\, (y) < oo

We now prove that the invariant measure is unique up to a scaling factor. The
first step consists in proving that if 7 is an invariant measure such that 7(z) = 1,
then m > A,. It suffices to show that, for any y € X and any integer n,

)

Z B, [1,(Xg)Lir 5] - (7.8)

The proof is by induction. The inequality is immediate for n = 1. Assume that
(7.8) holds for some n > 1. Then

m(y) = Qw,y) + Y _7(z

z;éa:

(z,y) +ZE (Xn, ¥) L aye (Xe) L7, > 0]

> Q(x,y) + ZE g (X 1) Lgr, > pg1y]

n+1

= Bl (X)) lir o]
k=1
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showing the induction. We will now show that = = A,. The proof is by contradic-
tion. Assume that 7(z) > A, (z) for some z € X. Then

L=rn(z) =7Q(x) = Y m(2)Q(z,2) > Y X(2)Qz,7) = Ae(w) = 1,
zeX zeX

which cannot be true.
The measure ), is summable if and only if

Te—1
o> Y 0 = SR [z Lxems)
k=0

yeX yeX

=E.[r.] .

Thus the unique invariant measure is summable if and only if a state x satisfying
this relation exists. On the other hand, if such a state z exists then, by uniqueness
of the invariant measure, E,[1,] < oo must hold for all states y. In this case,
the invariant probability measure, 7 say, satisfies 7(z) = A (2)/ A (X) = 1/ E[72].
Because the reference state x was in fact arbitrary, we find that n(y) = 1/ E;[r]
for all states y. O

It is natural to ask what can be inferred from the knowledge that a chain pos-
sesses an invariant probability measure. The next proposition gives a partial answer.

Proposition 142. Let Q be a transition matriz and w an invariant probability
measure. Then every state x such that w(x) > 0 is recurrent. If Q is irreducible,
then it us recurrent.

Proof. Let y € X. If w(y) > 0 then Y 02 ;7Q"(y) = > oy m(y) = oco. On the other
hand, by Proposition 136,

S Q) =S w@) S Q (e, y)
n=0

n=0 reX
= Zﬂ(x) Ez[ny] < Eylny] Z m(x) = Ey[n,] . (7.9)
zeX zeX

Thus 7(y) > 0 implies E,[n,] = oo, that is, y is recurrent. O

Let { X} be an irreducible Markov chain. If there exists an invariant probability
measure, the chain is called positive recurrent; otherwise it is called null. Note that
null chains can be either null recurrent or transient. Transient chains are always
null, though they may admit an invariant measure.

7.1.4 Ergodicity

A key result for positive recurrent irreducible chains is that the transition laws
converge, in a suitable sense, to the invariant vector w. The classical result is the
following.

Proposition 143. Consider an irreducible and positive recurrent Markov chain on
a countable state space. Then for any states x and vy,

n
n_le"(x,y) —m(y) asn—o0. (7.10)

i=1
The use of the Césaro limit can be avoided if the chain is aperiodic. The simplest
definition of aperiodicity is that a state x is aperiodic if Q*(z,2) > 0 for all k
sufficiently large or, equivalently, that the period of the state x is one. The period of
x is defined as the greatest common divisor of the set I(z) = {n > 0: Q"(x,x) > 0}.

For irreducible chains, the following result holds true.
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Proposition 144. If the chain is irreducible, then all states have the same period.
If the transition matriz Q is irreducible and aperiodic, then for all x and y in X,
there exists n(x,y) € N such that Q*(x,y) > 0 for all k > n(x,y).

Thus, an irreducible chain can be said to be aperiodic if the common period of
all states is one.

The traditional pointwise convergence (7.10) of transition probabilities has been
replaced in more recent research by convergence in total variation (see Defini-
tion 39). The convergence result may then be formulated as follows.

Theorem 145. Consider an irreducible and aperiodic positive recurrent Markov
chain on a countable state space X with transition matriz Q@ and invariant probability
distribution w. Then for all initial distributions & and & on X,

16Q" — €Q |y — 0 asn — oo (7.11)

In particular, for any v € X we may set £ = 6, and £ = 7 to obtain
Q" (z,") = 7llrv =0 asn—oo. (7.12)

The proof of this result, and indeed the focus on convergence in total variation,
follows using of the coupling technique. We postpone the presentation of this tech-
nique to Section 7.2.4 because essentially the same ideas can be applied to Markov
chains on general state spaces.

7.2 Chains on (GGeneral State Spaces

In this section, we extend the concepts and results pertaining to countable state
spaces to general ones. In the following, X is an arbitrary set, and we just require
that it is equipped with a countably generated o-field X. By {Xj}r>0 we denote
an X-valued Markov chain with transition kernel ). It is defined on a probability
space (Q, F,P), and F¥ = {F };>0 denotes the natural filtration of {X}}.

For any set A € X, we define the first hitting time o4 and return time T4
respectively by

o4 = inf{n>0:X, €A}, (7.13)
74 = inf{n>1:X, €A}, (7.14)

where, by convention, inf ) = +co. The successive hitting times 01(4”) and return

times TXL), n > 0, are defined inductively by

oW =0, oV =04, o0 =inf{k > (M X} € 4},
7O =0, 7 =74, 7Y =inf{k > (M Xp € A}

We again define the occupation time n4 as the number of visits by {X;} to A,
dof
na =) 1a(Xy). (7.15)
k=0

7.2.1 Irreducibility

The first step to develop a theory on general state spaces is to define a suitable
concept of irreducibility. The definition of irreducibility adopted for countable state
spaces does not extend to general ones, as the probability of reaching single point
z in the state space is typically zero.
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Definition 146 (Phi-irreducibility). The transition kernel Q, or the Markov chain
{Xk}k>0 with transition kernel @, is said to be phi-irreducible if there exists a
measure ¢ on (X, X) such that for any A € X with ¢(A) > 0, P,(14 < 00) > 0 for
all x € X. Such a measure is called an irreducibility measure for Q.

Phi-irreducibility is a weaker property than irreducibility of a transition kernel
on a countable state space. If a transition kernel on a countable state space is
irreducible, then it is phi-irreducible, and any measure is an irreducibility measure.
The converse is not true. For instance, the transition kernel

(3 1)

on {0, 1} is phi-irreducible (47 is an irreducibility measure for Q) but not irreducible.

In general, there are infinitely many irreducibility measures, and two irreducibil-
ity measures are not necessarily equivalent. For instance, if ¢ is an irreducibility
measure and ¢ is absolutely continuous with respect to ¢, then ¢ is also an irre-
ducibility measure. Nevertheless, as shown in the next result, there exist mazimal
irreducibility measures 1, which are such that any irreducibility measure ¢ is abso-
lutely continuous with respect to 1.

Theorem 147. Let Q be a phi-irreducible transition kernel on (X, X). Then there
exists an irreducibility measure 1 such that all irreducibility measures are absolutely
continuous with respect to ¥ and for all A € X,

PY(A) >0 & Py(ta <o00) >0 forallz e X. (7.16)

Proof. Let ¢ be an irreducibility measure and ¢ € (0,1). Let ¢, be the measure
defined by ¢. = ¢ K., where K, is the resolvent kernel defined by

Kz, A) € (1-6Y Q" (2,4), zeXAeX. (7.17)
k>0

We will first show that ¢, is an irreducibility measure. Let A € X be such that
¢e(A) > 0 and define

A={zeX:Pyloa<x)>0}={reX: K(z,A) >0} . (7.18)

By definition, ¢.(A4) > 0 implies that ¢(A) > 0. Define A,, = {z € X : P,(04 <
c0) > 1/m}. By construction, A = {J,,.,Am, and because ¢(A) > 0, there exists
m such that ¢(A,,) > 0. Because ¢ is an irreducibility measure, P,(757 < o0) >0
for all x € X. Hence by the strong Markov property, for all x € X,

Pu(74 <00) > Py(rz, +0400™m <o0,75 < 00)

m

P.(r5, <o0)>0,

1
= Ex[]l{mm<oo} Px,Am (04 < o0)] > p”

showing that ¢ is an irreducibility measure.
Now for m > 0 the Chapman-Kolmogorov equations imply

/X be(dz) " Q™ (, A) = (1 — ¢) / 3 Qe A) o) < 0(4).

Therefore, if ¢.(A) = 0 then ¢ K. (A) = 0, which in turn implies ¢.(A) = 0.
Summarizing the results above, for any A € X,

P(A) >0 . ({x €X: Pylog <o0)>0})>0. (7.19)
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This proves (7.16)

To conclude we must show that all irreducibility measures are absolutely con-
tinuous with respect to ¢.. Let qg be an irreducibility measure and let C' € X be
such that ¢(C) > 0. Then ¢, ({x € X : Py(0c < 00) > 0}) = ¢(X) > 0, which, by
(7.19), implies that ¢.(C') > 0 . This exactly says that qAS is absolutely continuous
with respect to ¢.. O

A set A € X is said to be accessible for the kernel Q (or Q-accessible, or simply
accessible if there is no risk of confusion) if P, (74 < oc0) > 0 for all © € X. The
family of accessible sets is denoted XT. If v is a maximal irreducibility measure
the set A is accessible if and only if 1/(A) > 0.

Example 148 (Autoregressive Model). The first-order autoregressive model on R
is defined iteratively by X,, = ¢X,,_1+U,, where ¢ is a real number and {U,, } is an
ii.d. sequence. If T is the probability distribution of the noise sequence {U,}, the
transition kernel of this chain is given by Q(x, A) = T'(A — ¢x). The autoregressive
model is phi-irreducible provided that the noise distribution has an everywhere
positive density with respect to Lebesgue measure AP, If we take ¢ = AP it is
easy to see that whenever A\'*(A) > 0, we have I'(A — ¢x) > 0 for any x, and so
Q(x, A) > 0 in just one step.

Example 149. For simplicity, we assume here that X = R, which we equip with
the Borel o-field X = B(R?). Assume that we are given a probability density
function 7 on with respect to Lebesgue measure AP, Let r be a transition density
kernel. Starting from X, = z, a candidate transition z’ is generated from r(z,-)
and accepted with probability

Al (7.20)

The transition kernel of the Metropolis-Hastings chain is given by

Q) = [ ate.a')r(e.a) NWeb(ar)
+1,(4) /[1 —a(x, 2)r(z,z") \FP(da’) . (7.21)

There are various sufficient conditions for the Metropolis-Hastings algorithm to be
phi-irreducible (Roberts and Tweedie, 1996; Mengersen and Tweedie, 1996). For
the Metropolis-Hastings chain, it is simple to check that the chain is phi-irreducible
if for AM*P-almost all 2’ € X, the condition 7(2’) > 0 implies that r(x,z’) > 0 for
any x € X.

7.2.2 Recurrence and Transience

In view of the discussion above, it is not sensible to define recurrence and transience
in terms of the expectation of the occupation measure of a state, but for phi-
irreducible chains it makes sense to consider the occupation measure of accessible
sets.

Definition 150 (Uniform Transience and Recurrence). A set A € X is called
uniformly transient if sup,c Ez[na]l < co. A set A € X is called recurrent if
E;[na] = 400 for all z € A.

Obviously, if sup,ex Ez[na] < oo, then A is uniformly transient. In fact the
reverse implication holds true too, because if the chain is started outside A it cannot
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hit A more times, on average, than if it is started at “the most favorable location” in
A. Thus an alternative definition of a uniformly transient set is sup,cx Ez[n4] < 0.

The main result on phi-irreducible transition kernels is the following recur-
rence/transience dichotomy, which parallels Theorem 139 for countable state-space
Markov chains.

Theorem 151. Let Q be a phi-irreducible transition kernel (or Markov chain).
Then either of the following two statements holds true.

(i) Fuvery accessible set is recurrent, in which case we call Q recurrent.

(ii) There is a countable cover of X with uniformly transient sets, in which case we
call Q) transient.

In the next section, we will prove Theorem 151 in the particular case where the
chain possesses an accessible atom (see Definition 152); the proof is then very similar
to that for countable state space. In the general case, the proof is more involved. It
is necessary to introduce small sets and the so-called splitting construction, which
relates the chain to one that does possess an accessible atom.

Transience and Recurrence for Chains Possessing an Accessible Atom

Definition 152 (Atom). A set o € X is called an atom if there exists a probability
measure v on (X, X) such that Q(x, A) = v(A) for allz € o and A € X.

Atoms behave the same way as do individual states in the countable state space
case. Although any singleton {x} is an atom, it is not necessarily accessible, so that
Markov chain theory on general state spaces differs from the theory of countable
state space chains.

If « is an atom for @, then for any m > 1 it is an atom for Q™. Therefore we
denote by Q™ («, ) the common value of Q™ (z,-) for all z € «. This implies that
if the chain starts from within the atom, the distribution of the whole chain does
not depend on the precise starting point. Therefore we will also use the notation
P, instead of P, for any = € a.

Example 153 (Random Walk on the Half-Line). The random walk on the half-line
(RWHL) is defined by an initial condition Xy > 0 and the recursion

X1 = (Xi + Wie) ™, k>0, (7.22)

where {W},},>1 is an 1.i.d. sequence of random variables, independent of X, with
distribution function I' on R. This process is a Markov chain with transition kernel
Q defined by

Q(z,A) =T(A—2)+T((—oc0,—z])14(0), x€e€R;, Ae B(Ry),

where A —xz ={y —z: y € A}. The set {0} is an atom, and it is accessible if and
only if I'((—o0 ,0]) > 0.

We now prove Theorem 151 when there exists an accessible atom.

Proposition 154. Let {Xj;}r>0 be a Markov chain that possesses an accessible
atom o, with associated probability measure v. Then the chain is phi-irreducible, v
is an irreducibility measure, and a set A € X is accessible if and only if Po (14 <
o0) > 0.

Moreover, « is recurrent if and only if Py (7, < 00) = 1 and (uniformly) tran-
sient otherwise, and the chain is recurrent if a is recurrent and transient otherwise.
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Proof. For all A € X and = € X, the strong Markov property yields

Py(74 <00) 2 Po(Ta + 74 00™ < 00, Tq < 00)
z[P X, (TA < OO)]l{'ra<oo}]
Po(1a < 00) P14 < 00)

> v(A) P14 < 0) .

Because « is accessible, P, (7, < 00) > 0 for all x € X. Thus for any A € X
satisfying v(A) > 0, it holds that P, (74 < 00) > 0 for all € X, showing that v is
an irreducibility measure. The above display also shows that A is accessible if and
only if P (74 < 00).

Now let o) be the successive hitting times of « (see (7.13)). The strong Markov

property implies that for any n > 1,
Po(0(W < 00) = Py (70 < 00) Po (a1 < o0) .
Hence, as for discrete state spaces, Pa(o((l") < 00) = [Pu(7q < 00)]" 1 and E,[s] =
1/[1 =P4(74 < o0)]. This proves that « is recurrent if and only if P, (7, < c0) = 1.
Assume that « is recurrent. Because the atom « is accessible, for any = € X,

there exists r such that Q" (z,a) > 0. If A € X" there exists s such that Q%(a, A) >
0. By the Chapman-Kolmogorov equations,

S QT A) > Q(w,0) | Y Q(er0) | Q(a, 4) = o0

n>1 n>1

Hence E;[na] = oo for all z € X and A is recurrent. Because A was an arbitrary
accessible set, the chain is recurrent.

Assume now that « is transient, in which case E, (7,) < co. Then, following the
same line of reasoning as in the discrete state space case (proof of Proposition 136),
we obtain that for all x € X,

E;[na] = Po(Ta < 00) Ealnal < Eana] - (7.23)

Define B; = {z : ZZL:1 Q"(w,a) > 1/j}. Then Uj2, B; = X because a is accessible.
Applying the definition of the sets B; and the Chapman-Kolmogorov equations, we
find that

) 0o J
> Q. By) < 3 Q. By) inf j Y Qy,a
k=1 Toe=1

k=1

o j =
<jiy. / Q" (@, dy) Q' (y.0) < 72 Y QM(w,a) = 1 Eulna] < o0
k=1¢=1"5j

1 k=1

The sets B; are thus uniformly transient. The proof is complete. O

Small Sets and the Splitting Construction

We now return to the general phi-irreducible case. In order to prove Theorem 151,
we need to introduce the splitting technique. To do so, we need to define a class
of sets (containing accessible sets) that behave the same way in many respects as
do atoms. We shall see this in many of the results below, which exactly mimic the
atomic case results they generalize. These sets are called small sets.
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Definition 155 (Small Set). Let Q and v be a transition kernel and a probability
measure, respectively, on (X, X), let m be a positive integer and e € (0,1]. A set
C € X is called a (m,e,v)-small set for Q, or simply a small set, if v(C) > 0 and
forallz € C and A € X,

Q" (z,A) > ev(A) .

If e =1 then C is an atom for the kernel Q™.

Trivially, any individual point is a small set, but small sets that are not accessible
are of limited interest. If the state space is countable and @ is irreducible, then
every finite set is small. The minorization measure associated to an accessible small
set provides an irreducibility measure.

Proposition 156. Let C be an accessible (m, €,v)-small set for the transition kernel
Q on (X, X). Then v is an irreducibility measure.

Proof. Let A € X be such that v(A) > 0. The strong Markov property yields
P.(14 <00) =2 Py(1c <00, T4 007 < 00) = Ez[l{70<00} Px, (T4 < 00)] .
Because C' is a small set, for all y € C' it holds that
Py(ta <00) > Py(X,, € A) = Q™ (y, A) > ev(A) .
Because C' is accessible and v(A) > 0, for all z € X it holds that
Pu(74 < 00) > ev(A)Pyr(tc < 00) > 0.
Thus A is accessible, whence v is an irreducibility measure. O

An important result due to Jain and Jamison (1967) states that if the transition
kernel is phi-irreducible, then small sets do exist. For a proof see Nummelin (1984,
p. 16) or Meyn and Tweedie (1993, Theorem 5.2.2).

Proposition 157. If the transition kernel Q on (X, X) is phi-irreducible, then every
accessible set contains an accessible small set.

Given the existence of just one small set from Proposition 157, we may show that
it is possible to cover X with a countable number of small sets in the phi-irreducible
case.

Proposition 158. Let Q be a phi-irreducible transition kernel on (X, X).

(i) If C € X is an (m,€,v)-small set and for any x € D we have Q" (x,C) > 4,
then D is (m + n, de, v)-small set.

(i) If Q is phi-irreducible then there exists a countable collection of small sets C;
such that X =, C;.

Proof. Using the Chapman-Kolmogorov equations, we find that for any « € D,
Qe )2 [ Q(rdy) Q5 A) 2 Q" (0, CYr(A) = cu(4)
c

showing part (i). Because @ is phi-irreducible, by Proposition 157 there exists an
accessible (m, e, v)-small set C. Moreover, by the definition of phi-irreducibility,
the sets C'(n,m) = {z : Q"(z,C) > 1/m} cover X and, by part (i), each C'(n,m) is
small. O

Proposition 159. If Q is phi-irreducible and transient, then every accessible small
set is uniformly transient.
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Proof. Let C be an accessible (m, €, v)-small set. If Q is transient, there exists at
least one A € X' that is uniformly transient. For § € (0,1), by the Chapman-
Kolmogorov equations,

oo

Eofnal = 3 Qe 4) > (1-8) 367 3 QM7 (a, 4)

k=0 p=0 k=0

> (1 _5) 3 o7 3 Qk('rvdxl) Qm(x/’dx//) Qp(xl/’A)
WAL

> QM C) x (1-0))_ 6"vQP(A) = eEy[nc] vEs(A)
k=0 p=0

where Kj; is the resolvent kernel (7.17). Because C' is an accessible small set,
Proposition 156 shows that v is an irreducibility measure. By Theorem 147, v K5 is a
maximal irreducibility measure, so that vK;5(A) > 0. Thus sup,cx Ex[n¢] < oo and
we conclude that C is uniformly transient (see the remark following Definition 150).

O

Example 160 (Autoregressive Process, Continued). Suppose that the noise distri-
bution in Example 148 has an everywhere positive continuous density v with respect
to Lebesgue measure A\“*. If C' = [-M, M] and € = inf|;<(144)m 7(u), then for
ACC,

Qz, A) = /A’y(x’ — ¢x)da’ > eAFP(A) .

Hence the compact set C' is small. Obviously R is covered by a countable collection
of small sets and every accessible set (here sets with non-zero Lebesgue measure)
contains a small set.

Example 161 (Metropolis-Hastings Algorithm, Continued). Similar results hold
for the Metropolis-Hastings algorithm of Example 149 if (z) and r(z,2’) are pos-
itive and continuous for all (z,2') € X x X. Suppose that C' is compact with
ALeb(C) > 0. By positivity and continuity, we then have d = sup, ¢ 7(z) < co and
€ =inf(, oyecxc q(w,2") > 0. For any A C C, define

Rx(A)déf{a:’eA: 7T(I/)Q(JJ/’JE)<1},

m(z)q(z, 2')

the region of possible rejection. Then for any = € C,

Q(z, A) Z/q(x,m/)a(x,x’)dx’

A

Thus C is small and, again, X can be covered by a countable collection of small
sets.

We now show that it is possible to define a Markov chain with an atom, the
so-called split chain, whose properties are directly related to those of the original
chain. This technique was introduced by Nummelin (1978) (Athreya and Ney,
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1978, introduced, independently, a virtually identical concept) and allows extending
results valid for Markov chain possessing an accessible atom to irreducible Markov
chains that only possess small sets. The basic idea is as follows. Suppose the chain
admits a (1,¢,v)-small set C. Then as long as the chain does not enter C, the
transition kernel @) is used to generate the trajectory. However, as soon as the
chain hits C, say X,, € C, a zero-one random variable d,, is drawn, independent of
everything else. The probability that d,, = 1 is €, and hence d,, = 0 with probability
1 —e. Then if d,, = 1, the next value X,,4; is drawn from v; otherwise X, 11 is
drawn from the kernel

R(z,A) = [1 - elo(2)] 7' [Q(x, A) — ele(z)v(4)]

with = X,. It is immediate that ev(A) + (1 — €)R(z, A) = Q(z, A) for all z € C,
$0 X,,41 is indeed drawn from the correct (conditional) distribution. Note also that
R(z,-) = Q(z,-) for x & C. So, what is gained by this approach? What is gained is
that whenever X,, € C and d,, = 1, the next value of the chain will be independent
of X,, (because it is drawn from v). This is often called a regeneration time, as
the joint chain {(X},dy)} in a sense “restarts” and forgets its history. In technical
terms, the state C' x {1} in the extended state space is as atom, and it will be
accessible provided C' is.

We now make this formal. Thus we define the so-called extended state space
as X = X x {0,1} and let X be the associated product o-field. We associate to
every measure g on (X, X) the split measure p* on (X, X) as the unique measure
satisfying, for A € X,

pr(Ax{0}) = (1= u(ANC) +pu(ANCe),
pr(AXA{1}) = ep(ANC).

If Q is a transition kernel on (X, X), we define the kernel Q* on X x X by Q*(x, A) =
[Q(x,)]*(A) for z € X and A € X.

Assume now that @ is a phi-irreducible transition kernel and let C be a (1,¢,v)-
small set. We define the split transition kernel Q on X x X as follows. For any
zeXand Ae X,

Q((z,0), A) = R*(z, A) , (7.24)

Q(w, 1), A) = *(4). (7.25)

Examining the above technicalities, we find that transitions into C° x {1} have
zero probability from everywhere, so that d,, = 1 can only occur if X,, € C'. Because
d, = 1 indicates a regeneration time, from within C, this is logical. Likewise we
find that given a transition to some y € C', the conditional probability that d,, = 1
is €, wherever the transition took place from. Thus the above split transition kernel
corresponds to the following simulation scheme for {(Xy, d)}. Assume (X, d) are
given. If X, ¢ C, then draw X1 from Q(Xk, ). If X; € C and d,, = 1, then draw
Xk41 from v, otherwise from R(Xy,-). If the realized Xy is not in C, then set
di+1 = 0; if Xj41 is in C| then set dx11 = 1 with probability €, and otherwise set
di+1 = 0.

Split measures operate on the split kernel in the following way. For any measure
poon (X, X),

pQ = (pQ). (7.26)

For any probability measure i on X, we denote by Pﬂ and Eﬂ, respectively, the
probability distribution and the expectation on the canonical space (XY, X®N) such
that the coordinate process, denoted {(Xk, dx)}r>0, is a Markov chain with initial
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probability measure ji and transition kernel Q We also denote by {ﬁk}kzo the
natural filtration of this chain and, as usual, by {F }x>0 the natural filtration of
{Xk}e>o0-

Proposition 162. Let Q be a phi-irreducible transition kernel on (X, X), let C be
an accessible (1,¢,v)-small set for Q and let p be a probability measure on (X, X).
Then for any bounded X-measurable function f and any k > 1,

B [f(X0) | Fli) = QF(Xp—1) Ppe-aus. (7.27)

Before giving the proof, we discuss the implications of this result. It implies that
under Pu*7 {Xk}r>0 is a Markov chain (with respect to its natural filtration) with
transition kernel () and initial distribution p. By abuse of notation, we can identify
{X}} with the coordinate process associated to the canonical space X~. Denote
by P, the probability measure on (XN, X®N) such that { X} }r>0 is a Markov chain
with transition kernel @) and initial distribution p (see Section 1.1.2) and denote by
E,, the associated expectation operator. Then Proposition 162 yields the following
identity. For any bounded 2 -measurable random variable Y,

E.[Y]=E,[Y]. (7.28)
of Proposition 162. We have, p*-a.s.,
Eu [f(X0) | Foo1] = Ligy =iy () + Lgay =0y RF(Xp—1)
Because Pj(dy—1 = 1| F¥ ) = elo(Xp_1) Pye-ass., it holds that

B [f(Xe) | Fity] = Epd{E[f(X0) | Feoa] | F
= elo(Xp-1)v(f) +[1 — elo(Xp-1)|Rf (Xk-1)
Qf(Xk—1) -

O

Corollary 163. Under the assumptions of Proposition 162, va {1} is an accessible
atom and v* is an irreducibility measure for the split kernel Q. More generally, if
B € X is accessible for Q, then B x {0,1} is accessible for the split kernel.

Proof. Because @ = X x {1} is an atom for the split kernel @, Proposition 154 shows
that v* is an irreducibility measure if ¢ is accessible. Applying (7.28) we obtain for
r € X,

d, =1 for some n > 1)

d1: )ZGV(C)>0,

(Xn,d,) € C x {1} for some n > 1)

TCx{0,1} <o00,d

Py (ta <o00) =P

V
v
—
ﬁ
—
—
~ o~ —~

roxiony = 1) = €Py(17c <00) > 0.
Thus ¢ is accessible and v* is an irreducibility measure for (). This implies, by
Theorem 147, that for all n € (0,1), y*f(,, is a maximal irreducibility measure
for the split kernel Q; here K, is the resolvent kernel (7.17) associated to Q. By
straightforward applications of the definitions, it is easy to check that V*f(,, =
(vK,)*. Moreover, v is an irreducibility measure for @, and vK, is a maximal
irreducibility measure for @ (still by Proposition 156 and Theorem 147). If B is
accessible, then vK, (B) > 0 and

VK, (B x {0,1}) = (vK,)* (B x {0,1}) = vK,(B) > 0.

Thus B x {0, 1} is accessible for Q. O
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Transience/Recurrence Dichotomy for General Phi-irreducible Chains

Using the splitting construction, we are now able to prove Theorem 151 for chains
not possessing accessible atoms. We first consider the simple case in which the chain
possesses a 1-small set.

Proposition 164. Let Q be a phi-irreducible transition kernel that admits an ac-
cessible (1,¢€,v)-small set C. Then Q is either recurrent or transient. It is recurrent
if and only if the small set C' is recurrent.

Proof. Because the split chain possesses an accessible atom, by Proposition 154 the
split chain is phi-irreducible and either recurrent or transient. Applying (7.28) we
can write

Eﬁ; MBx{0,1}] = Ex[ns] - (7.29)

Assume first that the split chain is recurrent. Let B be an accessible set for (). By
Proposition 162, Bx {0, 1} is accessible for the split chain. Hence E(;; [MBx{0,1}] = 00
for all x € B, so that, by (7.29), E,[ng] = oo for all x € B.

Conversely, if the split chain is transient, then by Proposition 154 the atom &
is transient. For j > 1, define B; = {z : >>7_, Q'((2,0),&) > 1/5}. Because & is
accessible, U7Z; Bj = X. By the same argument as in the proof of Proposition 154,
the sets B; x {0,1} are uniformly transient for the split chain. Hence, by (7.29),
the sets B; are uniformly transient for Q.

It remains to prove that if the small set C is recurrent, then the chain is recurrent.
We have just proved that @ is recurrent if and only if @ is recurrent and, by
Proposition 154, this is true if and only if the atom & is recurrent. Thus we only
need to prove that if C' is recurrent then & is recurrent. If C' is recurrent, then
(7.29) yields for all x € C,

Es: [na] > €Bs: [Nex(0,13] = €Exlne] = oo .

Using the definition of 0%, this implies that there exists & € X such that Ez[ns] =
oo. This observation and (7.23) imply that Eg[ns] = oo, that is, the atom is
recurrent. O

Using the resolvent kernel, the previous results can be extended to the general
case where an accessible small set exists, but not necessarily a 1-small one.

Proposition 165. Let Q be transition kernel.

(i) If Q is phi-irreducible and admits an accessible (m,e,v)-small set C, then for
any n € (0,1), C is an accessible (1,¢',v)-small set for the resolvent kernel

Ky = (1=0) Y2200 Q" with € = (1 —n)n™e.

(ii) A set is recurrent (resp. uniformly transient) for Q if and only if it is recurrent
(resp. uniformly transient) for K, for some (hence for all) n € (0,1).

(iii) @Q is recurrent (resp. transient) if and only if K, is recurrent (resp. transient)
for some (hence for all) n € (0,1).

Proof. For any n >0,z € C, and A € X,
Ky(z,A) = (1 =n)n"Q™(z, A) = (1 —n)n"ev(A) = €'v(A) .

Thus C'is a (1, €, v)-small set for K, showing part (i). The remaining claims follow
from the identity

1—
D Kp=— e

n>1 n>0
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Harris Recurrence

As for countable state spaces, it is sometimes useful to consider stronger recurrence
properties, expressed in terms of return probabilities rather than mean occupation
times.

Definition 166 (Harris Recurrence). A set A € X is said to be Harris recurrent if
P.(74 < o0) =1 for any x € X. A phi-irreducible Markov chain is said to be Harris
(recurrent) if any accessible set is Harris recurrent.

It is intuitively obvious that, as for countable state spaces, Harris recurrence
implies recurrence.

Proposition 167. A Harris recurrent set is recurrent.

. . j )
Proof. Let A be a Harris recurrent set. Because for j > 1, 0’54J+1) = 1400%4 on

the set {Ug) < oo}, the strong Markov property implies that for any x € A,

Pw(afgﬂ) < o0) =E, PXN) (T4 < 00)1 Pw(ag) < 00) .
A

{O‘<Aj)<00} =

Because Pz(ag) < o0) =1 for z € A, we obtain that for all z € A and all j > 1,

Px(ag) =1) and E;[na] = 3772, Pz(og) < 00) = 0. O

Even though all transition kernels may not be Harris recurrent, the following
theorem provides a very useful decomposition of the state space of a recurrent phi-
irreducible transition kernel. For a proof of this result, see Meyn and Tweedie (1993,
Theorem 9.1.5)

Theorem 168. Let Q be a phi-irreducible recurrent transition kernel on a state
space X and let ¢ be a maximal trreducibility measure. Then X = N UH, where N
is covered by a countable family of uniformly transient sets, ¥Y(N) = 0 and every
accessible subset of H is Harris recurrent.

As a consequence, if A is an accessible set of a recurrent phi-irreducible chain,
then there exists a set A’ C A such that ¢(A\ A’) = 0 for any maximal irreducibility
measure ¢, and P, (74 < 00) =1 for all z € A’.

Example 169. To understand why a recurrent Markov chain can fail to be Harris,
consider the following elementary example of a chain on X = N. Let the transition
kernel @Q be given by Q(0,0) = 1 and for z > 1, Q(z,z + 1) = 1 — 1/2% and
Q(z,0) = 1/22. Thus the state 0 is absorbing. Because Q(z,0) > 0 for any z € X,
dg is an irreducibility measure. In fact, by application of Theorem 147, this measure
is maximal. The set {0} is an atom and because Py(7{0; < 00) = 1, the chain is
recurrent by Proposition 154.
The chain is not Harris recurrent, however. Indeed, for any = > 1 we have

x+k—1
Po(ro > k) =Po(X1 #0,..., X1 #0) = [[ 1-1/57).

Jj=x

Because H;’;Q(l —1/4%) > 0, we obtain that P, (79 = 00) = limy_. Px(70 > k) > 0
for any x > 2, so that the accessible state 0 is not certainly reached from such an
initial state. Comparing to Theorem 168, we see that the decomposition of the state
space is given by H = {0} and N = {1,2,...}.
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7.2.3 Invariant Measures and Stationarity

On general state spaces, we again further classify chains using invariant measures.
A o-finite measure p is called Q-sub-invariant if p > p@Q and Q-invariant if u = p@.

Theorem 170. A phi-irreducible recurrent transition kernel (or Markov chain)
admits a unique (up to a multiplicative constant) invariant measure which is also a
maximal irreducibility measure.

This result leads us to define the following classes of chains.

Definition 171 (Positive and Null Chains). A phi-irreducible transition kernel
(or Markov chain) is called positive if it admits an invariant probability measure;
otherwise it is called null.

We now prove the existence of an invariant measure when the chain admits an
accessible atom. The invariant measure is defined as for countable state spaces, by
replacing an individual state by the atom. Thus define the measure p, on X by

fta(A) = Eq lz 1A(Xn)1 . Aex. (7.30)

Proposition 172. Let « be an accessible atom for the transition kernel Q. Then
Lo 18 Q-sub-invariant. It is invariant if and only if the atom « is recurrent. In
that case, any Q-invariant measure p is proportional to e, and pe is a mazximal
irreducibility measure.

Proof. By the definition of u, and the strong Markov property,

To Ta+1
> QX A) > ﬂA(Xk)]
k=1 k=2

= pa(A) — Pu(X; € A) + Ea[]]-A(XTa+1)]]-{TQ<oo}} .

.an(A) = Ea = Eo,

Applying the strong Markov property once again yields

Eo[La(Xr41) L7, <00} = Ea{Ea[la(X1) 0 0™ | F2 L{r <oy}
= EalPx. (X1 € A)Ly, <)) = Pa(X) € A) Po(ra < 00) .

Thus pa@Q(A) = pa(A) — Pa(X1 € A)[1 — Po(7a < o0)]. This proves that p, is
sub-invariant, and invariant if and only if P, (74 < 00) = 1.

Now let 1 be an invariant non-trivial measure and let A be an accessible set such
that p(A) < co. Then there exists an integer n such that Q™(«, A) > 0. Because
is invariant, it holds that pu = pQ™, so that

00 > pu(A) = pQ"(4) = (@) Q" (e, A) .

This implies that p(a) < co. Without loss of generality, we can assume p(a) > 0;
otherwise we replace p by p + pio. Assuming p(a) > 0, there is then no loss of
generality in assuming u(a) = 1.

The next step is to prove that if p is an invariant measure such that p(a) =1,
then p > p,. To prove this it suffices to prove that for all n > 1,

NE

w(A) > Po(Xp €A 1 > k).

e
Il

1
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We prove this inequality by induction. For n = 1 we can write
n(A) = pQ(A) = p(a)Q(a, A) = Q(a, A) = Po (X1 € A) .

Now assume now that the inequality holds for some n > 1. Then

wA) =Qa, A) + | p(dy) Qy, A)

T~

ac

> Q(a, A)+ > Eo[Q(Xk, A >ilix,¢at]

3

=~
Il
-

> Q(a, A) + ) Eo[Q(X, A) L7, >k41}] -

M=

e
Il
-

Because {1, >k + 1} € FX, the Markov property yields

EQ[Q(XkaA)]]-{TQZk+1}] = Pa(XkJrl €A T > k+ 1) )

whence
n+1 n+1
WA) > Qo A) + ) Po(Xp €A 1o > k) = Po(Xp €A 70 >k).
k=2 k=1

This completes the induction, and we conclude that u > .

Assume that there exists a set A such that u(A) > puq(A). It is straightforward
that p and p, are both invariant for the resolvent kernel K (see (7.17)), for any 6 €
(0,1). Because o is accessible, K5(x,a) > 0 for all 2 € X. Hence [, p(dz) Q(z,a) >
J 4 paldz) Q(x, ), which implies that

1=mw=ume=Aymex%m+/‘mwﬂmma>

> /A,ua(dx) Ks(z, o) + /Ac to(dz) Ks(z, ) = po Ks(a) = po(a) = 1.

This contradiction shows that u = pq.

We finally prove that p,, is a maximal irreducibility measure. Let ¢ be a maximal
irreducibility measure and assume that ¢(A) = 0. Then P,(74 < o0) = 0 for -
almost all © € X. This obviously implies that P, (74 < oo0) = 0 for -almost all
2z € a. Because P, (74 < 00) is constant over a, we find that P,(74 < 00) = 0
for all x € a, and this yields po(A4) = 0. Thus u, is absolutely continuous with
respect to v, hence an irreducibility measure. Let again K be the resolvent kernel.
By Theorem 147, po K is a maximal irreducibility measure. But, as noted above,
taKe = o, and therefore p, is a maximal irreducibility measure. O

Proposition 173. Let Q be a recurrent phi-irreducible transition kernel that admits
an accessible (1,¢,v)-small set C. Then it admits a non-trivial invariant measure,
unique up to multiplication by a constant and such that 0 < 7(C) < oo, and any
invariant measure is a maximal irreducibility measure.

Proof. By (7.26), (uQ)* = p*Q, so that u is Q-invariant if and only if p* is Q-

invariant. Let i be a @-invariant measure and define
p= [ AR+ [ ) Qe+ x (1)
Cx{0} Cex{0}

By application of the deﬁnitiop of the split kernel and measures, it can be checked
that 4@ = p*. Hence p* = Q) = fi. We thus see that p* is Q-invariant, which, as
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noted above, implies that p is @Q-invariant. Hence we have shown that there exists
a Q-invariant measure if and only if there exists a Q-invariant one.

If @ is recurrent then C is recurrent, and as appears in the proof of Propo-
sition 173 this implies that the atom @& is recurrent for the split chain @. Thus,
by Proposition 154 the kernel () is recurrent, and by Proposition 172 it admits an
invariant measure that is unique up to a scaling factor. Hence @) also admits an
invariant measure, unique up to a scaling factor and such that 0 < 7(C) < co.

Let s be Q-invariant. Then p* is Q-invariant and hence, by Proposition 172, a
maximal irreducibility measure. If p(A) > 0, then p*(A x {0,1}) = u(A4) > 0. Thus
A x{0,1} is accessible, and this implies that A is accessible. We conclude that p is
an irreducibility measure, and it is maximal because it is K, -invariant. O

If the kernel @ is phi-irreducible and admits an accessible (m, €, v)-small set C,
then, by Proposition 165, for any n € (0,1) the set C' is an accessible (1, ¢, v)-small
set for the resolvent kernel K. If C' is recurrent for @, it is also recurrent for K,
and therefore, by Proposition 164, K, has a unique invariant probability measure.
The following result shows that this probability measure is invariant also for Q.

Lemma 174. A measure p1 on (X, X) is Q-invariant if and only if p is K, -invariant
for some (hence for all) n € (0,1).

Proof. If n@ = p, then obviously u@Q" = p for all n > 0, so that uK, = pu.
Conversely, assume that uK, = pu. Because K, = nQK,, + (1 — n)Q° and QK,, =
K,Q, it holds that

p=pKy =nuQKy + (1 —n)p =nuKyQ + (1 —n)p=nuQ + (1 —n)u .

Hence nu@ = nu, which concludes the proof. O

Drift Conditions

We first give a sufficient condition for a chain to be positive, based on the expectation
of the return time to an accessible small set.

Proposition 175. Let Q) be a transition kernel that admits an accessible small set
C' such that

sup E;[r¢] < o0 . (7.31)
zeC

Then the chain is positive and the invariant probability measure w satisfies, for all
Ae X,

To—1 TC
7(A) = /C )ty | 3 h()@)] - /C m(dy) By émxw] L (732)

If [ is a non-negative measurable function such that

sup E,,

zeC k=0

Tc—1
> f<Xk)1 <00, (7.33)
then f is integrable with respect to ™ and

w(f) = /C ey | 3 f<xk>] - /C r(dy) E, [Zﬂxk)] .
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Proof. First note that by Proposition 156, @ is phi-irreducible. Equation (7.31)
implies that for all P,(7¢ < c0) = 1 z € C, that is, C is Harris recurrent. By
Proposition 167, C is recurrent, and so, by Proposition 164, @ is recurrent. Let =
be an invariant measure such that 0 < 7(C) < oo, the existence of which is given
by Proposition 173. Then define a measure uc on X' by

TC
Z]IA Xk] )

k=1

ne(A) /C r(dy) E,

Because 7¢ < oo Py-as. for all y € C, it holds that pc(C) = 7(C). Then we
can show that uc(A) = m(A) for all A € X. The proof is along the same lines as
the proof of Proposition 172 and is therefore omitted. Thus, uc is invariant. In
addition, we obtain that for any measurable set A,

[ ) By [14(X0)) = 74N C) = 14N ©) = [ w(dy) By [La(Xro)]
C C

and this yields

MC(A):/C7r dy)E Z]-A(Xk)] :/Cﬂ(dy)
k=1

We thus obtain the following equivalent expressions for pc:

pc(A) Z/Cﬂ(dy)Ey [Cz_: ]lA(Xk)] Z/ pe(dy) E
k=0
Z]lA(Xk)] :/Cﬂ d

Tc—1
DY ]lA(Xk)] .

k=0

CZ T4(Xg ]
Z ]lA(Xk)]
k=1

I
=
Q

QU
s

e
<

Hence

7(X) = /C

so that any invariant measure is finite and the chain is positive. Finally, under
(7.33) we obtain that

= f o, [ 55 5] <0y

yeC

Tc—1
Z Ix (X% ] 7(C)sup Ey[1c] < 00,

yeC

> f(XIC)] <oo.

k=1
O

Except in specific examples (where, for example, the invariant distribution is
known in advance), it may be difficult to decide if a chain is positive or null. To
check such properties, it is convenient to use drift conditions.

Proposition 176. Assume that there exists a set C € X, two measurable functions
1< f <V, and a constant b > 0 such that

QV <V — f+ble. (7.34)
Then
Ex[re] < V(z) +ble(x) , (7.35)
To—1

E, [V(X V(z) + ble(z) . (7.36)

> F(XR)
k=0
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If C is an accessible small set and V is bounded on C, then the chain is positive
recurrent and w(f) < oco.

Proof. Set for n > 1,

Then

QV(Xn) + f(Xk)] Lire>n+1}
k=0

E[MnJrl |~7:n] =

n

k=0
n—1
= V(X’ﬂ) + Z f(Xk)] H{TcZnJrl} < Mn )
k=0

as 1o (Xn)liro>n41y = 0. Hence {M,,},,>1 is a non-negative super-martingale. For
any integer n, 7c A n is a bounded stopping time, and Doob’s optional stopping
theorem shows that for any = € X,

Ey [Mronn] <Eg [M1] <V(z)+blo(x) . (7.37)
Applying this relation with f = 1 yields for any x € X and n > 0,
E,[re¢ An] <V(z)+ble(x),

and (7.35) follows using monotone convergence. This implies in particular that
P,(t7¢ < 00) =1 for any « € X. The proof of (7.36) follows similarly from (7.37)
by the letting n — oo and 7(f) is finite by (7.33). O

Example 177 (Random Walk on the Half-Line, Continued). Consider again the
model of Example 153. Previously we have seen that sets of the form [0, ¢] are small.
If I'((—o0 , —¢]) > 0, then for x € [0, ¢],

Qz, A) = T((—o0, =c])14(0) ;
otherwise there exists an integer m such that I ((—oo , —¢]) > 0, whence
Q" (x, 4) 2 "™ (=00 , —e))14(0)

To prove recurrence for u < 0, we apply Proposition 176. Because u < 0, there
exists ¢ > 0 such that [~ wI'(dw) < p/2 < 0. Thus taking V(z) =  for z > c,

Q@) =V = [ [+ u)y el T(aw)

— 00
o0

— 2T ((—o0 ,—1)) +/ wT(dw) < /2.
Hence the chain is positive recurrent.

Consider now the case p > 0. In view of Proposition 154, we have to show
that the atom {0} is transient. For any n, X, > X, + > .-, W;. Define C,, =
{|n‘1 S Wi— u’ > p/2} and write D, for {X,, = 0}. The strong law of large
numbers implies that Po(D,, i.0.) < Po(C), i.0.) = 0. Hence the atom {0} is tran-
sient, and so is the chain.

When p = 0, additional assumptions on I' are needed to prove the recurrence of
the RWHL (see for instance Meyn and Tweedie, 1993, Lemma 8.5.2).



7.2. CHAINS ON GENERAL STATE SPACES 169

Example 178 (Autoregressive Model, Continued). Consider again the model of
Example 148 and assume that the noise process has zero mean and finite variance.
Choosing V (x) = 22 we have

PV (z) = E[(¢z + U1)*] = ¢V (z) + E[UT] ,

so that (7.34) holds when C' = [—-M, M] for some large enough M, provided |¢| <
1. Because we know that every compact set is small if the noise process has an
everywhere continuous positive density, Proposition 176 shows that the chain is
positive recurrent. Note that this approach provides an existence result but does
not help us to determine 7. If {Uy} are Gaussian with zero mean and variance o2,
then one can check that the invariant distribution also is Gaussian with zero mean

and variance o2 /(1 — ¢?).

Theorem 170 shows that if a chain is phi-irreducible and recurrent then the chain
is positive, that is, it admits a unique invariant probability measure 7. In certain
situations, and in particular when dealing with MCMC procedures, it is known that
() admits an invariant probability measure, but it is not known, a priori, that the
chain is recurrent. The following result shows that positivity implies recurrence.

Proposition 179. If the Markov kernel Q) is positive, then it is recurrent.

Proof. Suppose that the chain is positive and let m be an invariant probability
measure. If () is transient, the state space X is covered by a countable family {A4,}
of uniformly transient subsets (see Theorem 151). For any j and k,

k
kr(4;) =Y 7Q"(A;) < /W(dm)Ez[fiAj] < sup Ex[na,] - (7.38)

The strong Markov property implies that

E. [77A]~] = Em[ﬁAj l{UAj <<>0}}

< Ez{]l{aA].<oc} EXUAJ_ [nA_j]} < Sél}i Efc[nAj] Pz(aAj < 0).

Thus, the left-hand side of (7.38) is bounded as k — co. This implies that 7(4;) =
0, and hence 7(X) = 0. This is a contradiction so the chain cannot be transient. [

7.2.4 FErgodicity

In this section, we study the convergence of iterates Q™ of the transition kernel to
the invariant distribution. As for discrete state spaces case, we first need to avoid
periodic behavior that prevents the iterates to converge. In the discrete case, the
period of a state x is defined as the greatest common divisor of the set of time
points {n > 0 : Q"(z,z) > 0}. Of course this notion does not extend to general
state spaces, but for phi-irreducible chains we may define the period of accessible
small sets. More precisely, let @ be a phi-irreducible transition kernel with maximal
irreducibility measure 9. By Theorem 156, there exists an accessible (m, €, 1)-small
set C. Because 1) is a maximal irreducibility measure, ¥(C) > 0, so that when the
chain starts from C there is a positive probability that the it will return to C' at
time m. Let

Ee ™ {n >1: the set C is (n, €, 1)-small for some €, > 0} (7.39)
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be the set of time points for which C' is small with minorizing measure 1. Note
that for n and m in Eg, B € Xt and z € C,

Q"™ (x, B) > / Q™ (,d’) Q"(2', B) > ementh(CYH(B) > 0 ,
C

showing that E¢x is closed under addition. There is thus a natural period for E¢,
given by the greatest common divisor. Similar to the discrete case (see Proposi-
tion 144), this period d may be shown to be independent of the particular choice of
the small set C' (see for instance Meyn and Tweedie, 1993, Theorem 5.4.4).

Proposition 180. Suppose that Q is phi-irreducible with mazimal irreducibility
measure . Let C be an accessible (m, e, )-small set and let d be the greatest
common dwisor of the set Ec, defined in (7.39). Then there exist disjoint sets
Dy, ...,Dy (a d-cycle) such that

(i) forx € D;, Q(x,Dit1)=1,i=0,...,d—1 (mod d);
(ii) the set N = (UL, D;)¢ is 1-null.

The d-cycle is mazimal in the sense if D', ..., D}, is a d'-cycle, then d’' divides d,
and if d =d', then up to a permutation of indices D} and D; are 1p-almost equal.

It is obvious from the this theorem that the period d does not depend on the
choice of the small set C' and that any small set must be contained (up to 1-null
sets) inside one specific member of a d-cycle. This in particular implies that if there
exists an accessible (1,¢,1)-small set C, then d = 1. This suggests the following
definition

Definition 181 (Aperiodicity). Suppose that Q is a phi-irreducible transition kernel
with maximal irreducibility measure . The largest d for which a d-cycle exists is
called the period of Q. When d = 1, the chain is called aperiodic. When there
exists a (1, €,1)-small set C, the chain is called strongly aperiodic.

In all the examples considered above, we have shown the existence of a 1-small
set; therefore all these Markov chains are strongly aperiodic.

Now we can state the main convergence result, formulated and proved by Athreya
et al. (1996). It parallels Theorem 145.

Theorem 182. Let (Q be a phi-irreducible positive aperiodic transition kernel. Then
for m-almost all x,

lim Q" (2,) ~7llpy = 0. (7.40)

n—oo
If Q is Harris recurrent, the convergence occurs for all x € X.

Although this result does not provide information on the rate of convergence
to the invariant distribution, its assumptions are quite minimal. In fact, it may be
shown that these assumptions are essentially necessary and sufficient. If | Q" (z, ) — 7||py —
0 for any & € X, then by Nummelin (1984, Proposition 6.3), the chain is 7-
irreducible, aperiodic, positive Harris, and 7 is an invariant distribution. This
form of the ergodicity theorem is of particular interest in cases where the invariant
distribution is explicitly known, as in Markov chain Monte Carlo. It provides con-
ditions that are simple and easy to verify, and under which an MCMC algorithm
converges to its stationary distribution.

Of course the exceptional null set for non-Harris recurrent chain is a nuisance.
The example below however shows that there is no way of getting rid of it.
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Example 183. In the model of Example 169, m = §y is an invariant probability
measure. Because Q"(7,0) = P,(rq0y < n) for any n > 0, lim,, .o Q"(x,0) =
P.(7q0y < 00). We have previously shown that P,(7(y < 00) = 1 — P,(7q0y =
00) < 1 for x > 2, whence limsup [|Q™(x, -) — ||y # 0 for such z.

Fortunately, in many cases it is not hard to show that a chain is Harris.

A proof of Theorem 182 from first principles is given by Athreya et al. (1996).
We give here a proof due to Rosenthal (1995), based on pathwise coupling (see
Rosenthal, 2001; Roberts and Rosenthal, 2004). The same construction is used
to compute bounds on ||Q™(z,-) — 7||;. Before proving the theorem, we briefly
introduce the pathwise coupling construction for phi-irreducible Markov chains and
present the associated Lindvall inequalities.

Pathwise Coupling and Coupling Inequalities

Suppose that we have two probability measures ¢ and £’ on (X, X) that are such that
1€ = €lpy < 1—¢ for some € € (0,1] or, equivalently (see (3.6)), that there exists
a probability measure v such that ev < £ A £’. Because £ and & are probability
measures, we may construct a probability space (2, F,P) and X-valued random
variables X and X’ such that P(X € -) =¢(-) and P(X' € -) = ', respectively. By
definition, for any A € X,

€(A) = &(A)] = |P(X € A) = P(X' € A)| = |E[La(X) — La(X")]| (7.41)
= [E[(La(X) = La(X")Lixexy]| S P(X # X', (7.42)

so that the total variation distance between the laws of two random elements is
bounded by the probability that they are unequal. Of course, this inequality is
not in general sharp, but we can construct on an appropriately defined probability
space (QJ} , 15) two X-valued random variables X and X’ with laws £ and £ such
that P(X = X’) > 1 —e. The construction goes as follows. We draw a Bernoulli
random variable d with probability of success €. If d = 0, we then draw X and
X’ independently from the distributions (1 —€)™! (¢ — ev) and (1 — €)™ (¢’ — ev),
respectively. If d = 1, we draw X from v and set X = X’. Note that for any A € X,

P(XcA)=P(XecA|ld=0)Pd=0)+P(X € A|ld=1)P(d=1)
= (1= {(1 )7 [E(A) — ev(A)]} = £(4)

and, similarly, P(X’ € A) = ¢(A). Thus, marginally the random variables X and
X' are distributed according to ¢ and ¢’. By construction, P(X = X') > P(d =
1) > ¢, showing that X and X' are equal with probability at least e. Therefore
the coupling bound (7.41) can be made sharp by using an appropriate construction.
Note that this construction may be used to derive bounds on distances between
probability measures that generalize the total variation; we will consider in the
sequel the V-total variation.

Definition 184 (V-Total Variation). Let V : X — [1,00) be a measurable function.
The V -total variation distance between two probability measures & and &' on (X, X)
18

€ —€'llv < sup [€(f) — € (f)] -
[fISV

IfV =1, | -1 is the total variation distance.
When applied to Markov chains, the whole idea of coupling is to construct on

an appropriately defined probability space two Markov chains { X} and {X} } with
transition kernel ) and initial distributions £ and &', respectively, in such a way
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that X, = X, for all indices n after a random time T, referred to as the coupling
time. The coupling procedure attempts to couple the two Markov chains when they
simultaneously enter a coupling set.

Definition 185 (Coupling Set). Let C C Xx X, € € (0,1] and let v = {v, o, x, 2 €
X} be transition kernels from C' (endowed with the trace o-field) to (X, X). The set
C is a (1,€,v)-coupling set if for all (xz,2') € C and all A € X,

Q(z, A) ANQ(z', A) > evy 1 (A) . (7.43)

By applying Lemma 43, this condition can be stated equivalently as: there exists
e € (0,1] such that for all (z,2') € C,

210, )~ Q! gy <1 ¢ (7.4

For simplicity, only one-step minorization is considered in this chapter. Adap-
tations to m-step minorization (replacing @ by Q™ in (7.43)) can be carried out as
in Rosenthal (1995). Condition (7.43) is often satisfied by setting C' = C x C for a
(1,€e,v)-small set C. Indeed, in that case, for all (z,2') € C x C and A € X,

Q(z, A) NQ(2', A) > ev(A) .

The case € = 1 needs some consideration. If there exists an atom, say «,
i.e., there exists a probability measure v such that for all x € o and A € X,
Q(z,A) = v(A), then C = a x a is a (1,1,v)-coupling set with v, ,» = v for all
(z,2") € C. Conversely, assume that C' is a (1,1,v)-coupling set. The alternative
characterization (7.44) shows that Q(z,-) = Q(a',-) for all (z,2') € C, that is, C'is
an atom. This also implies that the set C' contains a set o X as, where o and ag
are atoms for Q.

We now introduce the coupling construction. Let C be a (1, ¢, v)-coupling set.
Define X = X x X and X = X ® X. Let Q be a transition kernel on (X, X) given for
all A and A’ in X by

Q(m,l'/;A X Al) = Q(va)Q(xlvAl)]lC‘C(xaxl)'i_
(1= )72[Q(x, A) = vy o (A[Q(2', A') = €vg oo (A)] L (2, 2")  (7.45)

ife <1and Q@ = Q®Q if e = 1. For any probability measure ji on (X, X), let P be
the probability measure on the canonical space (XN, XN) such that the coordinate
process { X} is a Markov chain with respect to its natural filtration and with initial
distribution i and transition kernel Q. As usual, denote the associated expectation
operator by Eﬁ.

We now define a transition kernel Q on the space X X % X x {0,1} endowed
with the product o-field X by, for any z,2’ € X and A, A’ € X,

Q((z,2',0),Ax A" x {0}) = [1 — el a(z,2)]|Q((z,2'), A x A", (7.46)
Q ((x,2',0),Ax A" x {1}) = e]l@(a:,x’)yx,ac/ (AN A, (7.47)
Q((x,2',1),Ax A x {1}) = Q(z, AN A") . (7.48)

For any probability measure /i on (X, X), let P be the probability measure on the
canonical space (XN, XY®V) such that the coordinate process { X} is a Markov chain
with transition kernel Q and initial distribution fi. The corresponding expectation
operator is denoted by Eﬂ.

The transition kernel Q can be described algorithmically. Given X, = (Xo, X, do) =
(z,2',d), X, = (X1, X},d;) is obtained as follows.
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e If d =1, then draw X; from Q(z,-) and set X1 = X3, d; = 1.
e If d =0 and (z,2') € C, flip a coin with probability of heads e.

— If the coin comes up heads, draw X; from v, .- and set X| = X; and
dy = 1.

— If the coin comes up tails, draw (X, X}) from Q(z,2’;-) and set d; = 0.
e Ifd=0and (z,2') € C, draw (X1, X}) from Q(z,2;-) and set d; = 0.

The variable d,, is called the bell variable; it indicates whether coupling has occurred
by time n (d,, = 1) or not (d,, = 0). The first index n at which d,, = 1 is the coupling
time;

—inf{k>1:dy=1}.

If d, = 1, then X}, = X, for all £ > n. The coupling construction is carried out in
such a way that under Pegergs,, { X} and {X}} are Markov chains with transition
kernel @) with initial distributions £ and £, respectively.

The coupling construction allows deriving quantitative bounds on the (V-)total
variation distance in terms of the tail probability of the coupling time.

Proposition 186. Assume that the transition kernel Q admits a (1,€,v)-coupling
set. Then for any probability measures & and &' on (X, X) and any measurable
function V : X — [1,00),

16Q™ — €'Q" |l py < 2Pegerqs, (T >n), (7.49)
1€Q™ — €Q" v < 2Eeaeras [V(Xn, X0)Lirsny (7.50)

where V : X x X — [1,00) is defined by V(z,2') = {V(z) + V(2')}/2.

Proof. We only need to prove (7.50) because (7.49) is obtained by setting V = 1.
Pick a function f such that |f| < V' and note that [f(X,) — f(X])]1{4,=1} = 0.
Hence
€Q™f — £'Q" f| = |Beweras, [f (Xn) — F(X)I|
= [Eewer oo, [(f(Xn) = f(X3,))1{a,=o0}]]
< 2Eewer w5, [V (Xn, X3) 1{d,=0y] -
]

We now provide an alternative expression of the coupling inequality that only
involves the process { Xy }. Let o be the hitting time on the coupling set C' by this
process, define Ky(€) = 1, and for all n > 1,

lig>n ife=1;
K (e) = {nf; ’ ) (7.51)
[[i—o[l —€la(Xy)] ifee(0,1).

Proposition 187. Assume that the transition kernel Q admits a (1,¢,v)-coupling
set. Let & and &' be probability measures on (X, X) and let V : X — [1,00) be a
measurable function. Then

16Q" = €'Q"lv < 2Beger[V(Xn, X;) Kn(e)] | (7.52)

with V(z,2') = [V(x) + V(2)] /2.
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Proof. We show that for any probability measure fi on (X, X),

Eagso [V (Xn, X)) Lrsny] = EalV (X, X5) Kn(e)] -

To do this, we shall prove by induction that for any n > 0 and any bounded X-
measurable functions {f;};>0,

Buwso | [ £(X5 X)) Vzsny | =En [ [[ (X5, X)) Kn(e) | - (7.53)
j=0 j=0

This is obviously true for n = 0. For n > 0, put x, = H?:o fi(X;,X5). The
induction assumption and the identity {T" > n + 1} = {d,+1 = 0} yield

Ejigso [Xnt11{rsnt13] = Epeso [Xn for1(Xns1, X)1) L, =03
Engso{Xn Elfat1 (Xnt1, X)y1)Lan s =0y | FalLia, o} }
Eﬂ@éo{xn[l —ela(Xn, X;L)}anH(Xm X;L)Il{dn:o}}
EaxnQfn1(Xn)Kni1(6)] = Eglxnr1 Knya(e)] -

This concludes the induction and the proof. O

Proof of Theorem 182

We preface the proof of Theorem 182 by two technical lemmas that establish some
elementary properties of a chain on the product space with transition kernel Q ® Q.

Lemma 188. Suppose that Q is a phi-irreducible aperiodic transition kernel. Then
for any n, Q™ is phi-irreducible and aperiodic.

Proof. Propositions 156 and 157 show that there exists an accessible (m, €, v)-small
set C and that v is an irreducibility measure. Because () is aperiodic, there exists
a sequence {e,} of positive numbers and an integer ng such that for all n > ng,
xeC,and A e X, Q"(x,A) > €,v(A). In addition, because C' is accessible, there
exists p such that QP(xz,C) > 0 for any x € X. Therefore for any n > n¢ and any
A € X such that v(A) > 0,

QP(z, A) > /C Q(z,dz’) Q" (', A) > env(A)QP(z,C) > 0. (7.54)

O

Lemma 189. Let QQ be an aperiodic positive transition kernel with invariant prob-
ability measure w. Then Q ® Q is phi-irreducible, 7 @ 7 is Q ® Q-invariant, and
Q ® Q is positive. If C is an accessible (m,e,v)-small set for @, then C x C is an
accessible (m, €2, v ® v)-small set for Q @ Q.

Proof. Because () is phi-irreducible and admits 7w as an invariant probability mea-
sure, 7 is a maximal irreducibility measure for Q). Let C be an accessible (m, €, v)-
small set for ). Then for (z,2') e C x Cand A € X @ X,

(Q® Q)" (z,2';A) = // Q™ (z,dy) Q™ (', dy’) > v @ v(A) .
A
Because v ®@ v(C x C) = [v(C)]? > 0, this shows that C' x C'is a (1, €, v ® v)-small

set for Q@ ® Q. By (7.54) there exists an integer n, such that for any n > ng,
Q"(x,C) > 0. This implies that for any (z,2') € X x X and any n > n, V ng,,

Q®Q)"(z,2";C x C)=Q"(z,C)Q"(a,C) >0,
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showing that C' x C is accessible. Because C' x C is a small set, Proposition 156
shows that (Q ® () is phi-irreducible. In addition, 7 ® 7 is invariant for () ® @, so
that 7 ® 7 is a maximal irreducibility measure and Q ® @ is positive. O

We have now all the necessary ingredients to prove Theorem 182.

of Theorem 182. By Lemma 188, Q™ is phi-irreducible for any integer m. By
Proposition 157, there exists an accessible (m, ¢, v)-small set C' with v(C) > 0.
Lemma 46 shows that for all integers n,

Q™ (2, ) = Q"' )llrv < Q™™ (&, ) = Q™™ (!, )| -

Hence it suffices to prove that (7.40) holds for Q™ and we may thus without loss of
generality assume that m = 1.

For any probability measure p on (X x X, ¥ ® &), let P}, denote the probability
measure on the canonical space (XxX)N, (X®X)®N) such that the canonical process
{(Xk, X},) }x>0 is a Markov chain with transition kernel Q®( and initial distribution
1. By Lemma 189, @ ® @ is positive, and it is recurrent by Proposition 179.

Because 7@ 7(C x C) = 72(C) > 0, by Theorem 168 there exist two measurable
sets C C C' x C and H C X x X such that r@7(C x C\C) =0, 7 x 7(H) = 1, and
for all (x,2') € H, P} ,.(T6 < o) = 1. Moreover, the set C is a (1,¢,v)-coupling
set with vy ,» = v for all (z,2') € C.

Let the transition kernel Q be defined by (7.45) if e < 1 and by Q = Q ® Q
if e=1. For e =1, P, = P} ,,. Now assume that ¢ € (0,1). For (z,2) & C,
Pia(te = ) = P (16 = oo) For (z,2') € C, noting that Q(z,2', A) <
(1—-€)72Q ® Q(x,2', A) we obtain

B, 0 (r6 = 50) = Py (7 = 00| (X1, X}) ¢ C x C) Qla, !, C°)
< —o" 2@ ® Q(a,a!,C°) P}, (re = 00| X1 ¢ C)
— (1—¢) 2P} (16 = 00) = 0.

Thus, for all € € (0,1] the set C is Harris-recurrent for the kernel Q. This implies
that lim, .o E; »/[Kp(€)] = 0 for all (z,2') € H and, using Proposition 187, we
conclude that (7.40) is true. O

7.2.5 Geometric Ergodicity and Foster-Lyapunov Conditions

Theorem 182 implies forgetting of the initial distribution and convergence to sta-
tionarity but does not provide us with rates of convergence. In this section, we show
how to adapt the construction above to derive explicit bounds on ||EQ™ — £'Q™||v .
We focus on conditions that imply geometric convergence.

Definition 190 (Geometric Ergodicity). A positive aperiodic transition kernel Q
with invariant probability measure 7 is said to be V-geometrically ergodic if there
exist constants p € (0,1) and M < oo such that

|Q" (x, ) — m||lv < MV (x)p"™ for m-almost all x. (7.55)
We now present conditions that ensure geometric ergodicity.

Definition 191 (Foster-Lyapunov Drift Condition). A transition kernel Q is said
to satisfy a Foster-Lyapunov drift condition outside a set C € X if there ezists a
measurable function V : X — [1,00], bounded on C, and non-negative constants
A <1 and b < oo such that

QV <AV +blc . (7.56)
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If @ is phi-irreducible and satisfies a Foster-Lyapunov condition outside a small
set C, then C is accessible and, writing QV <V — (1 —\)V 4+ bl¢, Proposition 176
shows that @ is positive and 7(V') < oo.

Example 192 (Random Walk on the Half-Line, Continued). Assume that for the
model of Example 153 there exists z > 0 such that E[e*""1] < co. Then because
p < 0, there exists z > 0 such that E[e*""*] < 1. Define 2y = argmin,. , E[e*""]
and V(x) = e** and choose zo > 0 such that A\ = E[e**"1] + P(W; < —z0) < 1.
Then for > xg,

QV (z) = Efe0@+WI+] = P(W, < —z) + e%0® Ee®" Ly, s ] < AV(2) .

Hence the Foster-Lyapunov drift condition holds outside the small set [0, 2], and
the RWHL is geometrically ergodic. For a sharper choice of the constants zy and
A, see Scott and Tweedie (1996, Theorem 4.1).

Example 193 (Metropolis-Hastings Algorithm, Continued). Consider the Metropolis-
Hastings algorithm of Example 149 with random walk proposal kernel r(z,z’) =
r(Jz — 2'[). Geometric ergodicity of the Metropolis-Hastings algorithm on R? is
largely a property of the tails of the stationary distribution 7. Conditions for geo-
metric ergodicity can be shown to be, essentially, that the tails are exponential or
lighter (Mengersen and Tweedie, 1996) and that in higher dimensions the contours
of m are regular near oo (see for instance Jarner and Hansen, 2000). To understand
how the tail conditions come into play, consider the case where 7 is a probability
density on X = R™. We suppose that 7 is log-concave in the upper tail, that is,
that there exists o > 0 and M such that for all ' > x > M,

logm(z) —logm(z') > a(z’ — ) . (7.57)

To simplify the proof, we assume that 7 is non-increasing, but this assumption is
unnecessary. Define A, = {2’/ € RT : 7(2’) < 7(x)} and R, = {2/ € RT,7(x) >
m(a’)}, the acceptance and (possible) rejection regions for the chain started from z.
Because 7 is non-increasing, these sets are simple: A, = [0,z] and R, = (x,00) U
(—00,0). If we relax the monotonicity conditions, the acceptance and rejection
regions become more involved, but because 7 is log-concave and thus in particular
monotone in the upper tail, A, and R, are essentially intervals when x is sufficiently
large.
For any function V : R* — [1,+00) and z € RT,

QV () :H/A . [V(z’) 1} d’

V() / /
+/ r(z’ — ) 77((:;)) P‘//((z)) - 1} da’ .

x

x

3

We set V() = e** for some s € (0,«). Because 7 is log-concave, w(z')/7(z) <
e @' =) when ¢/ > x> M. Forx > M , it follows from elementary calculations

that
lim sup QV(z)
showing that the random walk Metropolis-Hastings algorithm on the positive real

line satisfies the Foster-Lyapunov condition when 7 is monotone and log-concave in
the upper tail.

<1 _/ r(u)(1— o)1 — e~ gy < 1 |
0

The main result guaranteeing geometric ergodicity is the following.
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Theorem 194. Let QQ be a phi-irreducible aperiodic positive transition kernel with
invariant distribution 7. Also assume that Q satisfies a Foster-Lyapunov drift con-
dition outside a small set C with drift function V. Then w(V) is finite and Q is
V -geometrically ergodic.

In fact, it follows from Meyn and Tweedie (1993, Theorems 15.0.1 and 16.0.1)
that the converse is also true: if a phi-irreducible aperiodic kernel is V-geometrically
ergodic, then there exists an accessible small set C' such that V is a drift function
outside C'.

For the sake of brevity and simplicity, we now prove Theorem 194 under the
additional assumption that the level sets of V are all (1,¢,v)-small. In that case,
it is possible to define a coupling set C' and a transition kernel Q that satisfies a
(bivariate) Foster-Lyapunov drift condition outside C. The geometric ergodicity of
the transition kernel @ is then proved under this assumption. This is the purpose
of the following propositions.

Proposition 195. Let Q be a kernel that satisfies the Foster-Lyapunov drift con-
dition (7.56) with respect to a (1,€,v)-small set C and a function V whose level
sets are (1,€,v)-small. Then for any d > 1, the set C' = CU{x € X: V(z) < d}
is small, C' x C' is a (1,€,v)-coupling set, and the kernel Q, defined as in (7.45),
satisfies the drift condition (7.58) with C = C' xC', V(z,2") = (1/2)[V (z) +V (2')],
and X\ =X+ b/(1 +d) provided \ < 1.

Proof. For (z,2') ¢ C we have (1 +d)/2 < V(x,z'). Therefore

QV (¢.) < AV (w.a') + 2 < ()\+1jd>17(m v).

and for (z,2') € C it holds that

QV(z,2') = [QV (2) + QV () — 2ev(V)]
b—ev(V)

1—c¢

1
2(1—¢)

(1 i e)V(x’wl) +

<

O

Proposition 196. Assume that Q) admits a (1, ¢, v)-coupling set C' and that there
exists a_choice of the kernel Q) for which there is a measurable function V : X —
[1,00), A € (0,1) and b > 0 such that

QV < \V +bls . (7.58)

Let W : X — [1,00) be a measurable function such that W(z) + W (z') < 2V (x,2")
for all (z,2') € X x X. Then there exist p € (0,1) and ¢ > 0 such that for all
(z,2") € X x X,

1Q™(z,) = Q" (z',)lw < eV (z,2")p" . (7.59)

Proof. By Proposition 186, proving (7.59) amounts to proving the requested bound
for E, o[V (X,,) K, (¢)]. We only consider the case ¢ € (0,1), the case ¢ = 1 being
easier. Write Z = (x,z). By induction, the drift condition (7.58) implies that

n—1

E: V(X)) =Q"V(Z) <A"V(Z)+bY N <V(@)+b/(1-N). (7.60)
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Recall that Ky(e) = (1 —€)"(9) for e € (0,1), where 1,(C)) = ]lc(X») is
the number of visits to the coupling set C' before time n. Hence K ( ) is Fp_1-
measurable. Let j < n-+1 be an arbitrary positive integer to be chosen later. Then
(7.60) yields

Ez[V(X0) Kn(€) 1y, @)2)] < (1= €/ Ea[V(X)]1(j<ny
V(@) +b/(1 = N1 =€) Lij<ny - (7.61)

Put M = supcc QV(2)/V(Z) and B =1V [M(1—¢€)/A]. For k =0,...,n, define
Z = \7*[(1 — €)/B]"(©)V(X},). Because n,,(C) is F,_;1-measurable, we obtain

IN

Ez[Zn | Froi] = X"QV(Xn_1)[(1 — €)/B]™(©)
SX V(X)L = €)/B"™ D ee (Xon)
MV (Xp-1)[(1 = €)/B™ D La(Xn-1) -

Using the relations 7, (C) = 7,-1(C) + 15(X,-1) and M( —¢€) < BA, we find

that Ez[Z, | F._1] < Z,_1 and, by induction, Ez[Z,] < Ez[Zo] = V(). Hence, as
B>1,

Ex[V(X0)Kn()1y,, 0)<jy] < A"BEz[Z,] < X"B V(z) . (7.62)
Gathering (7.61) and (7.62) yields
Ba [V (Xn) K ()] < [V(2) +b/(1 = NI [(1 = €) Lijzny + A"B] .

If B =1, choosing j = n + 1 yields (7.59) with p = A, and if B > 1 then set
J = [am] with o € (0,1) such that log()\) + alog(B) < 0; this choice yields (7.59)
with p = (1 —€)* Vv (AB%) < 1. O

Example 197 (Autoregressive Model, Continued). In the model of Example 148,
we have verified that V (z) = 1+ 2 satisfies (7.56) when the noise variance is finite.
We can deduce from Theorem 194 a variety of results: the stationary distribution
has finite variance and the iterates Q™(xz,-) of the transition kernel converge to
the stationary distribution 7 geometrically fast in V-total variation distance. Thus
there exist constants C' and p < 1 such that for any = € X, [|Q"(z, ) — 7|y <
C(1+22)p™. This implies in particular that for any z € X and any function f such
that sup,cx (1 + 22) 7! f(2)] < 0o, E4[f(X»)] converges to the limiting value

1— ¢?

2702

(1—¢?)a?
2

exp [— } f(z)dx

geometrically fast. This applies for the mean, f(x) = x, and the second moment,
f(x) = 2% (though in this case convergence can be derived directly from the autore-
gression).

7.2.6 Limit Theorems

One of the most important problems in probability theory is the investigation of
limit theorems for appropriately normalized sums of random variables. The case
of independent random variables is fairly well understood, but less is known about
dependent random variables such as Markov chains. The purpose of this section is
to study several basic limit theorems for additive functionals of Markov chains.
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Law of Large Numbers

Suppose that {X} is a Markov chain with transition kernel @) and initial distri-
bution r. Assume that @ is phi-irreducible and aperiodic and has a stationary
distribution 7. Let f be a m-integrable function; 7 (| f|) < co. We say that the se-
quence { f(X})} satisfies a law of large numbers (LLN) if for any initial distribution
von (X, X), the sample mean n=*>"}'_, f(X}) converges to m(f) P,-a.s.

For i.i.d. samples, classical theory shows that the LLN holds provided = (]f]) <
o0. The following theorem shows that the LLN holds for ergodic Markov chains;
it does not require any conditions on the rate of convergence to the stationary
distribution.

Theorem 198. Let (Q be a positive Harris recurrent transition kernel with invariant
distribution w. Then for any real w-integrable function f on X and any initial
distribution v on (X, X),

n— oo

lim n~' Y f(Xy) =7(f) P,-as. (7.63)
k=1

The LLN can be obtained from general ergodic theorems for stationary processes.
An elementary proof can be given when the chain possesses an accessible atom. The
basic technique is then the regeneration method, which consists in dividing the chain
into blocks between the chain’s successive returns to the atom. These blocks are
independent (see Lemma 199 below) and standard limit theorems for i.i.d. random
variables yield the desired result. When the chain has no atom, one may still employ
this technique by replacing the atom by a suitably chosen small set and using the
splitting technique (see for instance Meyn and Tweedie, 1993, Chapter 17).

Lemma 199. Let Q be a positive Harris recurrent transition kernel that admits an
accessible atom «. Define for any measurable function f,

si(f) = (Z f<Xk>> o0 =1, (7.64)
k=1

Then for any initial distribution v on (X, X), k > 0 and functions {¥;} in Fy, (R),
k k
E, [TTWilsi(M) | =Eu [a(s1 ()] ] Ea 1950550 -
j=1 j=2

Proof. Because the atom « is accessible and the chain is Harris recurrent, Pw(T(gk) <
o0) = 1 for any x € X. By the strong Markov property, for any integer k,

Eu[W1(s1(f)) - (s (f))]
Ui(s1(f)) - ¥ro1(sk—1(f)) Ea[Vi(sk(f)) |]:T;k*1)]1{f§¥k*1><oo}]
v

1(s1(f)) - -1 (sk—1(f))] Ea[Wk(s1(f))] -
The desired result in then obtained by induction. O

of Theorem 198 when there is an accessible atom. First assume that f is non-negative.
Denote the accessible atom by « and define

n = Z 1o(Xk) (7.65)
k=1
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the occupation time of the atom « up to time n. We now split the sum >_7_, f(Xx)
into sums over the excursions between successive visits to «,

n Mn n
S =Y "si(H+ Y. f(X).
k=1 j=1 = (7m) 41

This decomposition shows that

Nn n Nnt1
S5 () <D XD <D s (7.66)
Jj=1 k=1 j=1

Because @ is Harris recurrent and « is accessible, 1, — oo P-a.s. as n — co. Hence
s1(f)/mm — 0 and (9, —1)/n, — 1 P,-a.s. By Lemma 199 the variables {s;(f)};>2
are 1.i.d. under P,. In addition E,[s;(f)] = pa(f) for j > 2 with p4, defined in
(7.30), being an invariant measure. Because all invariant measures are constant
multiples of p, and 7(|f|) < 00, Eq[s;(f)] is finite. Writing

1 Mn Sl(f) T}n—l 1 MNn
= si(f) = + si(f)
nn; ! M T %—1; !

the LLN for i.i.d. random variables shows that

o
lim — Zsj(f) =puo(f) Po-as.,
n=00 1]y, j=1
whence, by (7.66), the same limit holds for n,;* >"7 f(Xj). Because w(1) = 1, uqa(1)
is finite too. Applying the above result with f = 1 yields n/n, — ua(1), so that
n ST F(Xk) = ta(f)/1a(1) = 7(f) Py-a.s. This is the desired result when f > 0.
The general case is is handled by splitting f into its positive and negative parts. [

Central Limit Theorems

We say that {f(Xj)} satisfies a central limit theorem (CLT) if there is a constant
o?(f) > 0 such that the normalized sum n~1/2 3"} { (X)) — 7(f)} converges P,-
weakly to a Gaussian distribution with zero mean and variance o2(f) (we allow
for the special case 0?(f) = 0 corresponding to weak convergence to the constant
0). CLTs are essential for understanding the error occurring when approximating
7(f) by the sample mean n='Y ;| f(Xj) and are thus a topic of considerable
importance.

For i.i.d. samples, classical theory guarantees a CLT as soon as 7(|f|?) < oco.
This is not true in general for Markov chains; the CLTs that are available do require
some additional assumptions on the rate of convergence and/or the existence of
higher order moments of f under the stationary distribution.

Theorem 200. Let Q be a phi-irreducible aperiodic positive Harris recurrent tran-
sition kernel with invariant distribution w. Let f be a measurable function and
assume that there exists an accessible small set C' satisfying

TC 2
2
/zecw(dz)Em <kz_:1|f|(Xk)> <oo and /Cﬂ'(dz)Em[Tc]<oo. (7.67)

Then 7(f?) < oo and {f(Xx)} satisfies a CLT.
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Proof. To start with, it follows from the expression (7.32) for the stationary distri-
bution that

zcjf%xk)] < / n(de) E, (fjum») <o
k=1 c k=1

We now prove the CLT under the additional assumption that the chain admits
an accessible atom «. The proof in the general phi-irreducible case can be obtained
using the splitting construction. The proof is along the same lines as for the LLN.
Put f = f — 7(f). By decomposing the sum Sohey f(X}) into excursions between
successive visits to the atom «, we obtain

W(fz):/cﬂ(dx)Ez

Mn

2N F(Xe) =Y s (D] < n s (17D + 0 sy, (1) (7.68)
k=1 j=2

where 7, and s;(f) are defined in (7.65) and (7.64). It is clear that the first term
on the right-hand side of this display vanishes (in P,-probability) as n — co. For
the second one, the strong LLN (Theorem 198) shows that n~' Y} s?(| f|) has an
P,-a.s. finite limit, whence, P,-a.s.,

. () . I~ 5, - n+l 1 &2,
hmsup¥:hmsup EZS?(UD_ - nJrlZs?(m) =0.

The strong LLN with f = 1, also shows that n,/n — w(a) P,-a.s., so that
Sg;n( ﬂ)/”n — 0 and n_1/25n7L+1(|f|) — 0 P,-a.s.

Thus n= /237 f(Xg) and n=/2377" s;(f) have the same limiting behavior.
By Lemma 199, the blocks {s3(|f|)};>2 are i.i.d. under P,. Thus, by the CLT
for ii.d. random variables, n~'/2 > 5 8;(f) converges P,-weakly to a Gaussian
law with zero mean and some variance o2 < oo; that the variance is indeed fi-
nite follows as above with the small set C being the accessible atom «. The so-
called Ascombe’s theorem (see for instance Gut, 1988, Theorem 3.1) then implies

that n, 1/2 2 f(Xg) converges P,-weakly to the same Gaussian law. Thus we

may conclude that n=Y/2 37" F(Xy) = (na/n)"2nn /* 30 F(X)) converges P,-
weakly to a Gaussian law with zero mean and variance m(a)o?. By (7.68), so does
n-1/2 Z’T f(Xk) O

The condition (7.67) is stated in terms of the second moment of the excursion
between two successive visits to a small set and appears rather difficult to verify
directly. More explicit conditions can be obtained, in particular if we assume that
the chain is V-geometrically ergodic.

Proposition 201. Let Q be a phi-irreducible, aperiodic, positive Harris reccurrent
kernel that Q satisfies a Foster-Lyapunov drift condition (see Definition 191) outside
an accessible small set C, with drift function V. Then any measurable function f
such that |f|* <V satisfies a CLT.

Proof. Minkovski’s inequality implies that

Tc—1 2 9] 1/2
E, ( > |f(Xk>> {Z \/Ex[f%m{mk}]}
k=0 k=0

IN

IN

o 1/2
{Z ¢Ex[v<xk>n{fc>k}]} .
k=0
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Put M, = )\_kV(Xk)]l{TCZk}, where A is as in (7.56). Then for k& > 1,

E[Mi1 | Fi] < A FVEV(Xip) | FalLireskiny
< ANV X)Lgeskiny < My,

showing that {M}} is a super-martingale. Thus E,[My] < E,[M;] for any = € C,
which implies that for £ > 1,

sup B[V (X)L 7o) < X [sup V() ]
zeC zeC

7.3 Applications to Hidden Markov Models

As discussed in Section 1.2, an HMM is best defined as a Markov chain { X}, Y% } >0
on the product space (X x Y, X ® )). The transition kernel of this joint chain has
a simple structure reflecting the conditional independence assumptions that are
imposed. Let @ and G denote, respectively, a Markov transition kernel on (X, X))
and a transition kernel from (X, X) to (Y,)). The transition kernel of the joint
chain { X, Y% }i>o is given by, for any (z,y) € X x Y,

meyqz//m@mﬁawﬂw, (@) EXXY,CEX®Y. (7.69)
C

This chain is said to be hidden because only a component (here {Y} },>0) is observed.
Of course, the process {Yj} is not a Markov chain, but nevertheless most of the
properties of this process are inherited from stability properties of the hidden chain.
In this section, we establish stability properties of the kernel T" of the joint chain.

7.3.1 Phi-irreducibility

Phi-irreducibility of the joint chain 7" is inherited from irreducibility of the hidden
chain, and the maximal irreducibility measures of the joint and hidden chains are
related in a simple way. Before stating the precise result, we recall (see Section 1.1.1)
that if ¢ is a measure on (X, X'), we define the measure ¢ @ G on (X x Y, X ® Y) by

¢®Gmf§/ﬁuumawdw, AcXa).

Proposition 202. Assume that Q is phi-irreducible, and let ¢ be an irreducibility
measure for Q. Then ¢ ® G is an irreducibility measure for T. If 1 is a mazimal
irreducibility measure for Q, then v ® G is a maximal irreducibility measure for T

Proof. Let A € X®Y be a set such that ¢ ® G(A) > 0. Denote by ¥4 the function
Wy(z) = [y G(z,dy) La(z,y) for z € X. By Fubini’s theorem,

6©G(4) = / / o(dz) Gz, dy) 1a(z,y) = / o(dz) U a(z) |

and the condition ¢@G(A) > 0 implies that ¢ ({¥4 > 0}) > 0. Because {¥4 > 0} =
U —o{%a >1/m}, we have ¢ ({4 > 1/m}) > 0 for some integer m. Because ¢
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is an irreducibility measure, for any x € X there exists an integer k > 0 such that
QF (z,{¥ 4 > 1/m}) > 0. Therefore for any y €Y,

T [(z,y), A / Q% (z,da’) G/, dy') L a(z', ) /Q (x,dx") U4 (z")
> [ Q" (z,d') Wa(a') > ~Q (v, {W4 > 1/m}) > 0
{¥A>1/m} m

showing that ¢ ® G is an irreducibility measure for 7.
Morever, using Theorem 147, we see that a maximal irreducibility measure ¢
for T is given by, for any 6 € (0,1) and A € X ® ),

[ stan) Gy @ -5) fj 5T ((2,y), A]
// (1-6 Zém/q’) (dz) Q™ (z,dx’) Gz, dy') L 4(x', y/")

m=0

Yr(A)

/ / $(dr') G(a!,dy) La(e' o) = $ ® G(A) ,

where

/¢dz (1-46 deQm(mB) BeXx.

By Theorem 147, ¢ is a maximal irreducibility measure for ). In addition, if 1/3 is
a maximal irreducibility measure for (), then 1 is equivalent to 1. Because for any
AeX®),

boaA /wd:c (2, dy) La (e, y) = /w@adedy)w( JLa(z,y)

dip
1 ® G(A) = 0 whenever ¥ ® G(A) = 0. Thus 1) ® G < ¢ ® G. Exchanging  and 1
shows that ¥ ® G and ¥ ® G are indeed equivalent, which concludes the proof. [

Example 203 (Stochastic Volatility Model). The canonical stochastic volatility
model (see Example ?77?) is given by

Xiy1 = Xy +0oUg Upr ~N(0,1),
Yy, = Bexp(Xi/2)Vi Vi, ~N(0, 1),

We have established (see Example 148) that because {Uy} has a positive density
on R*, the chain {X;} is phi-irreducible and AP is an irreducibility measure.
Therefore { X}, Y3} is also phi-irreducible and AP ® A€ is a maximal irreducibility
measure.

7.3.2 Atoms and Small Sets

It is possible to relate atoms and small sets of the joint chain to those of the hidden
chain. Examples of HMMSs possessing accessible atoms are numerous, even when
the state space of the joint chain is general. They include in particular the Markov
chains whose hidden state space X is finite.

Example 204 (Normal HMM, Continued). For the normal HMM (see Exam-
ple ??), it holds that T[(z,v),:] = T[(z,y'), ] for any (y,y’) € R x R. Hence
{z} x R is an atom for T
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When accessible atoms do not exist, it is important to determine small sets.
Here again the small sets of the joint chain can easily be related to those of the
hidden chain.

Lemma 205. Let m be a positive integer, € > 0 and let n be a probability measure
on (X, X). Let C € X be an (m,e,n)-small set for the transition kernel Q, that is,
QM (x,A) > ele(z)n(A) for allx € X and A€ X. Then C x Y is an (m,e,n® G)-
small set for the transition kernel T defined in (1.14), that is,

T"[(z,y), Al > ele(@)n®@ G(A), (1Y) EXXY, AcXRY.

Proof. Pick (z,y) € C x Y. Then
(@) A = [[ Q" ede) G y) 1ae' )

e [[ ) Gt ) 1atel ).

Y

O

If the Markov transition kernel @ on (X, X) is phi-irreducible (with maximal
irreducibility measure 1), then we know from Proposition 157 that there exists an
accessible small set C. That is, there exists a set C € X with P, (7¢ < 00) > 0 for
all z € X and such that C' is (m, €, n)-small for some triple (m, e, n) with n(C) > 0.
Then Lemma 205 shows that C' x Y is an (m, €,n ® G)-small set for the transition
kernel T

Example 206 (Stochastic Volatility Model, Continued). We have shown in Ex-
ample 148 that any compact set K C R is small for the first-order autoregression
constituting the hidden chain of the stochastic volatility model of Example 203.
Therefore any set K x R, where K a compact subset of R, is small for the joint
chain {Xk, Yk}

The simple relations between the small sets of the joint chain and those of the
hidden chain immediately imply that 7" and ) have the same period.

Proposition 207. Suppose that Q is phi-irreducible and has period d. Then T is
phi-irreducible and has the same period d. In particular, if Q is aperiodic, then so
s T.

Proof. Let C be an accessible (m, €, n)-small set for @ with n(C) > 0. Define E¢
as the set of time indices for which C' is a small set with minorizing probability
measure 1),
Ec ™ {n>0: Cis (n,en)-small for some € > 0} .

The period of the set C' is given by the greatest common divisor of Ec-. Propo-
sition 180 shows that this value is in fact common to the chain as such and does
not depend on the particular small set chosen. Lemma 205 shows that C x Y is an
(m, €,n®G)-small set for the joint Markov chain with transition kernel T', and that
n®G(C xY)=n(C) > 0. The set Ecxy of time indices for which C' x Y is a small
set for T' with minorizing measure n ® G is thus, using Lemma 205 again, equal to
E¢. Thus the period of the set C' is also the period of the set C' x Y. Because the
period of T does not depend on the choice of the small set C' x Y, it follows that
the periods of () and T coincide. O
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7.3.3 Recurrence and Positive Recurrence

As the following result shows, recurrence and transience of the joint chain follows
directly from the corresponding properties of the hidden chain.

Proposition 208. Assume that the hidden chain is phi-irreducible. Then the fol-
lowing statements hold true.

(i) The joint chain is transient (recurrent) if and only if the hidden chain is tran-
sient (recurrent).

(i) The joint chain is positive if and only if the hidden chain is positive. In addi-
tion, if the hidden chain is positive with stationary distribution w, then # ® G
18 the stationary distribution of the joint chain.

Proof. First assume that the transition kernel () is transient, that is, that there is
a countable cover X = U; A; of X with uniformly transient sets,

sup E, 14,(Xp)| <.
TEA; |J;

Then the sets {A4; x Y};>1 form a countable cover of X x Y, and these sets are
uniformly transient because

E, (7.70)

Z ]lAixY(Xn; Yn)
n=1

=E, [Z La,(Xn)
n=1

Thus the joint chain is transient.

Conversely, assume that the joint chain is transient. Because the hidden chain
is phi-irreducible, Proposition 158 shows that there is a countable cover X = U; A;
of X with sets that are small for Q). At least one of these, say A;, is accessible
for . By Lemma 205, the sets A; x Y are small. By Proposition 202, A; x Y
is accessible and, because T is transient, Proposition 159 shows that A; x Y is
uniformly transient. Equation (7.70) then shows that A; is uniformly transient,
and because A; is accessible, we conclude that @ is transient.

Thus the hidden chain is transient if and only if the joint chain is so. The
transience/recurrence dichotomy (Theorem 151) then implies that the hidden chain
is recurrent if and only if the joint chain is so, which completes the proof of (i).

We now turn to (ii). First assume that the hidden chain is positive recurrent,
that is, that there exists a unique stationary probability measure 7 satisfying 7Q) =
w. Then the probability measure m ® G is stationary for the transition kernel T" of
the joint chain, because

(r® G)T(A) = / / (dz) G(z, dy) Q(z, dz') G(z/, dy') 1 a(2/, o)
/// 7(dx) Q(z,dx") G(a', dy’) 1 4(2, /)
= //ﬂ'(d;v’) G(z',dy' )1 4(2',y) =7 @ G(A) .

Because the joint chain admits a stationary distribution it is positive, and by Propo-
sition 179 it is recurrent.

Conversely, assume that the joint chain is positive. Denote by 7 the (unique)
stationary probability measure of 7. Thus for any A € X ® ), we have

J[ s, d Qe aa') 61y 14t )
— [[ #(@2.Y) Qo da) Gl dy s (') = 7(A)
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Setting A = A x Y for A € X, this display implies that
/ﬁ(dm,Y) Qz,A)=7(AXY).

This shows that m(A) = 7(A x Y) is a stationary distribution for the hidden chain.
Hence the hidden chain is positive and recurrent. O]

When the joint (or hidden) chain is positive, it is natural to study the rate at
which it converges to stationarity.

Proposition 209. Assume that the hidden chain satisfies a uniform Doeblin con-
dition, that is, there exists a positive integer m, € > 0 and a family {n; ., (x,2’) €
X x X} of probability measures such that

QM (z, A)ANQ™(2',A) > eng . (A), A€ X, (z,2') eXxX.

Then the joint chain also satisfies a uniform Doeblin condition. Indeed, for all (z,y)

and (2',y') imn X xY and all A€ X ® ),
T™((2,y), AJANT™ (2, y'), A] = €fig0r (A)

where
() = / o (d7) G, dy) 15 (x,)

The proof is along the same lines as the proof of Lemma 205 and is omitted.
This proposition in particular implies that the ergodicity coefficients for the kernels
T™ and Q™ coincide; 6(T™) = §(Q™). A straightforward but useful application of
this result is when the hidden Markov chain is defined on a finite state space. If the
transition matrix @ of this chain is primitive, that is, there exists a positive integer
m such that Q™ (z,2’) > 0 for all (z,2’) € X x X (or, equivalently, if the chain
Q is irreducible and aperiodic), then the joint Markov chain satisfies a uniform
Doeblin condition and the ergodicity coefficient of the joint chain is bounded as
O(T™) <1—e with

e= inf  sup [Q™(z,2") AQ™ (2, 2")] .
(z,2")EXXX grrex

A similar result holds when the hidden chain satisfies a Foster-Lyapunov drift
condition instead of a uniform Doeblin condition. This result is of particular interest
when dealing with hidden Markov models on state spaces that are not finite or
bounded.

Proposition 210. Assume that Q is phi-irreducible, aperiodic, and satisfies a
Foster-Lyapunov drift condition (Definition 191) with drift function V outside a
set C'. Then the transition kernel T also satisfies a Foster-Lyapunov drift condition
with drift function V outside the set C X Y,

T[(z,y), V] < AV(z) + blexy(z,y) -

Here on the left-hand side, we wrote V' also for a function on X x Y defined by
Viz,y) =V(z).

The proof is straightforward. Proposition 195 yields an explicit bound on the
rate of convergence of the iterates of the Markov chain to the stationary distribution.
This result has a lot of interesting consequences.
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Proposition 211. Suppose that Q is phi-irreducible, aperiodic, and satisfies a
Foster-Lyapunov drift condition with drift function V' outside a small set C. Then
the transition kernel T is positive and aperiodic with invariant distribution ™ @ G,
where 7 is the invariant distribution of Q. In addition, for any measurable function
f: X xY =R, the following statements hold true.

(i) If sup,ex[V(2)] 7! [ G(z,dy) |f(z,y)| < oo, then there exist p € (0,1) and
K < oo (not depending on f) such that for any n >0 and (z,y) € X XY,

T f(z,y) — 7 @ G(f)] < Kp"V(x) S}g([V(x')]*l ntG(z', dy) | f(2',y)] -

(1) If supgex[V ()]~ [ G(z,dy) f*(z,y) < oo, then Ergclf*(Xo,Yo)] < co and
there exist p € (07 1) and K < oo (not depending on f) such that for anyn > 0,
‘COVTI' [f(X’ru Yn)a f(X07 YO)“

< 5wV {suwplV @] [ 6o 7o) |}2 .

zeX

Proof. First note that

(T f(ay) — 7@ Gf)| = ] 1@ @) - mtaiow a5

< [lQ"(z,-) — 7llv sup [V(w’)]*l/G(l‘”dy) [f (" y)l -

z’'eX
Now part (i) follows from the geometric ergodicity of @ (Theorem 194). Next,
because (V) <

Eroclf?(Xo.Yo)] = / / w(de) Gz, dy) (2, y)

< n(V)suplV / Gz, dy) f2(z,y) <

zeX
implying that | Cov.[| f(Xn, Yo)l, | f(Xo, Y0)|]| < Var,[f(Xo,Yo)] < co. In addition
Covr[f(Xn, Yn), f(Xo, Y0)]
EAE[f(Xn,Y,) — 7@ G(f)| Folf(Xo, Yo)}
[[ 7 Gyt [[ @) -~ ni@a) G dy') £
(7.71)

By Jensen’s inequality [ G(z,dy)|f(z,y)| < [[ G(z,dy) f?(z,y)]"/? and
QVY2(x) < [QV(2)]V? < AV (z) + bl (x)]Y/? < NV2VY2(2) + 21 ()

showing that ) also satisfies a Foster-Lyapunov condition outside C' with drift
function V/2. By Theorem 194, there exists p € (0,1) and a constant K such that

\ 1@ w.aa) ~ mtamn Gy s )

IN

1Q™ (@) — mllyasz sup VY2 (z) / (! dy) | (')
z’eX

IN

Kp"V'2(z) sup V’l/Q(x')/G(l‘/’dy) [f (@)l -
z’'eX

Part (ii) follows by plugging this bound into (7.71). O
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Example 212 (Stochastic Volatility Model, Continued). In the model of Exam-
ple 203, we set V(x) = e’ /20 for § > oy- It is easily shown that

2? $2(p° + 52)}

QV(2) = L exp [2 S

ou
where p? = 062 /(0% — o). We may choose § large enough that ¢2(p®+42%)/62 < 1.
Then lim supy, ., @V (z)/V (x) = 0 so that @ satisfies a Foster-Lyapunov condition
with drift function V(z) = ¢* /25" outside a compact set [—M, +M]. Because every
compact set is small, the assumptions of Proposition 211 are satisfied, showing that
the joint chain is positive. Set f(z,y) = |y|. Then [G(xz,dy)|y| = Be™/%\/2/T.
Proposition 211(ii) shows that Var,(Yy) < oo and that the autocovariance function
Cov(|Ynl, [Yo|) decreases to zero exponentially fast.
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in sequential Monte Carlo, 67 Efficient score test, 143
Accessible set, 155 EKF, see Kalman, extended filter
AEP, see Asymptotic equipartition prop- EM, see Expectation-maximization
erty Equivalent parameters, 129
Asymptotic equipartition property, see Expectation-maximization, 96
Shannon-McMillan-Breiman the- convergence of, 116

Accept-reject algorithm

orem

Atom, 156

Backward smoothing
decomposition, 27
kernels, 27-28

Balance equations
detailed, 6
global, 6
local, 6

Bayes
formula, 28
operator, 41
rule, 23

Bayesian
model, 28

Bootstrap filter, 77

Canonical space, 4
Chapman-Kolmogorov equations, 2
Communicating states, 147
Conditional likelihood function, 64
log-concave, 69
Contrast function, 122
Coordinate process, 4
Coupling
inequality, 171
of Markov chains, 171-173
set, 172

Dobrushin coefficient, 36
Doeblin condition, 37

for hidden Markov model, 186
Drift conditions

for hidden Markov model, 186

for Markov chain, 166169, 175-178

Foster-Lyapunov, 175

ECM, see Expectation-maximization

ECM, 120

for missing data models, 103

in exponential family, 99

intermediate quantity of, 97
Exponential family, 99

Exponential forgetting, see Forgetting

Filtered space, 3
Filtering, 15
Filtration, 3
natural, 3
Fisher identity, 100, 106, 135
Forgetting, 39-56
exponential, 46, 125
of time-reversed chain, 138
strong mixing condition, 43, 46
uniform, 40, 43-47
Forward smoothing
decomposition, 24
kernels, 24, 40
Forward-backward, 17-24
«, see forward variable
0, see backward variable
backward variable, 17
decomposition, 17
forward variable, 17
scaling, 21

Growth model
comparison of SIS kernels, 71-72

performance of bootstrap filter, 78

Hahn-Jordan decomposition, 32

Harris recurrent chain, see Markov chain,

Harris recurrent
Harris recurrent set, 163
Hidden Markov model, 7-8
aperiodic, 184
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discrete, 7
fully dominated, 7
likelihood, 14
log-likelihood, 14
partially dominated, 7
phi-irreducible, 184
positive, 185
recurrent, 185
transient, 185
Hitting time, 147, 153
HPD (highest posterior density) region,
78

Identifiability, 129-134, 143
in Gaussian linear state-space model,
114
of finite mixtures, 132
of mixtures, 132
Implicit conditioning convention, 18
Importance kernel, see Instrumental ker-
nel
Importance sampling, 58-59
self-normalized, 58

sequential, see Sequential Monte Carlo

unnormalized, 58
Importance weights
normalized, 59
coeflicient of variation of, 74
Shannon entropy of, 75
Incremental weight, 63
Information matrix, 140
observed, 122
convergence of, 141
Initial distribution, 3
Instrumental distribution, 58
Instrumental kernel, 62
choice of, 63
optimal, 65-67
local approximation of, 68-72
prior kernel, 64
Invariant measure, 150, 164
sub-invariant measure, 164
Inversion method, 79
Irreducibility measure
maximal, 154
of hidden Markov model, 182
of Markov chain, 154

Kalman
extended filter, 70
unscented filter, 70
Kernel, see Transition
Kullback-Leibler divergence, 97
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Lagrange multiplier test, 143

Likelihood, 14, 103, 123-124
conditional, 23, 24, 123

Likelihood ratio test, 142
generalized, 142

Local asymptotic normality, 123

Log-likelihood, see Likelihood

Louis identity, 100

Markov chain
aperiodic, 152, 170
canonical version, 4
central limit theorem, 180, 181
ergodic theorem, 153, 170
geometrically ergodic, 175
Harris recurrent, 163
irreducible, 148
law of large numbers, 179
non-homogeneous, 5
null, 152, 164
on countable space, 147-153
on general space, 153-182
phi-irreducible, 154
positive, 164
positive recurrent, 152
recurrent, 150
reverse, 9
reversible, 6
solidarity property, 150
strongly aperiodic, 170
transient, 150
Markov property, 5
strong, 5
Maximum likelihood estimator, 121
asymptotic normality, 122, 123, 141
asymptotics, 122-123
consistency, 122, 125-129, 141
convergence in quotient topology, 129
efficiency, 123
Metropolis-Hastings algorithm
geometric ergodicity, 176
phi-irreducibility, 155
Missing information principle, 140
Mixing distribution, 132
Mixture density, 132

Noisy AR(1) model
SIS with optimal kernel, 67
SIS with prior kernel, 6465
Normal hidden Markov model
identifiability, 133
likelihood ratio testing in, 142
Normalizing constant, 58
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Occupation time

of set, 153

of state, 148
Oscillation semi-norm, 33

Particle filter, 57, 77
Period
of irreducible Markov chain, 153
of phi-irreducible HMM, 184
of phi-irreducible Markov chain, 170
of state in Markov chain, 152
Posterior, 23, 28
Prediction, 15
Prior, 23, 28
Probability space
filtered, 3

Radon-Nikodym derivative, 58
Rao test, 142
Recurrent
set, 155
state, 148
Regeneration time, 160
Resampling
in SMC, 75-78
multinomial, 59-60
alternatives to, 80
implementation of, 79-80
remainder, see residual
residual, 80-81
stratified, 81-82
systematic, 83
unbiased, 80
Resolvent kernel, see Transition
Return time, 147, 153
Reversibility, 6

Sample impoverishment, see Weight de-
generacy
Sampling importance resampling, 5961
estimator, 60
mean squared error of, 61
unbiasedness, 60
Score function, 134
asymptotic normality, 134-140
Sensitivity equations, 107
Sequential Monte Carlo, 57, 61-72
implementation in HMM, 61-63
with resampling, 72-78
Shannon-McMillan-Breiman theorem, 21
Shift operator, 4
SIR, see Sampling importance resampling
SIS, see Importance sampling
SISR, see Sequential Monte Carlo

INDEX

Small set
existence, 158
of hidden Markov model, 184
of Markov chain, 158
SMC, see Sequential Monte Carlo
Smoothing, 13, 15
fixed-interval, 13, 19
forward-backward, 19
Rauch-Tung-Striebel, 24
with Markovian decomposition
backward, 27
forward, 24
Splitting construction, 159-161
split chain, 159
State space, 3
Stationary distribution
of hidden Markov model, 185
of Markov chain, 150
Stochastic process, 3
adapted, 3
stationary, 6
Stochastic volatility model
approximation of optimal kernel, 69—
70
identifiability, 133
performance of SISR, 78
weight degeneracy, 74—75
Stopping time, 5
Strong mixing condition, 43, 46
Subspace methods, 114
Sufficient statistic, 99

Total variation distance, 32, 34
V-total variation, 171
Transient
set (uniformly), 155
state, 148
Transition
density function, 1
kernel, 1
Markov, 1
resolvent, 154
reverse, 3
unnormalized, 1
matrix, 1

UKF, see Kalman, unscented filter
Uniform spacings, 79

V-total variation distance, see Total vari-
ation distance

Wald test, 142
Weight degeneracy, 57, 73-75



