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Abstract. We analyze some extensions of the Sequential Monte Carlo (SMC) meth-
ods in the context of nonlinear state space models. Namely, we tailor the SMC
methods to handle high-order HMM through the customary recursions of poste-
rior distributions. It proceeds on mimicking the two-step procedure that is, the
prediction step and the update step, in the derivation of the filter distribution.
Once stated, we extend some smoothing recursions as the Forward-Backward al-
gorithm and the Backward smoother to deal with the actual smoothing distribu-
tions in high-order HMM. Finally, we give few examples as an application of these
extensions.
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Résumé. (Abstract in French) Nous analysons quelques extensions des méthodes
de Monte Carlo séquentielles (SMC) dans le contexte des modéles a espace d’états
non-linéaires. Précisément, nous adaptons les méthodes SMC pour traiter les HMM
d’ordre supérieur a travers les récursions habituelles des distributions a posteri-
ori. Cela procéde par mimer la procédure en deux étapes, c’est-a-dire I'étape de
prédiction et I'étape de mise a jour, dans la dérivation de la distribution du filtre.
Une fois obtenu, nous étendons certaines récursions de lissage comme 'algorithme
Forward-Backward et I'algorithme Backward Smoother pour traiter les distribu-
tions de lissage dans les HMM d’ordre supérieur. Enfin, nous donnons quelques
exemples de I'application de ces extensions.

1. Introduction

The literature of SMC methods is recent and can be dated from the paper
by Gordon et al. 1993. Although, several attempts had preceded including the
work by Handschin and Mayne 1969, Handschin 1970 among other. The main
obstacle to the SMC’s growth was the limitation of computing power. Since
then, several efforts have been made both in theory and in practice to lay down
the foundations of SMC methods. One may consults review articles such as
Doucet et al. 2000, Cappé et al. 2007 or books by Doucet 2001, Del Moral 2004
or Cappé, Moulines and Ryden 2005 which include several theoretical results and
a range of rich and varied applications in many areas.

So far, the SMC methods apply to hidden Markov models of order 1, commonly
called one-order HMM. Specifically, an X x Y—valued bivariate process {(Xy, Yx)},
where {X}} is an unobservable dynamic Markov model of order 1. {Y};} represents
the observation process used indirectly to quantify the realizations of the process
{X;} and satisfying the channel without memory property’s. However, it may
happen that the signal process { X} depends on more than one of its lags that is,
the memory process of the signal is more persistent. Thus, a direct application of
SMC methods still a little tricky.

To overcome this difficulty, one may at first think that a trivial rewriting of the
process {X}} according to its lags is enough and may help to fall in the usual case
of Markov chain of order 1. However, this formulation is not without causing addi-
tional difficulty. In fact, one may face among other the degeneracy problem of the
state noise resulting from this state transformation. A new approach is needed.
In this perspective, we derive a new approach that helps handling higher-order
HMM without any modification of the former kind . To achieve it, we just mimic
the different stages in the establishment of the filtering and smoothing equations
in non-linear and non-Gaussian state space models. Singularly, we mimic the pre-
diction and the correction steps of the filter distribution in one-order HMM and
adapt it to HMM of order strictly greater than one. Once done, we derive analogous
recursions to those of the Forward-Backward smoother and the particle smoother
by Godsill et al. 2004. In the sequel, we show a use of the SMC methods extension
in an example a stochastic volatility with an ¢ memory depth. As a final point, we
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show the usability of the SMC some parameter inference problems in linear and
Gaussian state-space model and in stochastic volatility model.

2. SMC methods in one-order HMM

Particle filter and smoother belong to SMC methods that aim at generating samples
realizations from actual and historical state sequences given the whole data set or
a part of it. The main idea being that any given measure on a measurable space
can be approximated by a sum of empirical measures. Particle filter aims at com-
puting recursively in time, the conditional distribution of the current state given
the whole data up to current time k, that is the filtering distribution. Smoothing
is more branched, however, most cases can be plugged into the joint smoothing
distribution. When classical approaches fail because of lack of analytical solutions
or for a non-linear or non Gaussian purpose, the SMC methods can help in
a certain way to get rid off most of these limitations. As long as some minimal
requirements are met, the SMC methods are set of powerful tools that approximate
any function of the state sequences even for a class of unbounded functions (See
Hu and Schén 2011 for detail of such unboundedness), given the data up to a
given time.

To state the general idea of particle filter and smoother, consider the following one-
order HMM:

X = ap(Xg—1, V&)

where ay(-) and b, (-) are possibly non-linear functions, {Xj} is a 1—order Markov
chain with initial state X, distributed according to a diffuse prior distribution v(-)
and transition kernel M from (X, B(X)) to (X,B(X)). We assume that M admits
a density function m w.r.t a dominating measure \. (Vj)i>1 and (Wy),>1 are ii.d
disturbance noises independent of X, respectively the state noise and the mea-
surement noise. We also assume that the observation process {Y;}, constructed
on the measurable space (), B())) is conditionally independent given { X} with a
marginal distribution admitting a density function g such that

VA€ BY). B € AX) = [ g(Xu ity
A
where p is a o—finite measure on (Y, 8())). To sum up, the model is given by

Xo ~v(-)
Xp| Xp—1 = 21 ~m(|op—1) B >1
Yi| Xy =z ~ g(-, 1)

For the sake of simplicity the data are fixed that is, Y}, = y, for all time indexes. The
Lebesgue measure is used as a reference measure in order to lighten the notations.
We also omit the dependence of the so called marginal likelihood function ¢(-) to
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the data by using the shortened notation gx(zx) := g(x,yx) and p(-) denotes a
generic symbol for densities. The following notations will be used to introduce the
quantities of interest. Let F,(X**1) be the set of bounded and measurable functions
on X*¥*+1. Given an HMM with initial state X, distributed according to v(-), define

¢u,0:k|k(f) =E, [f(XO:k)|Y1:k] , k=>0,f¢€ Fb(XkJrl) (1

as the conditional distribution of f(Xy.;) given Y7, with Xy ~ v(-). Whenever f
depends only on Xy, it is usual to simplify the notation to:

v (f) = Eu [f(Xp) Y1), k=1, f € Fp(X) (2)

and we refer to this as the filter distribution that is, the conditional distribution of
f(X%) given Y7.,. We also introduce the 1—step predictive distribution

G plk—1(f) = Ey [f(Xp)[Yik—1], E>1,f € Fy(X)

with the convention ¢, -; := v, where E, is the expectation taken with the
underlying law and emphasizing v as the initial distribution of X,. We also denote
similarly the corresponding conditional densities of the later distributions as
a slight abuse of notation. Their arguments help discriminate between these
functions. For example, ¢, ;(zx) is used to denote the filtering density while
bu,k|k—1(71) is the 1—step predictive density.

2.1. Filtering recursions

Particle filtering goal is to compute recursively in time the joint posterior distribu-
tion (1) or some of its features such as (2) a.k.a the filtering distribution. In terms
of operator, (1) admits the compact recursive formula

b ok—1jk—1(fgM)

Pooanlf) = g €T (3)
and (2) satisfies the recursive formulas:
bukliot = buk 1 M (4)
and
buaf) = Lkt lI90 yp o), ©

B ¢u,k\k71(gk)

Note that (3) and (5) are obtained via Bayes rule and (4) is a direct application
of Kolmogorov equation. A more intuitive interpretation of these relations can be
stated in terms of corresponding conditional densities given by:
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bu0:k—1]k—1(To:k—1)M(Tr—1, Tk )gr (Tx)

G0k = ko o) m(@e 1 209 () Ao ©

for the joint posterior density and
o kie—1(T8) = /X Mm(Tr—1,Tk) Dy —1)k—1(Th—1)dTr_1 (7)
6y 1 (1) = k(1K) Pu k-1 (k) 8

T 91 (@8) Pu k=1 (21 ) dey,

for the predictive and the filtering density respectively. So, particle filter is a two-
step procedure that uses (4) as a prediction step for the next state and (8) as an
update step according to the new observation. Within a Sequential Importance
sampling procedure, one can get a PF estimate of (6) :

Pu,0:k ik (do:) = 12“} 0t (dzosk)

and deduce an estimate of (8) as marginal distribution of the latter :

bu 1o (dzy) = 120% 5<> (dzxy,) 9)

where Q;, == YN w ) 02(-) is the Delta-Dirac mass located at = and w,(f) is the

importance weight assoc1ated to the particles position 5(()12 The detail derivation of
these weights may be found in Doucet 2001, Doucet and Johansen 2011. A sum-
mary of particle filter is given bellow.

q(-) is a generic notation for instrumental densities in the Importance Sampling
procedure. Note that the resampling step is done only if the degeneracy problem
appears, for example when using the effective sample size approximation as a
quantifier of this phenomena. Before moving towards, note that one can have an
approximation of the joint posterior distribution p(dzg.,|y1.,) just on storing the
outputs at each time step of the generic particle filter.

2.2. Smoothing recursions

The general idea shared by most of smoothing recursions is the nature of the re-
versed time of the dynamic model { X} }. In fact, { X}, } still a Markov chain, backward
in time. The following result makes clear that assertion.

Proposition 1. Given the data, {X}} is a Marlkov chain backward in time with tran-
sition backward kernels from (X, B(X)) to (X, B(X)) defined by:
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Algorithm 1 Generic particle filter

1: Initialization : For i = 1,2,..., N draw .féi) ~ ¢(-) and set wéi) =1/N;
2: Set k + 1
3: Importance Sampling step: For i =1,2,..., N

- draw§< )~ Q( ‘f()k 15 Y1: k)
- Evaluate and Normalize the importance weights :

()
ol o wl? (’E’f l’k)gk(’“)

& W @ 1)
q (& ‘§Ok 1YLk

4: Resampling step: (if necessary)
— Multiply/Discard E,?) w.r.t w,(f) to get §,<f) approximately distributed according to ¢, i
- Fori=1,2,...,N Setw!” = 1/N

5: Set k < k + 1 and go to the importance sampling step

Bk,V(Xk-‘rlv f) L= [f(Xk)‘Xk—Q—l:n; YO:n]

10
f (X0) | Xng1, Your) (10)

Jorany f € Fy(X).
Proof. See Cappé, Moulines and Ryden 2005, p.70. O

Under this backward dynamic, one can make use of smoothing recursions.

2.2.1. Marginal smoothing

The problem in concern is to compute backward and recursively in time the
smoothed distribution

¢u,k|n(f) =E [f(Xk)‘Yln] ) kE<n
for any f € Fy(X).
Lemma 1. For any 1 < k < n, the smoothed distribution factorizes as :

Pukin (f /ka [/ T (bykxk (xk’ka) by st (dzpg) | dy,

G k(@p)m( @y, Tpgr)day

= /X2 (@) By k(Try1, dog) by g1 jn (dTry1)

where By, ,(Xk41,.) is the Backward kernel for any function f € Fy(X).
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Consider the generic particle filter gathering the weighted samples {fk ,wk)}

that target the filtering distributions p(dzy|y1x) in the sense of (9), at time k
with & = 1,2,...,n. In addition, assume at time k£ + 1 one has weighted sample

‘N
{f a1 W +1‘n} targeting the distribution ¢}, in the sense:

N
Pup+1n (dTrr1) = ;w221|n55221(d““)'
j:

Combining the former and latter outputs, one can achieve a particle estimate of
the smoothed distribution given by:

N
Guin(f) = Zw,?l)nf(f,?)), for k <n
=1

where the smoothed importance weights are given by :

(i)
Zw’““‘"z m (e, 60),)

The summary of the procedure is given below:

wk|n =

Algorithm 2 Forward-Backward algorithm
1: Forward filtering step : For £ =0,...,n

. . N
- run the particles filtering algorithm to get the weighted particles {5 l(j),w,(j)} .
=1
2: Backward smoothing step

—Fori:l,...7Nsetwff‘)n:w,(f)
- Fork=n—-—1downto0 and ¢=1,...,N set

N m( () ¢G) )
G _ ., @ Z ©) k 25kt
U.}k\n Wy, ( Wk+1|n N T)m (5(,,) () )

- (
J=1 D1 Wi k 2 Sk+1

Remark 1. As one can notice, the F-B algorithm is nothing but a weigh update since
particle positions generated in the forward pass are kept. Moreover, it is an O(N?)
expensive algorithm at each time step.

2.2.2. Joint smoothing

An extension of the F-B algorithm is reachable for the joint posterior density
P(Tkn|y1n). Using similar argument as in the marginal smoothing, one can obtain
the following recursions:
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Lemma 2. Under (10), for any k < n thejoint smoothed density p(zy.,|y1.. ) factorizes
backward in time as :

p(xk:n|y1:n) = p($k|5fk+17 yl:k)p(‘rkJrl:n'yl:n)
which iterates to:

n—1

p(xk:nlylzn) = p(xn|y1n) H p(xr‘mr+17y1:r)~
r=k

From this result, one is able to compute the conditional expectation

¢k’:n\n(f) =E [f(an)|Y1n]
n—1 (11)
= Ln—k+1 f(xk:n)p(«fnwl:n) H p($r|$r+1’y1:r)dka

r==k

for any f € F,(X"~**1). Note at first that :

p(xr‘errla yl:r) X p(xr|y1:r)p(xr+1 ‘xr)
From a particle estimate of the density p(z,|zy4+1,y1.) :

N
ﬁ(wr|xr+1»y1:r) - Z nq(f"')éggm (1'7«)

=1
where
o _ o p(E Ve
R = D (gD’
S pleritey)

one can achieve a particle estimate of (11):

r=kk+1,....,n—1

S S SR S |
d)l/,k’:n\n(f) = " - 4 (1
tp=11%p41=1 in=1 r=k l 1 (TTJ:11|§7")) (12)
f( (Zk agkiil)a" 751(:”))7
. YN
where { ,(,“),wf«“)} ,7 = k,...,n — 1 are sets of weighted particles targeting
ip=1

the filtering distribution ¢, ,. Note that (12) has not a practical interest since it's
complexity is exponential. Nevertheless, it is of great interest in a theoretical per-
spective. In fact, the deriving marginal smoother estimates inherit the convergence
properties of the latter.
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2.2.3. Particle smoother

One of the limitations of the F-B algorithm is its computational cost. In fact, it
requires O(N?) operations at each time step to compute the smoothed weights.
Following Godsill et al. 2004 it is easy to get smoothed distribution estimate with
a linear computational effort at each time step under (10). Extending Lemma 2 to
whole time indexes one get:

Lemma 3. The joint posterior density factorizes as:

n—1

p<x0:n|y1:n) = p(xn|y1n) H p($k|$k+1a yl:k:)-
k=0

Consider a particle estimate of the distribution p(dxg|zg+1, y1.5) ©

N
Blderleisn,yrn) = D 58,0 ()
=1

where

H(i) - W;(:)P(l’k+1|fl(:))
® - o P ,
SN o plarsalel’)

Using the particle revision, one can draw consecutive states backward in time as
follows. Assume gk+1;n to be a random sample drawn from p(x;41.,|y1.n). Step back
in time and draw &, from p(mk\éHLm y1.n). The sample (fk, &H;n) is an approximate
random realization from p(zy.,|y1.n). Iterating the mechanism down to £ = 0, one
get a random sample from the joint smoothing density. The overall algorithm is
given bellow.

Algorithm 3 Smoothing algorithm
1: Fori=1,2,...,N choose &, = ¢ with probability w
2: Fork=n—1downto0andi=1,2,...,N
- Evaluate fs,(j) o w,ii)p(ék+1\§,(f));
_— Choose & = ,(f) with probability nf);
3: &o.n is an approximate random realization from p(zo.n|yo:n)-

This algorithm is an O(V) expensive at each time step.
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3. SMC methods in High-order HMM

Consider the following state space model

{ X = ap(Xp—ek—1, Vi)
Yi = bp(Xi—teks W)

where ai(-) and by (-) are possibly nonlinear functions, {X}} is an /—order Markov
chain with initial state sequences X_,._; distributed according to a diffuse prior
distribution v(-) and transition kernel M from (X, B(X)®¢) to (X, B(X)). We assume
that M admits a density function m w.r.t a dominating measure . (V);>o and
(Wk)k>0 are ii.d disturbance noises possibly correlated with corr(V;, W;) = pl,—;
and independent of X_,._;. We also assume that the observation process {Y;},
constructed on the measurable space (), 5())) is conditionally independent given
{X\} with a marginal distribution admitting a density function g such that

VA e B(Y), P(Yi € Al Xp_pp—1,Xk) = / 9( Xp—t:k—1, Xi, y)p(dy),
A

where i is a o—finite measure on (), B())). For the sake of simplicity, the data
are fixed that is, Y, = y, for all time indexes. We also omit the dependence of
likelihood function ¢ to the data by using the short hand notation gx(z,_;,zx) :=
g(mk,g;k,l,xk, -), with Ly 1 = T—p:k—1- To sum up

X—@:—l ~ V()
X Xpooq ~m(zy_q,) k>0
Yl Xp 1, Xi ~ grl(zy 1, 21)

3.1. {—order Filtering recursions

Consider the problem of computing recursively in time the following quantity :

Guibtt—1|kt—1(f) = By [f (Xpkre-1) Yok ro-1]

where —( + 1<k <n—/, for any f € F;(X*). Notice that on taking / = 1 and p = 0,
we fall in the classical nonlinear filtering problem in 1—order HMM. Since we deal
with state sequences, we shall call it in the sequel an ¢-filtering problem and the
resulting particle solution as an ¢— particle filter to emphasize the overlapping [—
size vectors in concern. A common way to approximate such a distribution is to

, , N
use a cloud of weighted particles {5 ,(;L o1 w,(cﬁ)re_l} through the estimate :
’ i=1

N
; —0-! (@)
Superre—thre(dzie) = QY Wire—10 - (dzne)
i=1 -

where Q41 = Zf; 1 W/?lé—l and w,(jl +, is obtained within an importance sampling
procedure. The following result give a way to solve the /-filtering problem recursively
in time.
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Proposition 2. For any index —¢ < k < n —{ and f € Fu(Xx*), the distribution
Gu kik+0—1|k+0—1 Satisfies the recursive relation :

¢u,k:k+£71\k+€71(f) CX/IZ+1 f(xk:kH—l)fbu,kf1:k+672\k+672(£k+tzf2)
X

X m(£k+5727$k+671)gk+€71(£k+5727$k+£71)d$k71:k+171
with the convention ¢, _y._q— := v.
Proof. It suffices to see that:

P(Thikto—1 \yo:meq)

Z/p($k71:k+e71\yo;kwq)dwkq O</ P(Th—1ikt0—15 Yokt t—1)dTh—1
X X

(X/p(afkfl:k+672‘yo:k+872)m(§k+472§$k+€71)gk+271(£k+4727xkj%fl)dl'kfl
X

so that,

Gukikett—1[k0—1(f)

/ f(@rikte—1) (/ P($k1:k+£1,y0;k+z1)d$k1> ATi:p+0—1
(13)
/ J(@hkro—1)Pu 1kt 1) kt0—2(Th—1:kr0—2)
pUas!

X ULy g g0 Thpb—1) Gkt —1 (T 2> T t—1)dTp 1k y0-1-
which leads to the result. O

In order to highlight the two-step procedure mentioned above, the following oper-
ator formulation is given :

O kikAl—1|k4+0—2 = Pu k—1:k+t—2|ktt—2M

as the prediction step and

Guksktt—1|k+0—2(f Irre—1)
Gu oskott—1|k0—2(Jrte—-1)
as the correction step, for any f € Fy(X%) and —¢+1 < k <n — /(. At time (k+ ¢ — 2),

Bu kit t—1|k+e—1(f) = (14)

N
assume one has a cloud of weighted sample {f ke Likf—2 w,(ﬁ)L o 2} approximating
the /-filter distribution ¢, j_1.54¢—2|k+¢—2 in the sense
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Guk—tort—2lite—2(dTh1:kr0-2) = Uty o g W;H_g 2 5() (dl'k—lzk+€—2)

where Qpp_o = ZN 1 W/(w)re »- A particle estimate at the next time step (k+ ¢ — 1) of
the ¢-filter distribution is achieved by :

éu,k:k+1€—1|k+1€—1 (f)

N
/ QI:JrZ 2 Zf(gl(cz:gwréf?’xk+£—1)wl(v:)%f2m(€l(clll:k+6727xk+(—1)

=1

X gk+e—1(€;j) Libt—2s Thoae—1)dThq 01 (15)
(4)
k+/ QZwk+i 2/ f( 5k kte—21 Lk+e— m (5k_1:k+£—2»xk+f*1)

X gk+z71(€k'_1:k+g_2, Thyr—1)dThip—1-

where the last integral of (15) can be thought as expectation under either the
transition density function or the likelihood density function. Note also that a
mixture argument can be considered to evaluate it. Notice that these recursive
weights are obtained within a classical bootstrap filter (see Gordon et al. 1993) or
the general framework of the auxiliary particle filter (see Pitt and Shephard 1999).

3.2. (-order smoothing recursions

Before stating ¢-order smoothing, we precise some smoothing quantities that can
be easily handled :

Gukin(f) =By [ F(X0) Yok <, (16)
Branain(9) 1= By [9(Xp, Xon)|Youu | | p = m < €41, a7

qbu,—@:n\n(h) =K, |:h(X7£:n)

YO} : (18)

for any f € Fy(X), g € Fy(X?) and h € F,(X"H*1). Since (16) and (17) are particular
cases of (18) we do not mention them here. In order to derive similar recursions as
in 1—order HMM, one needs to give the reversed time dynamic of the Markov chain
through backward transition kernels. The following result shows that the hidden
process still Markovian backward in time given the data.
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Proposition 3. Let v be an initial distribution on X_,._1, f € Fy(X), n > 0 and
—+1<p<n—{L Then {X,_r}r>0 is a Markov chain with backward transition
lkernels defined by:

By,p-‘,-f—l(Xp—&-l:p-‘rea f) = EV [f(XZJ)

= Eu [f(Xp)

p+1:na}/0:n:| (19)

p+1l:p+es YO:p+Eflj|

Proof. see Appendix A:. [J

3.2.1. Joint smoothing

To deal with (18) one needs the following factorization.

Lemma 4. For any function f € F,(X" 1), the joint smoothing distribution satisfies
the backward kernels decomposition:

¢y,—£:n|n(f) - / f(x—é:n)Bll,—l(x—Z-i-l:Oa dx—l)djmfé«kl:n\n(dl‘—@+1:n)

X71+Z+1
= T_y. VIR ATy —p11:
/me f(@—t:n)bun—t11:nfn (dTn—e41:n) (20)
n—~{
x T Buprer(@pripe day).
p=—/¢

To get a particle estimate of (18), one needs to run the following two steps. In the
first step, the /—filter distributions are approximated by

¢Vpp+/ 1|p+£— 1(dxpp+l 1 p+p 1 pr+p 1 g(lp) B (dxp:p+€71)7 (21)

ip=1
(ip) N
with { Wyt e 1 &ppro 1} - being the targeting weighted samples of the /—filter dis-
tributions ¢, .4 o—1)p+e—1(dz1:0). p = —¢,—C +1,...,n — £. The second step consists

in approximating the backward kernels B, ,i¢—1(Zp+1:p+e, dzp) by:

N (ip) (ip)

~ w m(§ ) +[)

By pti-1 (xp-&-l:p-k@a dwp) E p—M 1 = pﬂ_(e ptr 0 (ip) (dxp) (22)
ip=1 Zr 1 wp+€ 1m(£p:p+6717 $p+[)

p=—L,—0+1,....n—/L.

Plugging (21) and (22) into (20), a particle estimate of (18) is given by:
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qu,—ﬁ:n\n Q Z Z Z f " 2) 7££:ZZ£)7£7(111%+1n)

in=1 |i_p=1 in—e=1

iy (ip) (ipte)
3 p+l 1 (gp ;p;Jrf 17§pJIr)Z )

)
p=—/4 Zr 1wp+€ 1m(£pp+[ 1351) p+[)

(23)

X

i,
Wl ,L)7

for f € F, (X"+**1) . Before moving towards the theoretical properties of this esti-
mator, we give a summary description of the former procedure.

Algorithm 4 Smoothing in /—order HMM
1: Forward pass: For p = —{,—(+1,...,n —{ + 1 approximate ¢, ,.p4+¢—1jp+¢—1 by

¢V7p:p+2*1\p+£71(d1’p:p+f 1) Qere 1§ "Jp+e 10 (i)yz l(dxp:p—o—l—l)
pip -

2: Backward pass: For p = n — ¢ down to —¢ approximate B, ,i¢—1 by:

N (7'17)
A — 1m(§ ¢_1>Tp+e)
E P+ PP+ 5 (ip (d.pr)

By pre—1(Tpr1pte, drp) =
’ ) (r
ip=1 Zr:lw(:-[ 1m(§p:p+e—1v$p+l) &

Once the two passes performed, one can approximate (18) using (23) and deduce
approximation for (16) and (17) as marginal of the latter.

3.2.2. Particle smoother

One may also achieve similar particle smoother to those of Godsill et al. 2004 using
the following identity.

Lemma 5. Under Prop.3, the joint smoothing density factorizes as

n—~{

p($7€:n|y0:n) = p($n7€+1:n|y0:n) H p(xk|xk+1:n;y0:n)
k=—¢

where

p(Ik\IkH:myo:n) = p($k|xk+1:k+e,yo;k+1z—1)
o8 p($k+£‘xk:k+£—1)p($k:k+e—1 |y0:k+£—1)-
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Assume one has run the ¢/—order filter mentioned previously to get the weighted
particles

@) © N ii<k<n—t
Wito—15 Shikto—1 i1’ tlsk=sn
approximating the {¢—filter densities p(xg.k1e—1|Y0:k+¢—-1). Using the previous
weighted sample one could get a particle estimate of p(xg|Trs1.64¢, Yo:-kre—1):

N
PAk|Th g1kt Yorae—1) = Y K’(j)aizii) (dw)
i=1 '

where the modified weights are given by

0) W) o mE k4 o_1s Thtt)

K = =N : :
Ej:l wl(jjeflm(gl(ﬂj:l)c+efl’ Tite)

With these modified weights, one can simulate consecutive states in the reverse-
time as follows. Let 1., be a random sample drawn from p(z+1.n|y0:n), Step back
in time and draw z; from p(xg|Zx+1.n, Yo.n). The pair (Zy, Tx+1.,) iS an approximate
random realization of p(x.,|yo.,). Iterating this mechanism backward in time one
gets the smoothing algorithm.

Algorithm 5 Particle smoother in /—order HMM

1: Choose &,—¢i1. = €Y, .., With probability w’
2: For k =n — ¢ down to —¢ do

- Evaluate m,(f) x w]iig_lm(€£€3€+é_l,ék+[), fori=1,...,N;
- Choose &, = .5,(;) with probability f-c,(f)
3: EndFor
4: f_gm = (f_g, g—e+17 e En) is an approximate random realization from p(z_¢.n|yo:n)-

The computational complexity is O(N) at each time step which compares favorably
to the O(N?) of the marginal smoothing.

4. Parameter estimation

MCEM as a combination of the GEM with SMC is a tool that can be used to
estimate HMM when dealing with latent process. We do not fully detail the GEM
algorithm since it is well documented (see Dempster, Laird and Rubin 1977 or
McLachlan and Krishnan 2008 for a review). However, the main idea is depicted
bellow :
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Algorithm 6 Generalized EM algorithm

1: Choose an initial guess (®
2: Form=1,2,...do

1. E-Step : Compute Q(6,0(™ 1)

2. M-Step : Find 8(™ s.t Q(8(™),9(™~1) > Q™1 g(m—1)
3: EndFor.

The E-step consists in computing the intermediate quantity, that is the conditional
expectation of the logarithm of the complete data likelihood given the data and the
current value of the parameter vector (™~1 :

Q(Q(M)a 9(m—1)) = E(J(mfl) [logp(a(m) (X—Q:’ru YO:n) |Yz)n}

where (n + 1) is the sample size of the data indexed from 0 to n, pym) a generic
notation for densities depending on parameter /(™) and X is a hidden signal ini-
tialized to a diffuse prior distribution » on X_5._; and Y the observation process.
As a first illustration, consider the following toy example

X =mXg1+mXp o+ owWy
(24)
Y =Xk +ovVi,

We assume that (Vj, Wy),~, are i.i.d and independent of X_,._; with (Vi, W) ~

“((o)- (1))

where |1 £ 72| < 1 and || < 1 ensuring the stationarity of X. At iteration m of the
GEM, the parameters are updated through the recursive scheme

(m) ZZ:z Ee(ﬂl—l) |:<Xk*1Xk_7T;M)X’C*1Xk72) YO/"L
m
T = n
1 Sk Ey(m—1) [ngﬂyo/:n]
(m) k=2 Eg(m-1) |:<Xk_2Xk7ﬂ§m>Xk_1Xk_2) YO/Z”:|
m
T =
2

S By [X2_51Y5.]

[Ugn)] "= + ks Egon—n {(Yk — Xi)? ‘YO:H}

q/\
T3
no
|

2
=15 2 Epem- |:(Xk - ng)qu - Wém)kaz) ’YO:n:|

As a second illustration, consider the following discrete stochastic volatility model
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Fig. 1. MCEM iterations for (24) with true parameter 6* = (0.7, —0.15,0.2,0.3)

Xp=mXp_1 +mXp_o+ oWy
(25)
Yk = ﬁexp (Xk/Q) Vk,

under the same assumptions as in the former model. Since (V};) and (W},) are in-
dependent and Gaussian it's common to use a linearized version of (25) given by:

Xip1 = m Xy +m X1 + oW
(26)
Vi =+ Xer + kg1 — ¢

where Y/, := logY? |, n := logV}? are i.i.d noises independent of (W) with a
log x?(1) distribution, ¢ := E(log V}?) = —1.27049, a :=log % + ¢ and 6 := (71, w2, 0, )
is the parameter vector. On taking the derivatives of Q(6("™),9(™~1)) with respect to
each parameter on gets the recursive following parameter update :
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1994

(m)

22:2 Es(nl—l)

(Xk—1Xk77r§m>Xk—1Xk—2)

o™ —log [ 30 By [exp(Yi — Xy + O)[Vinl]

’
YO:n

U =

(m)

2 k=2 Eg(m—1)

Srer Bgom—n) [X2_41Y4..]

(kazxk—ﬂim)xkf1xk72)

Yo

n

772 ==

Shea Byom—1) [X2 51V,

oM = \/711 ZZ:z Egm-1) {(Xk - ng)Xk—l -

2
Xk—2) ‘}/Ol:nil

As a synthetic example, Fig.(2) is generated using the true parameter vector (7} =
0.8, 75 = 0.10,0* = /0.3, log[3*]? = —0.8612).
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Fig. 2. MCEM iterations for (26) with 6*
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As point perspective, the adjustment of the smoothing weights is required. Indeed,
one can notice that the estimates are not entirely satisfactory for some parameters
in this example. More attention is needed to correct this shortcoming.

5. Conclusion

In this paper, we were interested in extending classical sequential Monte Carlo
Methods in high-Order hidden Markov models in a methodological perspective. We
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have shown that it is possible to have similar recursive solutions when dealing
with posterior distributions in HMM whether for smoothing or filtering purposes.
We also illustrate some applications via parameters inference of linear Gaussian
model and stochastic volatility model using EM algorithm. This work is far from
over. We did not discuss the convergence of smoothing and filtering quantities.
However, there is a good chance of being able to adapt certain convergence results
existing in the literature of the SMC methods, notably those in Del Moral 2004,
Olsson et al. 2008 or Jasra 2015 among others.

Appendix A: Proof of Proposition 3

One may use the following intermediate result.

Lemma 6. For any function f € Fy,(X*) and indexk > 1 — ¢,

Bu skt t—1|k+0—-1(f) Lbre—1 =
ktl—1

/k [f(zk:k+£—1)l/(17—€:—1) H m(z; 13 %) 9i (i1, i) dT—pito—1
Akt i=0

where Ly, denotes the likelihood density of yo.+¢—1-

Proof. It suffices to see that:

P(T ki t—1Yorkro—1) = / Pkt —1|Y0:kte—1)dT _p.p—1
ke

_/ P(f—e:k+e—1,y0:k+e—1)d

- T —f:k—1

Xkt P(Yo:kte—1)

= leiéfl/ P(T_pkro—1,Yoktr0-1)dT g1 (A1)
Kkt

Using (Al), the expectation of f(X.x+¢—1) conditional on Yj.;4,—1 is given by :

Gu ikrt—1 k01 (f)

=/ f(@hkte—1) (Lﬁgl/ p(£—e:k+€—17yo:k+€—1)d$—€:k—1> ATp:pte—1
Xt xk+e

=Ll / J (@bt e—1)P(T—piket =15 Y0:hpt—1)dT _giyo—1
k+2e

k+£—1
=L,§}r@,1/k Zf(xk:k—i-é—l)l/(x—é:—l) H m(z;_1,%:)9i(T;_1, %i)dT_ppyo—1
xk+2 i=0
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which leads to the identity. [J

Note that this identity is extensible up to the final time index n :

n

F@ren)v (@) [ [ @i 2i)gi (@i, 2i)de_en
=0

Sunin (f)Ln = /

xnte+l

for any function f € F,(x"*+1).

Proof. From previous lemma, for any functions e € Fy(X‘"1), f € Fy(X) and h €
Fb(ankferl),

E [f(Xk)e(XkH:qu)h(Xk+e;n)

YO:n:|

= /ankJrl f(xk)e(karijLe*l)h(warein)¢V,k:n|n(d$k::n)

k+£—1

:Lil/xkﬁw flae(@rirnpe-)v(@—1) [ mzii,z0)g:(zi 1, @)
=0

XML yyp 1 Tl ) Gt (g g g 1> Thoger)

n

/X, h(zpeen) ]

i=k+£+1

X

m(xi—laIi)gi(mi_lvxi)dxk+£+1:n‘| dx_g.pte
Ly _¢q1

= TJF f(xk)e<xk+1:k+f71)¢u,k:k+€—1|k+£—1(dxk:k+éfl)m(§k+zfl§ $k+£)
n X+t

n

haeren) ] m(xl-1;961-)92-(961-1,xi)dxk+z+1;n] ATkt
i=k+L+1

n—k—=~

X Gh+£(Zpgo—15 Thtr) [/
X

using the implicit definition of the backward kernel (19) applied to the function

P(Thikre—1, Thye) = [(Tr)e(Thg1:hre—1) ks e(Zpyp 1) Thope)

n
X l/ h(Zk+e:n) H m(z;_13%i)9i(Z;_1, Ti)dTpy o4 1:m | dTht0
An—k=t i=kt0+1

one could get
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E[£(X0)e(Xns1ne1)A(Xisen)

Ly_y
- TH / By jto-1(@ht1:k40, dvp) f(r)e(Th1:040-1)
n e+l

o)

(A2)
X ¢u,k+1:k+€\k+671(d$k+1:k+é)gk+€(§k+e71axk-i—é)

X l/ haeren) ] m(xi15371‘)91'(331'17$i)d$k+€+1:n]
xn—k—t

i=k+4+41

taking f = 1, for any functions /' € F,(X"~*~*+1) and ¢’ € F,(x*1)

E [el(Xk+1:k+z_1)h’(Xka)

Li—o11
= T , e/(xk+1:k+€—1)¢V,k:+1:k+€\k+ffl (d$k+1:k+é)gk+£ (Q;Hefp xk—i—é)
n X

YE):7L:|
n
X l/ W(zeren) [] m(xi1,xi)gi(xi1,xi)dwk+e+1;n]
xnokot i=k40+1

Identifying e'h/ with e(zp41.640—1)M(@kren) [y Bukre—1(Thtr1:k+e, @) f(2)dz, (A2) may be
rewritten as

E {f(Xk)e(Xk-Q—l:k-&-é—l)h(Xk+é:n)

=E |:6(Xk:+1:k’+€—l)h(Xk'+€:n)/ By,k’+€—1(zk+1:k‘+€ax)f(x)dz‘%:n}
X

which leads to the result. OJ
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