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Abstract

Using Kalman techniques, it is possible to perform optinsineation in linear Gaussian state-
space models. We address here the case where the noiseifityotabsity functions are of unknown
functional form. A flexible Bayesian nonparametric noisedeldased on Dirichlet process mixtures
is introduced. Efficient Markov chain Monte Carlo and SediamMonte Carlo methods are then
developed to perform optimal batch and sequential estimati such contexts. The algorithms are
applied to blind deconvolution and change point detectexperimental results on synthetic and

real data demonstrate the efficiency of this approach irouarcontexts.

Index Terms

Bayesian nonparametrics, Dirichlet Process Mixture, Mai®hain Monte Carlo, Rao-Blackwellization,

Particle filter.

I. INTRODUCTION
Dynamic linear models are used in a variety of applicatisasging from target tracking, system
identification, abrupt change detection, etc. The modelsdafined as follows :
xt = Ax¢1+ Crag + Grvy 1)
zy = Hixi+wy (2)
wherexy ~ N (uo,X0o), x; is the hidden state vecta; is the observationy; andw, are sequences
of mutually independent random variables such ﬂntai'mg FY and w; Y pw, A; and H; are the

known state and observation matricag,is a known inputC; the input transfer matrix an@; is the

state transfer matrix. Let us denaig; = (a;,a;41,...,a;) for any sequencga, }. The main use of
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model (1)) is to estimate the hidden stajegiven the observations., (filtering, with a forward
recursion) orz,.p for ¢ <1 (smoothing, with a forward-backward recursion).

It is a very common choice to assume that the noise probaliéhsity functions (pdfsy;, and
F,, are Gaussian, with known parameters, as this enables thefusalman filtering/smoothing.
In such a framework, Kalman techniques are optimal in thesesai minimizing the mean squared
error. There are, however, a number of cases where the @ausssumption is inadequate, e.g. the
actual observation noise distribution or the transitiorse@re multimodal (in Section VI, we provide
several such examples). In this paper, we address the praifl@ptimal state estimation when the
probability density functions of the noise sequences afmown and need to be estimated on-line
or off-line from the dataThis problem takes place in the class of identificatiomeestion of linear

models with unknown statistic noises.

A. Proposed approach

Our methodologyrelies on the introduction of a Dirichlet Process MixtureP(@), which is used to
model the unknown pdfs of the state noigeand measurement noise. DPMs are flexible Bayesian
nonparametric models which have become very popular irsstatover the last few years, to perform
nonparametric density estimation [2—4]. Briefly, a redlaa of a DPM can be seen as arfinite
mixture of pdfs with given parametric shape (e.g., Gaugsidrere each pdf is denotefl-|¢). The
parameters of the mixture (mixture weights and locationthef)’s) are given by the random mixture
distribution G(#), which is sampled from a so-calldirichlet Process A prior distribution, denoted
Go(0) must be selected over thges (e.g., Normal-Inverse Wishart for the DPM of Gaussianseca
wheref contains the mean vector and the covariance matrix), whdeateights follow a distribution
characterized by a positive real-valued parametdfor smalla, only a small fraction of the weights
is significantly nonzero, whereas for large many weights are away from zero. Thus, the parameter
« tunes the prior distribution of components in the mixturethaut setting a precise number of
components. Apart from this implicit, powerful clusteripgoperty, DPMs are computationally very
attractive due to the so-callgéblya urn representationvhich enables straightforward computation

of the full conditional distributions associated to thesktvariables.

B. Previous works

Several algorithms have been developed to estimate naissgtist in linear dynamic systems [5-8].

However, these algorithms assume Gaussian noise pdfs @nithown mean and covariance matrix).

Preliminary results were presented in Caron et al. [1].
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As will be made clearer in the following, this is a special &ad our framework: if the scaling
coefficienta tends to0, the realizations of the DPM of Gaussian pdfs converge itridigion to a
single Gaussian with parameter prior distribution giverthoy base distributiofizy. Algorithms have
also been developed to deal with non-Gaussian noisedudistis, such as student-t [9);stable [10]
or mixture of Gaussians [11]. These works are based on a gi¥ien parametric shape of the pdf
which we do not assume in this paper.

Though many recent works have been devoted to DPMs in vadountexts such as economet-
rics [12], geoscience [13] and biology [14, 15], this powértlass of models has never been used
in the context of linear dynamic models (to the best of ounkiedge). In this paper, we show that
DPM-based dynamic models with unknown noise distributioas be defined easily. Moreover, we
provide several efficient computational methods to perf@ayesian inference, ranging from Gibbs

sampling (for offline estimation) to Rao-Blackwellized pele filtering for online estimation.

C. Paper organization

This paper is organized as follows. In Sect[dn Il, we redadl basics of Bayesian nonparametric
density estimation with DPMs. In Sectign] Il we present thmamic model with unknown noise
distributions. In Sectiop IV we derive an efficient Markovadh Monte Carlo (MCMC) algorithm to
perform optimal estimation in the batch (offline) case. Ict®a [M, we develop a Sequential Monte
Carlo (SMC) algorithm/Patrticle filter to perform optimaliesation in the sequential (online) case. All
these algorithms can be interpreted as Rao-Blackwellizethodls. In Sectiof VI, we discuss some
features of these algorithms, and we relate them to othstiegiapproaches. Finally, in Sectipr VI,
we demonstrate our algorithms on two applications: blindodeolution of impulse processes and a
change point problem in biomedical time series. The lagi@ecs devoted to conclusions and future

research directions.

[I. BAYESIAN NONPARAMETRIC DENSITY ESTIMATION

In this section, we review briefly Bayesian nonparametricsity estimatio. We introduce Dirich-
let processes as probabilistic measures on the space oaljligh measures, and we outline its

discreteness. Then, the DPM model in presented.
2There are many ways to understand 'nonparametric’. In thjzep we follow many other papers in the same vein [2—

4], where 'nonparametric’ refers to the fact that the pdf mtefest cannot be defined by a functional expansion with a

finite-dimensional parameter space.

DRAFT



A. Density estimation

Letyq,...,y, be a statistically exchangeable sequence distributed with
v~ F(-) (3)

where~ meansdistributed according toWe are interested here in estimatifg-) and we consider

the following nonparametric model

F(y) = /e £(y10)dG(6) 4)

whered € O is called the latent variable or cluster variabfé;|0) is the mixed pdf ands(-) is the
mixing distribution. Within the Bayesian framework, it issumed that(-) is a Random Probability
Measure (RPM) [4] distributed according to a prior disttibn (i.e., a distribution over the set of

probability distributions). We will select here the RPM wlléw a Dirichlet Process (DP) prior.

B. Dirichlet Processes

Ferguson [16] introduced the Dirichlet Process (DP) as daiility measure on the space of
probability measures. Given a probability measis¢-) on a (measurable) spatg, .A) and a positive
real numbew, a probability distributioriz(-) distributed according to a DP of base distributi®g(-)
and scale factow, denotedG(-) ~ DP(Gy(+), ), satisfies for any partitionty, ..., A; of 7 and any
k

(G(A1),...,G(Ag)) ~ D (aGo(Ay), ..., aGo(Ag)) (5)

whereD is a standard Dirichlet distribution, classically definedd set of random variabl€s,, .., b,) ~
D(ag, ..,ap) by
Qa
D(ag, .., ap) = Zl 0 ) Hb‘”_lél Zbl (6)

whereT is the gamma function, an{,(v) is the Dirac delta functlon, which is zero whenevef w.

From the definition in Eq.[]5), it is easy to show that for evérye T

E[G(B)] = Go(B) ()

var[G(B)] = Go(B )(11+_QG°(B)) )

An important property is that the realizations of a Diridhpgocess araliscrete with probability
one. One can show th& admits the so-callegtick-breakingrepresentation, established by Sethu-

raman [17]:

G() = > _ oy, () (9)
j=1
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with U; ~ Go(-), 7; = ; TI/Z, (1 — ) and 3; ~ B(1,a) where B denotes the beta distribution.
In the following, we omit(-) in G(-) and other distributions, to simplify notations. Using Eg), (it

comes that the following flexible prior model is adopted foe unknown distributiorn¥’

F(y) =Y mf(y|Uy. (10)
j=1
Apart from its flexibility, a fundamental motivation to usket DP model is the simplicity of the
posterior update. Lety, ..., 0, ben random samples frors
0:G " G (11)

whereG ~ DP(Gy, ) then the posterior distribution d@&|6,.,, is also a DP

n

a 1
G|91:nNDP(a+nGo+a+n;69k,a+n) (12)

Moreover, it can be shown that the predictive distributiooamputed by integrating out the RP®,

admits the followingPolya urnrepresentation [18]

n
On+1|01:n ~ %4_” ;5@ + QLMGO- (13)
Therefore, conditionally on the latent variablés, sampled previously, the probability that a new
sample is identical to an existing one is overglt-, whereas, with probability.-, the new sample
is distributed (independently) according @&,. It should be noted that severgl’s might have the
same value, thus the number of “alive” clusters (dendté€y that is, the number of distinct values
of 0., is less tham.
The scaling coefficienio tunes the number of “alive” cluster&/. For largen, Antoniak [19]

showed thaff [M|a,n] ~ alog(l+ 2). As a tends to zero, most of the samplgsshare the same

value, whereas whea tends to infinity, thed,, are almost i.i.d. samples froff,.

C. Dirichlet Process Mixtures

Using these modeling tools, it is now possible to reformautfie density estimation problem using
the following hierarchical model known as DPM [19]:
G ~ DP(Gy,a,), and, fork=1,...,n
01G ~ G, (14)
YelOr ~ f(:|0r)
It should be noted that DPMs can model a wide variety of pdfsparticular, assuming Gaussian
f(:|0x), the parameter contains both the mean and the covariandedapending orizy, the corre-

sponding DPM may have components with large/small varignce
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D. Estimation objectives

The objective of DPM-based density estimation boils dowedtimating the posterior distribution
p(61.n]y1:n), because the probabilits can be integrated out analytically by using the Polya urn
representation. Although DPMs were introduced in the #@sse models were too complex to handle
numerically before the introduction of Monte Carlo simidat based methods. Efficient MCMC
algorithms [2, 3,20-22] as well as Sequential Importance@iag [23, 24] enable to sample from
p(61.n]y1.n). However, these algorithms cannot be applied to our classaafels, which is presented

below, because the noise sequeneceandw; are not observed directly.

I11. DYNAMIC LINEAR MODEL WITH UNKNOWN NOISE DISTRIBUTION

The linear dynamic model defined in Eq[§ (I)-(2) relies oa tknown noisegv;} and {w;}

distributions, which are assumed to be DPMs in this paper.

A. DPM noise models

For both{v;} and {w;}, the pdf f(-|0) is assumed here to be a Gaussian, dengigdy, >})
and NV (uy’, 3}") respectively. The base distributiofi; and G are assumed to be normal inverse
Wishart distributions [25] denote@f = NZW (ug, kg, vy, Af) and Gy = NIW (', sy, v§, AY)-
The hyperparameterg” = {uf, x§, v, Ay} andy® = {uf, ky, vy, Ay} are assumed fixed but
unknown. Finally, the scale parametersanda® are also assumed fixed and unknown. Overall, the
sets of hyperparameters are denatéd= {a”, "}, ¢* = {a”, "} and¢ = {¢", ¢*}. For the sake
of presentation clarity, we assume that these hyperpaeasate known, but in Subsectipn 1y-B, we
address the case of unknown hyperparameters by defining anal a specific estimation procedure.

To summarize, we have the following models

GY|¢* ~ DP(GY,aV), GY|¢¥ ~ DP(GY, %), (15)
and fort =1,2,...
6?|G* " G, v |G 1S Gw,
v 1.d. v v w Iid. w w (16)
that ~ N(:u'tvzt)' Wt‘et ~ N(Mt , 24 )

where 07 = {uy, 37} (resp.0f = {ui’,X}'}) is the latent cluster variable giving the mean and
covariance matrix for that cluster, arg = {67,0;"}. This model is written equivalently ag;, ~

F'(v;) andw; ~ F*(wy) where F'V and F are fixed but unknown distributions written as
FU(Vt) = /N(Vt;iuv E)de(lu‘a E)a (17)

Fo () = [ N s 2)6 (1, ) (18)
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In other words,t" and I are countable infinite mixtures of Gaussian pdfs of unknoarameters,

and the mixing distribution&" andG" are sampled from Dirichlet processes.

B. Estimation of the state parameters

In this work, our objective is to estima@” andG" as well as the latent variabld$,} and state
variable{x; } at each time, conditional on the observatiofs;}. In practice, only the state variable is
of interest -G, G* and{6,} arenuisanceparameters. Ideally, one would like to estimate online the
sequence of posterior distributiopéxy.|z1.¢, ¢) ast increases or the offline posteripfxo.r|z1.7, ¢),
whereT is the fixed length of the observation sequengce. Thanks to the Polya urn representation,
it is possible to integrate out analytically’ andG" from these posteriors. The parametéys and
61.7 remain and the inference is based updry.;, 01.:|z1.¢, ) or p(xo.7, 01.7|21.7, »). The posterior

p(Xo:t, 01:t|21.¢, ) satisfies for any
P(X0:t, 01:¢|Z1:4, §) = p(X0:¢|01:4, Z1:4, §)P(01:4|Z1:4, D). (19)
Conditional upord;, Eq.’s (1)-() may be rewritten as
x¢ = Fyxi_1 + u;(et) + Gtvé(et) (20)
zy = Hyxy + pf + W,,f(et) (21)

where u}(6;) = Cpuy + Gy and py? are known inputsy;(6;) and w;(6;) are centered white
Gaussian noise of known covariance matrizésandX}’, respectively. Thug(xo.¢|01.¢, z1.¢, @) (resp.
p(x0.7|01.7, 1.7, $)) IS @ Gaussian distribution whose parameters can be cothpsieg a Kalman
filter (resp. smoother) [26] for give.; (respdi.7).

One is generally interested in computing the marginal MMﬁesestimate?mﬂ,SE = E [x¢|21.+]
(with ¢ =tort' =1T)

PACWSE = /XtP(Xt,Hl:t/|Z1:t/,¢)d(Xt,91:t/)
= /ti(xt|91:t’a 214, O)p(O1.4 |21/, ) (X, O1.17) (22)
= /§t|t'(91:t')p(91:t'|Z1:t'a¢)d91:t'
wherex,;(61.1) (respXyr(61.7)) is the mean of the Gaussiax,[01.¢, 1., ¢) (resp.p(x¢|01.1, z1.1, ¢))-
Both X,;(61:1) andX, (1) are computed by the Kalman filter/smoother, see Secfiohsnit/[\
below.

Computing these estimates still requires integrationtwthe ¢'s, see Eq. [(32). This kind of

integral is not feasible in closed-form, but it can be comspubumerically by using Monte Carlo
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integration [27]. Briefly, assume that a set &8f weighted sample$9§2}i:1,_“7]v with weightSwgi)

are distributed according to(61.¢|z1.+, ¢), then e.g.p?;”ﬁ”SE is computed as
N . .
R~ N wV%y,(01)) (23)
=1

In Eq. (23), the main difficulty consists of generating theighéed samplei@@}i:L___,N from the
marginal posteriop(61.:|z1.¢, ¢) (and similarly, fromp(0:1.7|z1.7, ¢) in the offline case).

« Foroffline (batch) estimation (¢t = T'), this can be done by MCMC by building a Markov chain
of samples{agf)T}i:L_,,7N with target distributiorp(61.7|z1.7, ¢) (in that casewgi) =1/N). The
MCMC algorithms available in the literature to estimatesta®ayesian nonparametric models —
e.g. [3,21] — are devoted to density estimation in casesevierdata are observed directly. They
do not apply to our case because here, the sequdrgeésand {w;} are not observed directly.
One only observe$z;}, assumed to be generated by the dynamic mddel[J1)-(2). Bty
proposes an MCMC algorithm dedicated to this model.

« Foronline (sequential) estimation samples can be generated by sequential importance samplin

as detailed in Sectiop] V.

IV. MCMC ALGORITHM FOR OFFLINE STATE ESTIMATION

In this Section, we consider the offline state estimationo@iined above, this requires to compute
estimates from the posterip(xo.r, 01.7|z1.7), where we recall that, = {67,0;"} = {puf, 37, pi*, 217}
is the latent variable as defined above. We first assume tadtytherparameters are fixed and known
(Subsectior IV-p\), then we let them be unknown, with giveiopdistributions (Subsectiop TV]B).

A. Fixed and known hyperparameters

In this subsection, the hyperparameter ve¢tis assumed fixed and known. The marginal posterior
p(61.7|z1.7, ) can be approximated through MCMC using the Gibbs sample} [i2&sented in
Algorithm 1 below.

Algorithm 1: Gibbs sampler to sample frop(61.7|z1.7, ¢)

o Initialization: Fort =1,...,T, sample@él) from an arbitrary initial distribution, e.g. the prior.
o lterationi, i =2,...,N' + N:
- Fort=1,...,T, sample?t(i) ~ p(9t|z1:T,9(fZ,¢) wheree(fz = {9?), ..,Gﬁ)l,at(ijl), ..,H(Tifl)}

To implement Algorithm 1, one needs to sample from the cootdd pdf p(6;|z1.7,0—¢, ¢) for

each of theN’ + N iterations (includingN’ burn-in iterations). From Bayes’ rule, we have
p(Ot|z1.7, 01, ¢) o< p(z1:7]01.7)p(0]0—t, D). (24)
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wherep(0;:|0_., ¢) = p(6710",, " )p(0;°16™,, ¢*). From the Polya urn representation, these two terms

are written as (forw, replacev with w below):

T
1 v av v v v
PO ") = g D a0 + o GROY), (25)

k=1,k+#t +T
Thus p(6¢|z1.7,0—+,¢) can be sampled from with a Metropolis-Hastings (MH) stepemehthe
candidate pdf is the conditional prig(6;|0_., ¢). The acceptance probability is thus given by
. 4 . 9(@* 9(@
pwpﬁﬁﬂzmm<L”“T“@’J) (26)
p(z1r|0;7,0%3)

wherealf")* is the candidate cluster sampled frgit®;|0_;, ¢).

The computation of the acceptance probability requiretopute the Iikelihood)(zl:Twlfi), 992).
This can be done if©(7") operations using a Kalman filter. However, this has to be done =
1,...,T and one finally obtains an algorithm of computational comipyeO(7?). Here, we propose
to use instead the backward-forward recursion developdddh to obtain an algorithm of overall
complexity O(T"). This algorithm uses the following likelihood decompasitiobtained by applying

conditional probability rules t@(zy.¢+—1,z¢, zt+1.7|01.7)
p(z1.7101.1) =P(Z1:t—1\let—1)P(Zt!91:t7Zl:t—l)/ P(Zes1:7|Xes O1:7)D(X¢t | 2124, O1:)dxe  (27)
X
with
p(zt:T|Xt71>9t:T) = /p(zt+1:T|Xt1>9t:T)p(ZtaXt|9t>Xt1)dXt (28)
X

The first two terms of the r.h.s. in Eq_{27) are computed by ravdod recursion based on the

Kalman filter [28]. The third term can be evaluated by a baskwacursion according to Ed. (28).

It is shown in [28] that if [, p(zs.7|x¢—1, 0p7)dx,—1 < co then T pfé:;ﬂf:;f;;;xH is a Gaussian
distribution w.r.t.x;_, of meanmgfl‘t(et;T) and covariancth’fl‘t(HtT). Even if p(z.7|xt—1, 0r.7)
is not integrable ink;_1, the quantitiesDt’jll| (0r.7) andPt’jll| t(Ht:T)m;_” ,(0:.7) satisfy the backward
information filter recursion (see Appendix). Based on Hdd)(2he densityp(0;|z1.7,0_¢,¢) is

expressed by

p(O¢|z1.7,0-1) P(9t|9t,¢)P(Zt|91:t,Z1:t1)/ P(Ze1.7|Xt, O 1.7)D(Xe| 211, 010 )dxe (29)
X

Algorithm 2 summarizes the full posterior sampling proaedut is the step-by-step description

of Algorithm 1 that accounts for the factorization of theelilhood given by Eq.[(27).

Algorithm 2: MCMC algorithm to sample fronp(61.7|z1.7, ¢)
Initialization ¢ = 1

o FOrt=1,...,7T, sample&il).

Iterationi, : =2,... ,N'+ N
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« Backward recursiarFort = T, .., 1, compute and stor t"til(etﬁf%) andPt"til(Hlffl:l%)m;'tﬂ(alffhl%

« Forward recursionFor¢t =1,...T

— Perform a Kalman filter step with = 9?71), store?cﬂt(aﬁifl, et(i*l)) andEt‘t(eﬁLl, 9?71)).
— Metropolis-Hastings step :
x Sample a candidate cluster
0" ~ p(0:)0%), 0) (30)

« Perform a Kalman filter step with, = 0\"*, storeﬁt‘t(egfz_l, 6\ andEt‘t(Hﬁz_l, 0\

x Compute

) N ) H(i)* H(i)
m%%%”>:mm<L““T“m’g) @)
p(z17l0; 7, 05;)

« With probability p(6\”, 0/, seto!”) = 6", otherwise!” = ¢\~ ".

State post-Sampling (for non-burn-in iterations only)

e Fori=N'+1,..,N + N, computeﬁt‘T(eﬁ)T) =E <Xt|91T,z1 T) for all ¢ with a Kalman

smoother.

It can be easily established that the simulated Markov cf{a;lﬁ)T} is ergodic with limiting
distribution p(#;.7|z1.7). After N’ burn-in, the N last iterations of the algorithm are kept, and the
MMSE estimates of); andx; for all t = 0,...,T are computed as explained in Subsecf{ion }II-B,

using

=z

+
9(2 SMMSE _

X1 TN
i=N'+ i=N'+1

—~
MMSE __

1 ~ i
0T =3 iy (010r) (32)

B. Unknown hyperparameters

The hyperparameters in vectorhave some influence on the correct estimation of the DPNIs
and F™. In this subsection, we include them in the inference by emgg them as unknowns with

prior distributions:

v nv w nv
a ~ g(§>§)> « g(2 2) (33)
P~ po(¥Y), ¥~ po(¥”) (34)

wheren andv are known constants ang is a pdf with fixed and known parameters. The posterior
probability p(a’|x1.7, 61.7, z1.7, V", ") reduces tp(a’| MY, T)) whereM" is the number of distinct
values taken by the clustef$. .. As shown in [19], this pdf can be expressed by

s(T, MV)(a®)M"
Sk (T R) ()

p(a”|M",T) o (o) (35)
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where thes(T, k) are the absolute values of Stirling numbers of the first kid. can sample from
the above pdf with a Metropolis-Hasting step using the pgamma pdp(a”) = G(4, &) as proposal
(and similarly fora®). Other methods have been proposed that allow direct sagy@ee for example
West [29], and Escobar and West [21].

The posterior probability (" |x1.7, 01.7, z1.7, ¥, ™) reduces t(¢¥|67.1,.) whereé; ;,. is the
set of distinct values taken by the clustéis,. It is expressed by

Mv
P xrr, 1, 2y, 0, ¢) o po(w?) [T GO (65 '140v) (36)
k=1
We can sample from this pdf with a Metropolis-Hasting stemgishe prior Gamma pdpy (") as

proposal whenever direct sampling is not possible.

V. RAO-BLACKWELLIZED PARTICLE FILTER ALGORITHM FOR ONLINE STATE ESTIMATION

Many applications, such as target tracking, reqoinéne state estimation. In this case, the MCMC
approach is inadequate as it requires availability of thi&resdataset to perform state estimation. In
this section, we develop the online counterpart to the MCM@:@dure presented in Sectipr] IV: a
sequential Monte Carlo method (also known as patrticle fileeimplemented, to sample on-line from
the sequence of probability distributiods(xo.¢,61.¢|z1.¢), t = 1,2,...}. Here, the hyperparameter
vector ¢ is assumed to be known, therefore it is omitted in the foltayiOnline hyperparameter
estimation is discussed in SectipnVII.

As explained in Subsectioh M}B, we need to sample frp(f;.;|z1.;), becausen(xo.|01.¢,21.¢)
can be computed using Kalman techniques. (The samplinggguoe is indeed a generalization of the

Rao-Blackwellized particle filter [30] to DPMs.) At timk p(x¢, 01.¢|z1.¢) iS approximated through a

set of N particleseft), . ,95{? by the following empirical distribution
Py (%1, Orelzre) = > wl N (x4 %4 (61), 414 (61)) (37)
=1

The parameterﬁt‘t(eﬁb andEt‘t(eﬁi) are computed recursively for each particlesing the Kalman

filter [26]. In order to build the algorithm, we note that
P(O1121:0) o P01 |21—1)p(2|013, 21-1)p 07 1010 _1) (38)

where ‘ o
P(Zt |9§ZI)57 Zl:tfl) = p(thgz), 95%1)5,1, Zl:tfl)
= N (2631 (01)). Sy (01)
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and
Zyo— 1(9()) Hi [tht 1)t— 1(952 D)+ Coug + Gy ()] + @ (39)
St|t71(9§2) = H; [Ft Et71|t71(6§2—1) F+ G5y (i)GtT} Hf +35p ¢

The Rao-Blackwellized Particle Filter (RBPF) algorithrmopeeds as follows.

Algorithm 3: Rao-Blackwellized Particle Filter to sample fromid;.+|z1.;)
At time 0.

e FOri=1,..,N, sample(Aé‘%, Eé‘%) ~ po(Xo|0> X0j0)-

° Setw(()) «— %

At each timet (¢t > 1), do fori=1,...,N

- samplef” ~ q(6,16})) ;.71
C telx H(i) g(i) » H(i) 5@) S H(i) 5@) » H(i) ’é(i) b ;

o Compute{xy¢—1(61:¢_1,0; ), Deje—1 (011,07 ) Xeje (0141, 0;7), Xge (0141, 6;,7) } by using a
Kalman filter step fron{&t,l‘t,l(eﬁzfl), th\tq(@ﬁz,l), §t(z), z:)}

o Fori=1,..., N, update the weights according to

o @ p@l6f) 6 2 )0 161) )

wy"” o w,”y e (40)
a(0;"10%) 1 210)
« ComputeS = N wt )and fori=1,...,N, set{bf) — wg)

« ComputeNgs = [Zf\il ({Ef))Q]

o If Nex < n, then resample the particles — that is, duplicate the pestiwith large weights are
remove the particles with small weights. This results in & 8et of particles denotedi) with
weightsw!” = L

« Otherwise, rename the particles and weights by removing'she

Particle filtering convergence results indicate that théawnae of the Monte Carlo estimates depends
highly on the importance distribution selected. Here, thieditionally optimal importance distribution
is q(9t|9§271, Z14) = p(9t|9ﬁ271, z1+), see [30]. However, it cannot be used, as the associated
importance weights do not admit a closed-form expressionpractice, the evolution pdf(6;01.;1)
was used as the importance distribution.

From the particles, the MMSE estimate and posterior comadanatrix ofx; are given by

AmASE Zwt Xyt (0 lt (41)

3When using the optimal importance distribution, the weigbomputation requires the evaluation of an integral with

respect taf;. It is possible to integrate analytically w.r.t. the clusteeansy” and ., but not w.r.t. the covariances.
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N
S =D wl” [ Sy (01D + (e (61) — R) Ry (61) — =) | (42)
=1

V1. APPLICATIONS

In this section, we present two applications of the above eh@md algorithm& We address,
first, blind deconvolution, second, change point detecditioniomedical time series. In each case, we

assume that the statistics of the state noise are unknowinmadelled as a DPM.

A. Blind deconvolution of impulse processes

Various fields of Engineering and Physics, such as imageduteiy, spectroscopic data analysis,
audio source restoration, etc. require blind deconvatutive follow here the model presented in [31]
for blind deconvolution of Bernoulli-Gaussian processesich is recalled below.

1) Statistical Model:.Let H = < 1 hy .. hp ) = < 1 h ) andx; = ( Vo V1 e Uil )T.
The observed signal is the convolution of the sequenge with a finite impulse response filtét,

observed in additive white Gaussian noise The observation model is then
Zt = HXt + wy (43)

wherew; ~ N(0,02) with o2 is the assumed known variance of. The state space model can be
written as follows:

Xt = FXt_l + th (44)

0 01x1, . . . .
where ' = tx , G = , O xn 1S the zero matrix of sizen x n and I, is

Orx1  Ip Orx1
the identity matrix of sizen x m. The state transition noisg is supposed to be independent from

wy, and distributed according to the mixture
v ~ AFY + (1= X\)d (45)

whered, is the Dirac delta function at and F* is a DPM of Gaussians defined in Ef.](17). In other
words, the noise is alternatively zero, or distributed adiom to a DPM of Gaussians.

For simplicity reasons, we introduce latent Bernoulli aatesr, € {0, 1} such thafr(r; = 1) = A
andvg|(ry = 1) ~ f(:167), v|(ry = 0) ~ dy. Consider the cluster variablg! defined byy} = 67
if o =1 andy} = (0,0) (i.e. parameters corresponding to the delta-mass) = 0, that is,

©f ~ AFY + (1 = X)d(0)- By integrating out/™”, one has
eile?y ~ Ap(eile?yre = 1) + (1 = A)d(0,0) (46)
4See Caron et al. [1] for an application on a regression prable
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wherep(ef|¢?,, 7 = 1) is the Polya urn representation on the g€t = {¢ € ¢©”;|¢ # d(,0)} Of

sizeT’ given by
T/
k=1,k4t Oy T "Gy

av + T

or (g re = 1) ~ (47)

The probability A is considered as a random variable with a beta prior dengity = 5((, 1)

where¢ andr are known parameters. The random variablean be marginalized out in Ed._{46)

a(SOZt) b(SOQLt)
i |y ~ —— —p(of e =1) + —— —0 (48)
Heme~ STy Ty PP PR = Ut e Gy 0o
where
T
a@l) =C+ > (49)
k=1,k#t
T
b ) =T+ Y. (1—m) (50)
k=1,k+#t

wherer, = 0 if ¢y = (0,0) andr; = 1 otherwise.

The hyperparameters are = (a”,h) (the hyperparameters of the base distributiof are as-
sumed fixed and known). These hyperparameters are assunuhravith prior distributiorp(¢) =
p(a?)p(h), where

pla’) = G(.3). p(h) = N'(0,0%50) (5)
wheren, v and Xy, are known. Conditional ox.;, the following conditional posterior is obtained
straighforwardly

p(h[xos, z1.7) = N(m, o3, %) (52)

where
T

/-1 -1 !
D E :Vt—lit—LVt—lzt—L
t=1

T
m = Eil Z Vi—1:—L (Zt - Ut)
t=1
SamplesX((Qe can be generated from the Gaussian postqf(ozro:t|gp§’:T(i),z1;T,gzs(i—l)) with the
simulation smoother [32]. This algorithm complexityGYT).
The aim is to approximate by MCMC the joint posterior pd¥1.7, p1.7, ¢|z1.7). This is done
by implementing Algorithm 3 for the cluster variable, whasethe other variables are sampled by

Metropolis-Hastings or direct sampling w.r.t their coiahal posterior.
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2) Simulation results:This model has been simulated with the following parametérs= 120,
L=3h= ( 15 05 —0.2 ) A=04,02 =01,F = 0.7N(2,.5)+0.3N(~1,.1), Ty = 100,
n=3,v=3,(=1, 7= 1. The hyperparameters of the base distribution jare= 0, xo = 0.1,
vo = 4,Ag = 1. For the estimation, 10,000 MCMC iterations are performailh 7,500 burn-in
iterations. Fig[JL (top) displays the MMSE estimatewvaf; together with its true value. As can be
seen in Fig[JL (bottom), the signal is correctly estimated e residual is quite small. Also, as can
be seen in Fig[]2, the estimated pHf is quite close to the true one. In particular, the estimated
pdf matches the two modes of the true pdf. Multiple simulaiovith different starting values were
runned, and the results appeared insensitive to initiédiza This suggest that the MCMC sampler

explores properly the posterior.

Estimated signal
— — — True signal

0 100 200 300 400 500
Time index

Residual between the true and estimated signals] 1

WMWMWWMWM

-2t

Xt - Xt
o

L L L L
0 100 200 300 400 500
Time index

Fig. 1. Top picture: True (dashed line) and MMSE estimatetiddine) signalv:.r after 10,000 MCMC iterations (7,500
burn-in). v; is supposed to be eith@rwith probability A, or to be distributed from an unknown pd with probability
(1 — ). Bottom picture: residuat: = v: — E[v¢|z1.7] between the true and estimated signals. Although the loligioin

F" is unknown, the state: is almost correctly estimated.

Let ejyssp be the mean squared error (MSE), computed by

T

1
EMSE = 4| T Z(vt - Vi\‘/IThASE)z (53)
t=1

To better highlight the performance of the proposed alborjtwe compared our model/algorithm
(denoted M1) with the following models, denoted M2 to M8:
M2. In this model, the pdf is assumed known and set to the taleevF” = 0.7NV(2,.5) +
0.3N(—1,.1). The model is simply a Jump Linear Model that jumps betweeeetmodes
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— — —Real pdf F¥
Estimated pdf F¥

30

20

Number of values
=
o
T

Fig. 2. (Top) True (dashed line) and estimated (solid ling) . The true pdfF’ is a mixture of two Gaussians
0.7N(2,.5) +0.3N(—1,.1). It is supposed to be unknown and jointly estimated with tiagesvector with10, 000 MCMC
iterations (7,500 burn-in) given a vector 20 observationsz,.r. The estimated pdf matches correctly the two modes of
the true distribution. (Bottom) Histogram of the simulatesduesv, sampled fromF™ which a mixture of two Gaussians
0.7N(2,.5) + 0.3N(—1,.1)

of resp. mean/covariand®, 0), (2,.5) and (—1,.1) with resp. prior probabilitieg1 — \),
0.7A and0.3\.
M3. In this model, the pdf is assumed to be a Gausdidn.1,2.3). The first two moments of
this Gaussian are the same as those of the truefidfThe model is also a Jump Linear
Model that jumps between two modes of resp. mean/covariéheg and (1.1,2.3) with
resp. prior probabilitiegl — \) and \.
M4-7. The model described in this article but witfi fixed to 0.1 (M3), 1 (M4), 10 (M5) and100
(M6).
M8. The model described in this article (M1) but with the atva¢ion noise variance?, estimated
with an inverse gamma prier?, ~ iG(u,v) with v = 2 andv = 0.1. o @ s sampled with
Gibbs sampling withr2 |xo.7, z1.7, h ~iG(u/,v') andu’ = u+L andv’ = v+3 37 (2 —
Hxy)2
The algorithm used for M2 and M3 is the Gibbs sampler with ekl forward recursion given
in [28]. For the same set of observations, each MCMC algarittas been run with 10,000 iterations
and 7,500 burn-in iterations. MMSE estima/t%ﬁ"SE and MSEe),;sr are computed for each model.
20 simulations have been performed; for each model, the raerdrstandard deviation of the MSE’s

over the 20 simulations are reported in Tab. I.
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0
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Fig. 3. Evolution ofa® ) in function of Gibbs sampler iteration i. The value ®f is initialized at 100.

. . . .
0 2000 4000 6000 8000 10000

Iterations
1
g omj
=
4 ‘ ‘ ‘ ‘
0 2000 4000 6000 8000 10000
Iterations
0 T T T T
©
g -o.zwwmwwwwwmmw
o4 ‘ ‘ ‘ ‘
0 2000 4000 6000 8000 10000

Iterations
Fig. 4. Evolution of the three components of the vedié? in function of Gibbs sampler iteration i. It is initialized a

[0 0 0]. The value converges toward the true value- [-1.5 0.5 — 0.2].

Tab. I. Comparison of our model/algorithm with other models
Simulation / Model| M1 M2 M3 M4 M5 M6 M7 M8

Mean 0.240| 0.217] 0.290| 0.915| 0.254| 0.253| 0.314| 0.438
Standard deviation| 0.067| 0.058| 0.085| 0.818| 0.062| 0.086| 0.222| 0.421

Our model/algorithm (M1) gives MSE that is only 10% more thlaat of the model with fixed pdf
(M2) even though the pdf is not exactly estimated. If the okatéon noise variance? is unknown

and has to be estimated (M8), this has an impact on the egiim@tthe state vector still the sampler
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converge more slowly to the true posterior. If the unknow igdset to be a Gaussian with large
variance (M3), the MSE is 17% larger than with our approadie €stimation ok’ improves the
estimation of the state vector: MSEs are higher for models7Madherea? is set to a fixed value.
This is especially true fon” = 0.1. With this small value, the sampler proposes new clusterg ve

rarely and converges very slowly to the true posterior.

B. Change-point problems in biomedical time series

Let now consider a change-point problem in biomedical tirrges. The following problem has
been discussed in [33] and [11]. Let consider patients whibrbaently undergone kidney transplant.
The level of kidney function is given by the rate at which clieahsubstances are cleared from the
blood, and the rate can be inferred indirectly from measergmon serum creatinine. If the kidney
function is stable, the response series varies about aararistel. If the kidney function is improving
(resp. decaying) at a constant level then the responses si@ays (resp. increases) linearly.

1) Statistical model:The linear model, formulated by Gordon and Smith [33] is gy

Xt = FXt_l + GVt (54)

Zt = HXt + wy (55)
_ 11 11

wherex; = (m¢,m;), wherem, is the level andn, the slope,F’ = , G = ) 2t
01 01

is the measured creatinine afd= < 1 0 ) Measurements are subject to errors due to mistakes in
data transcription, equipment malfunction or blood coriteation. w; follows the following mixture
model

wy ~ AYN(0,07) + (1 = A*)N(0,05) (56)

where \ = 0.98 is the probability that the measurements are correct, ih ¢hse the variance is
o = 1077 ando¥ = 1 otherwise. To capture the effects of jumps in the creatiténel, the state

noisev, is supposed to be distributed according to the followingtorx model

Vi~ AVFY 4 (1 =A%)y, (57)

T 0 0
wheref = ( 0 0 ) ) , AV = 0.15 is the probability of jump in the level and™
0 0
is a DPM of Gaussians. Contrary to the model in [11], we do rediné fixed jump levels. These

levels, as well as their number, are estimated through theé.DP
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x10°

Estimated creatinine level
Measure

Reciprocal creatinine

0 20 40 60 80 100 120 140
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Fig. 5. Measured (cross) and estimated (solid line) crewgilevel with 2000 MCMC iterations and 1000 burn-in iteoats.

Pr(change)
o o
o o

o ¢
>

o
w

o
N

0.1

Time

Fig. 6. Posterior probability of a jump in the creatininedewith 2000 MCMC iterations and 1000 burn-in iterations.

For a threshold set t0.5, the creatinine level experiences jumps at about tif)ez) and 110.

2) Simulation resultsThe last model is applied to the data provided in Gordon anith§88] (and
0

also exploited in [11]). The hyperparameters of the badelligion areyy = ko = 100, 1y =
0
4, Ag = ~5— . For the estimation, 2,000 MCMC iterations (with 1,000 burrterations)
0 1

are performed. Fig[] 5 presents the estimated creatinired tegether with the measurements. Hig. 6
plots the posterior probability of a jump in the creatinieedl. In particular, the estimated pdf matches
the two modes of the true pdf. Multiple simulations with diént starting values were runned, and the
results appeared insensitive to initialization. This sgighat the MCMC sampler explores properly
the posterior.

The estimation have also been made online with the Rao-Bfeliked algorithm with 1000

particles. We perform fixed-lag smoothing [34] to estim&te;|z1..+7), whereT is set to10. The
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mean time per iteration is about 1s. The importance funati®ed to sample the latent variabls
is prior pdf p(67107.,_,). For a detection threshold set@6, the MCMC algorithm detects 3 peaks,
while the RBPF only detects two peaks. The trade-off betwlatse alarm and non detection may

be tuned with the coefficient”.

x10°

Estimated creatinine level
Measure

Reciprocal creatinine

0 20 40 60 80 100 120 140
Time

Fig. 7. Measured (cross) and estimated (solid line) creetifevel with a Rao-Blackwellized particle filter with 1000
particles.

Time

Fig. 8. Posterior probability of a jump in the creatininedewith the Rao-Blackwellized particle filter with 1000 pakes.
For a threshold set t0.5, the creatinine level jumps are detected at about tignead 110.

VIl. DISCUSSION

In this section, we discuss several features of the apprpexgbosed.

A. About Dirichlet Process-based modeling

DPMs have several main advantages. Firstly, sampling froengosterior distribution is made

especially easy thanks to the Polya urn scheme. Secondisttret@ness of the distributida enables
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straightforward estimation of the “number of componentsithout requiring reversible jump-like

computational approaches. This discreteness has, hgwsame unexpected effects on inferences,
which are reported in [35] and [36]. For example, the DP tetod&vor a misbalance between the
size of the groups of latent variables associated to the sduseer, and to concentrate the posterior
distribution of the number of groups on a higher value. Diét Processes realize nevertheless
an attractive trade-off between versatile modeling progerand implementation advantages, which

explain their success in various contexts — and our choiaeséothem in this paper.

B. About MCMC algorithms for DPMs

As stated in [3], the “single-site” marginal algorithm usiedthis paper may be stuck in a mode
of the posterior: several noises samplgqresp.w;) are associated to the same cluster veﬂfgfefor
somej in Eq. (9) (respl}?) — in other words, there are mat’g such thaty = UY for somej (resp
6 = U’). Since the algorithm cannot change the valu#;ofor more than onev, simultaneously,
changes t@; occur rarely, as they require passage through a low-prbtyainitermediate state in
which noisesv; in the same group are not associated to the same clustetelnatlve algorithms,
such as those given in [3], clusters are sampled in groupghvavoids this problem at the expense
of an increased computational cost. Nevertheless, we hereuistrated empirically in Sectidn]VI

that our MCMC scheme is indeed efficient in the applicatioresented.

C. About the hyperparameter estimation in the MCMC algonith

As shown in the applications section, the estimation of tygehparametet: improves the overall
state estimation. It also makes the convergence of the Gilalnpler faster. During the first iterations,
the value ofa is high, and the sampler proposes new clusters more eabily.€hables efficient state
space global exploration during the first iterations. Whaa 'tgood” clusters have been found, the

value of o decreases, and it eliminates useless clusters.

D. About the convergence of the Rao-Blackwellized parfittkr

Because the DPM$" and I are static (infinite-dimensional) parameters, the Ra@iBieellized
particle filter suffers from an accumulation of errors overd. In other words, the particle filter is not
able to move cluster valuds’’s andU}" after they are initialized. This is a well known problem of
static parameteestimation with particle filters. However, as the static poment is not the estimated
clusterd, but its prior distributionG, this accumulation is less critical than with the estimataf

true static parameters.
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In Section[Y, the hyperparameter vectpis assumed fixed, also because this is a static parameter.
It could actually be estimated by implementing one of thetiglar filtering approaches to static
parameter estimation. For example, the approaches in (37a4 based on either kernel density
methods, MCMC steps, or Maximum Likelihood. However, thedgorithms also have important
drawbacks (error accumulation with time @(¢?)). An alternative solution consists of introducing
an artificial dynamic on the hyperparameters [41] but it i$ ayoplicable to our problem: we would

then loose the Polya urn structure given by Eq] (13).

E. About related approaches

Our model has some connections with Jump Linear Systems) ([#2543]. In JLS, a discrete
indicator variable switches between a (known) fixed numBdedifferent (known) linear Gaussian
models with some (known) prior probability. Our model mayiberpreted as a JLS whose number
of different models is unknown, mean vector and covarianagirof the linear Gaussian models are
unknowns as well as their prior probabilities. The modepsed in this paper can also be generalized
in the following manner. Denote, = {F;, Cy, Hy, Gy, uy, X3, i, X3} = {Fy, Cy, Hy, Gy, 6, } andG,,

a prior distribution org,. The following general hierarchical model
G ~ DP(Gy, ),
Qt‘@ ~ G,
x¢|0p, %01 ~ N(Fixi—1 + Coup + Gy, G2V GY),
2|0y, ¢ ~ N(Hexe + pif, 5F)

(58)

has more flexibility than common JLS: the number of differemitching models is estimated, as

well as the parameters of these models and their prior pititiesb

F. About observability

In order for the observation noise; pdf to be correctly estimated, some observability constsai

must be ensured. Indeed, the p@ﬁ, }7) has to be fully observable, that is, the observability matri

H
HF
(59)
ﬁﬁnIJrnzfl
~ F Onmxnz ~
must have rank, + n. (full rank), whereF' = ‘ , H = ( H I, ) n, and
Onzxnx Inz

n, are resp. the length of the state and observation vectors.
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VIIl. CONCLUSION

In this paper, we have presented a Bayesian nonparametdelrii@at enables state and observation
noise pdfs estimation, in a linear dynamic model. The Didtlprocess mixture considered here
is flexible and we have presented two simulation-based ithgos based on Rao-Blackwellization
which allows us to perform efficiently inference. The apmivdas proven efficient in applications
— in particular, we have shown that state estimation is pésseven though the dynamic and
observation noises are of unknown pdfs. We are currentlgsitigating the following extensions
of our methodology. First, it would be of interest to consig@nlinear dynamic models. Second,
it would be important to develop time-varying Dirichlet pass mixture models in cases where the

noise statistics are assumed to evolve over time.

APPENDIX
A. Notations

1 and X are sampled from a Normal inverse Wishart distributi®sn of hyperparametersg, o,
Vo,Aoif

5
p|E ~ N (o, —)
Ko

Y~ W(ro, Agt)

whereW (1, Ay 1) is the standard Wishart distribution.

B. Backward forward recursion

The quantitiesPt’jll| (O7) andPt’jll‘ ((Br)m)_y,(0ir) defined in Sectiofi IV-A always satisfy the
following backward information filter recursion.
1) Initialization
Pyp(0r) = HE(S3) " Hy
Pyt (Or)mip p(0r) = HE(S8) ™ (27 — i)

2) Backward recursion. Far=1T —1..1,

—1
Apsr = |In, + BT(9t+1)Pt';11|tH(QHHT)B(@H)] (60)

Pt,\;il (Otr1.7) = Ft11P;11|t+1 (Ot11.7)In, —B(011)Ary1 (9t+1:T)BT(9t+1)Pt:1l‘t+1 (Orr1.7)) Fii1

Pt/\;—ll—l(9t+1:T)m£|t+1(9t+1:t) = F1 1 (0041) X (In, — Ptill‘tﬂ(9t+1:T)B(9t+1)At+1(9t+1:T)BT(9t+1))

X Pt:11|t+1(9t+1:T) (m2+1\t+1(9t+1:T) - u£+1(9t+1)> (61)
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})tllzl(et:T) = Pt/‘;j_l(eﬂrl:’f) + HtT(E;jU)_lHt (62)

Pt/ﬁl(at:T)m:e\t(at:T) = Pt,‘;il(9t+1:T)m:g\t+1(9t+1:T) + HtT(EzztU)il(Zt - N%U) (63)
where B(6;) = Gyxchol(3¢)T.

For the Metropolis Hasting ratio, we need to compute the @tecee probability only with a

probability constant

p(z1l00r) o p(zel6r0s 211 / (Bt 17 %0, B0 ) (el 21, 0.0l (64)
X

If Et|t(91:t) 75 0 then it existsﬂﬂt(ﬂl:t) anth‘t(Hl:t) such thaEﬂt(Hl:t) = Qt|t(91:t)ﬂt|t(91:t)Q£t(91215)'
The matrices),;(01.¢) andIl,;(01.,) are straightforwardly obtained using the singular valueode-
position of Xy, (61.¢). Matrix Iy, (61.¢) is any x ny, 1 < ny < n, diagonal matrix with the nonzero

eigenvalues oEﬂt(al:t) as elements. Then one has

W=

p(z17|01:r) o N (Zygr 1 (B1:0)s Sy—1.(01:0)) | Waga (01:0) Q) (01:0) Py 1 (e 1:7) Qe (Brie) + I,
X eXp(—%QJt(let)Pgﬁl(9t+1:T)>A<t|t(91:t) - 2§tT|t(61:t)Pt,‘;11(9t+1:T)m£|t+1(9t+1:T)

— (Mg Berrr) = Rege(01:0)7 X Pyppy Geenr) Aga (1) X Pty (Besrr) (miyyy (Brvrr) — Xiga(01:4)))
(65)

where
—1
A (O14) = Que(01:0) |TL[ (01:0) + QJy (01:0) Py (Orarir)Qua ()| Qp(Be) (66)

The quantitiesc,; (61.¢), X¢¢(01:¢), Zyje—1(01:4) and Sy,_1(61.4) are, resp., the one-step ahead filtered
estimate and covariance matrix ©f, the innovation at time, and the covariance of this innovation.
These quantities are provided by the Kalman filter, the sydteing linear Gaussian conditional upon

alzt-

ACKNOWLEDGMENT

This work is partially supported by the Centre National d&kkcherche Scientifique (CNRS) and
the Région Nord-Pas de Calais.

REFERENCES

[1] F. Caron, M. Davy, A. Doucet, E. Duflos, and P. Vanheegtgyesian inference for dynamic models with dirichlet
process mixtures,” innternational Conference on Information Fusion, Florenttalia, 2006.

[2] S. Walker, P. Damien, P. Laud, and A. Smith, “Bayesianpavametric inference for random distributions and related
functions,”J. R. Statist. Soc. ,Brol. 61, no. 3, pp. 485-527, 1999.

DRAFT



(3]

(4]

(5]

(6]

(7]

(8]

(9]
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]
[18]

[19]

[20]

[21]

[22]

(23]

[24]

25

R. Neal, “Markov chain sampling methods for Dirichletopess mixture modelsJournal of computational and
graphical statisticsvol. 9, pp. 249-265, 2000.

P. Muller and F. Quintana, “Nonparametric Bayesian datalysis,” Statistical sciencevol. 19, no. 1, pp. 95-110,
2004.

R. Mehra, “On the identification of variances and adaptialman filtering,”IEEE Transactions on Automatic Contyol
vol. 15, no. 2, pp. 175-184, 1970.

K. Myers and B. Tapley, “Adaptive sequential estimatiaith unknown noise statistics/JEEE Transactions on
Automatic Contralvol. 21, no. 4, pp. 520-523, 1976.

R. E. Maine and K. lliff, “Formulation and implementatioof a practical algorithm for parameter estimation with
process and measurement nois®lAM Journal of Applied Mathematicsol. 41, no. 3, pp. 558-579, 1981.

J. Maryak, J. Spall, and B. Heydon, “Use of the Kalman fif inference in state-space models with unknown noise
distributions,”IEEE Transactions on Automatic Contralol. 49, no. 1, 2004.

N. Shephard, “Partial non-gaussian state spaB&imetrikg vol. 81, pp. 115-131, 1994.

M. J. Lombardi and S. J. Godsill, “On-line Bayesian esttion of signals in symmetrie:-stable noise,”IEEE
Transactions on Signal Processingpl. 53, pp. 1-6, 2005.

C. Carter and R. Kohn, “Markov chain Monte Carlo in cdiatally Gaussian state space modeBigmetrikg vol. 83,

no. 3, pp. 589-601, 1996.

J. Griffin and M. Steel, “Semiparametric Bayesian iefege for stochastic frontier modelsburnal of econometrics
vol. 123, no. 1, pp. 121-152, 2004.

A. Pievatolo and R. Rotondi, “Analysing the intereveithe distribution to identify seismicity phases: a Bayasia
nonparametric approach to the multiple-changepoint pralil Applied statisticsvol. 49, no. 4, pp. 543-562, 2000.
K.-A. Do, P. Muller, and F. Tang, “A Bayesian mixture nedor differential gene expressionjournal of the Royal
Statistical Society Cvol. 54, no. 3, 2005.

M. Medvedovic and S. Sivaganesan, “Bayesian infinitetarte model based clustering of gene expression profiles,”
Bioinformatics vol. 18, no. 9, pp. 1194-1206, 2002.

T. Ferguson, “A Bayesian analysis of some nonparametroblems,”The annals of statisticsvol. 1, pp. 209-230,
1973.

J. Sethuraman, “A constructive definition of Dirichfatiors,” Statistica Sinicavol. 4, pp. 639-650, 1994.

D. Blackwell and J. MacQueen, “Ferguson distributiais Polya urn schemesThe annals of statisticsvol. 1, pp.
353-355, 1973.

C. Antoniak, “Mixtures of Dirichlet processes with djgations to Bayesian nonparametric problemEje annals of
statistics vol. 2, pp. 1152-1174, 1974.

M. Escobar and M. West, “Computing Bayesian nonparaméterarchical models,” Institute of statistics and cémn
sciences, Duke University, Durham, USA, Tech. Rep., 1992.

——, “Bayesian density estimation and inference usinigtanes,” Journal of the american statistical associatjon
vol. 90, pp. 577-588, 1995.

S. MacEachern and P. Muller, “Efficient MCMC schemes ffalbust model extensions using encompassing Dirichlet
process mixture models,” iRobust Bayesian Analysis. Ruggeri and D. Rios-Insua, Eds. Springer-Verlag, 2000,
pp. 295-316.

S. MacEachern, M. Clyde, and J. Liu, “Sequential impoce sampling for nonparametric Bayes models: the next
generation," The Canadian Journal of Statisticgol. 27, no. 2, pp. 251-267, 1999.

P. Fearnhead, “Particle filters for mixture models vathunknown number of componentStatistics and Computing
vol. 14, pp. 11-21, 2004.

DRAFT



[25]
[26]
[27]
(28]

[29]

[30]
[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

26

A. Gelman, J. Carlin, H. Stern, and D. RubBayesian data analysis Chapman and Hall, 1995.

B. Anderson and J. Mooré&ptimal filtering Prentice-Hall, 1979.

C. Robert and G. Caselldjonte Carlo statistical methods Springer-Verlag, 1999.

A. Doucet and C. Andrieu, “Iterative algorithms for &gastimation of jump Markov linear systemi2EE transactions
on signal processingvol. 49, no. 6, pp. 1216-1227, 2001.

M. West, “Hyperparameter estimation in Dirichlet pess mixture models,” Institute of statistics and decisiterees,
Duke University, Durham, USA, Tech. Rep., 1992.

A. Doucet, N. de Freitas, and N. Gordon, Ed3equential Monte Carlo Methods in practiceSpringer-Verlag, 2001.
A. Doucet and P. Duvaut, “Bayesian estimation of styiace models applied to deconvolution of Bernoulli-Gaarssi
processes,Signal Processingvol. 57, pp. 147-161, 1997.

J. Durbin and S. Koopman, “A simple and efficient simigdatsmoother for state space time series analyBisinhetrika
vol. 89, no. 3, pp. 603-615, 2002.

K. Gordon and A. Smith, “Monitoring and modeling bioniea time series,"Journal of the American Statistical
Association vol. 85, pp. 328-337, 1990.

A. Doucet, N. Gordon, and V. Krishnamurthy, “Particlédis for state estimation of jump Markov linear systems,”
IEEE Transactions on Signal Processingl. 49, pp. 613-624, 2001.

S. Petrone and A. Raftery, “A note on the Dirichlet prior Bayesian nonparametric inference with partial
exchangeability,"Statistics and probability lettersvol. 36, pp. 69-83, 1997.

P. Green and S. Richardson, “Modelling heterogeneity and without the Dirichlet processScandinavian journal
of statistics vol. 28, no. 2, pp. 355-375, 2001.

J. Liu and M. West, “Combined parameter and state esiiman simulation-based filtering,” irSequential Monte
Carlo Methods in PracticeA. Doucet, N. D. Freitas, and N. Gordon, Eds. Springeragr001.

W. Gilks and C. Berzuini, “Following a moving target: Mte Carlo inference for dynamic Bayesian modelgtirnal
of the Royal Statistical Association Bol. 63, no. 1, pp. 127-146, 2001.

A. Doucet and V. Tadic, “Parameter estimation in gehstate-space models using particle metho#sjh. Inst. Statist.
Math,, vol. 55, no. 2, pp. 409-422, 2003.

G. Poyiadjis, A. Doucet, and S. Singh, “Particle methddr optimal filter derivative: application to parameter
estimation,” inInternational Conference on Acoustics, Speech and SigradeBsing, ICASSP’'02005.

C. Andrieu, M. Davy, and A. Doucet, “Efficient particldtéring for jump Markov systems. Application to time-vangi
autoregressionsIEEE Transactions on signal processjngl. 51, no. 7, 2003.

G. Ackerson and K. Fu, “On state estimation in switchamyironments,”IJEEE Transactions on Automatic Contyol
vol. 15, pp. 10-17, 1970.

H. Akashi and H. Kumamoto, “Random sampling approacstébe estimation in switching environmentafitomatica
vol. 13, pp. 429-434, 1977.

DRAFT



