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Abstract

Hidden Markov (chain) models using finite Gaussian mixture models as their hidden state distributions have
been successfully applied in sequential data modeling and classification applications. Nevertheless, Gaussian mixture
models are well-known to be highly intolerant to the presence of untypical data within the fitting data sets used
for their estimation. Finite Student’s-{ mixture models have recently emerged as a heavier-tailed, robust alternative
to Gaussian mixture models, overcoming these hurdles. To exploit these merits of Student’s-¢ mixture models
in the context of a sequential data modeling setting, we introduce in this paper a novel hidden Markov model
where the hidden state distributions are considered to be finite mixtures of multivariate Student’s-¢ densities. We
derive an algorithm for the model parameters estimation under a maximum likelihood framework, assuming full,
diagonal, and factor analyzed covariance matrices. The advantages of the proposed model compared to conventional

approaches are experimentally demonstrated through a series of sequential data modeling applications.

I. INTRODUCTION

The hidden Markov model (HMM) is increasingly being adopted in applications since it provides
a convenient way of modeling observations appearing in a sequential manner and tending to cluster
or to alternate between different possible components (subpopulations) [1]. The observation emission
densities associated with each hidden state of a CHMM must be capable of approximating arbitrarily

complex probability density functions. Finite Gaussian mixture models (GMMs) are the most common



selection of emission distribution models in the CHMM literature, yielding the so-called Gaussian HMMs
(GHMMs) [2]. The vast popularity of GHMMs stems from the well-known capability of GMMs to
successfully approximate unknown random distributions, including distributions with multiple modes,
while also providing a simple and computationally efficient maximum-likelihood (ML) model fitting
framework, by means of the expectation-maximization (EM) algorithm [3]. Nevertheless, GMMs do also
suffer from a significant drawback concerning their parameters estimation procedure, which is well-known
that can be adversely affected by the presence of outliers in the data sets used for the model fitting.
Hence, when outliers are present in the available fitting data sets (as it is usually the case in real-world
applications), GMMs tend to require excessively high numbers of mixture components to capture the
long tails of the approximated distributions (corresponding to the existing outliers), so as to retain their
pattern recognition effectiveness. As a consequence of the induced model size increase, the computational
efficiency of the trained models deteriorates significantly, while high requirements are also imposed in the
size of the available training data sets, so as to guarantee the dependability of the model fitting procedure.

As a solution for the amelioration of these drawbacks in the static setting, the finite Student’s-t mixture
model (SMM) has been proposed in [4] as a highly tolerant to outliers alternative to GMMs. Finite mixtures
of the longer-tailed multivariate Student’s-¢ distribution provide a much more robust approach to the fitting
of GMMs, as training observations that are atypical of a mixture component density are given reduced
weight in the calculation of its parameters, under a model-inherent, soundly-founded statistical procedure.
The significant tolerance of SMMs to untypical training data has been experimentally depicted in many
recent articles (see e.g. [4], [5], [6], [7]), where it has been shown that SMMs can model sufficiently
well the hidden patterns of the data under examination, even under the presence of significant proportions
of outliers, cases where the GMMs either fail or demand a considerably large model to be fitted, thus
resulting in a severe deterioration in terms of computational efficiency, as already explained.

It is a natural consequence of the outlier intolerance of GMMs that CHMMs using GMMs as their

emission densities (GHMMSs) do also suffer from the same outlier intolerance related issues. In modern



CHMM literature, various efforts have been made towards the attenuation of these shortcomings of
GHMMs. For example, in [8], a selective training method is proposed; in [9], a top-down selective
attention filter is applied on maximum-likelihood GHMM training, for robust speech recognition; in [10],
a maximum confidence GHMM for robust two-dimensional pattern classification is proposed; in [11], a
large margin HMM (LM-HMM) is proposed. However, the proposed have many shortcomings, among
which we might mention the heuristic nature of their majority, as well as the application-specific nature
of many of them. To address these issues, in this paper, we exploit the outlier tolerance merits of SMMs
in the context of sequential data modeling techniques using continuous hidden Markov chain models, by
proposing a novel CHMM where the hidden state observation emission distributions are modeled using
finite mixtures of multivariate Student’s-¢ densities. This way, we formulate a novel outlier-tolerant HMM,
providing an effective, non-heuristic, application-independent means for robust sequential data modeling.

The remainder of this paper is organized as follows. In Section II, the proposed Student’s-t HMM
(SHMM) is formulated. In Section III, a multiple token treatment of the SHMM under the ML framework
is conducted, using the EM algorithm. In Section IV, an effective covariance modeling technique for
the SHMM based on factor analysis is proposed, to allow for the reduction of the SHMM parameters
when dealing with high-dimensional data, without undermining the model’s pattern recognition capacity,
as is the case with the commonly applied, diagonal covariance modeling selections; further, a multiple
token treatment of the resulting, factor analyzed SHMM, is performed. In Section V, the experimental
evaluation of the proposed, SHMM and factor analyzed SHMM models, is conducted, considering a
series of sequential data modeling applications from diverse domains. Finally, in the concluding section,

the results of this paper are summarized and discussed.

II. MODEL FORMULATION

A. Student’s-t mixture models (SMMs)

The adoption of the multivariate Student’s-¢ distribution provides a way to broaden the Gaussian

distribution for potential outliers. The probability density function (pdf) of a Student’s-¢ distribution with



mean vector p, covariance matrix 32, and v > 0 degrees of freedom is [12]
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where p is the dimensionality of the observations y,, d(y,, u; ) is the squared Mahalanobis distance
between y,, o with covariance matrix X, and I'(s) is the Gamma function, I'(s) = [~ e z*"dz. It can
be shown (see, e.g., [12]) that, in essence, the Student’s-t distribution corresponds to a Gaussian scale
model [13] where the precision scalar is a Gamma distributed latent variable, depending on the degrees

of freedom of the Student’s-¢ density. That is, given

Yy ~ t(p, 3, v) )

it equivalently holds that [12]

Yylu ~ N(p, 2 /wy) (3)

where the precision scalar, u,, is distributed as

w9 (53) @

N(p,X) stands for a normal distribution with mean g and covariance matrix X, and G(«, 3) is the
Gamma distribution. On the basis of these results, a finite mixture of Student’s-t densities, with weights

(prior probabilities) ¢y, ..., ¢y, is defined as [4]
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where, © = {¢;, u;, X;,v;}7_,. Here, we are using p(.) as a generic notation for a probability function.

A graphical illustration of the univariate Student’s-t distribution, with p, 3 fixed, and for various
values of the degrees of freedom v, is provided in Fig. 1. As we observe, as v — oo, the Student’s-t

distribution tends to a Gaussian one with the same p and 3. On the contrary, as v tends to zero, the



Figure 1. Univariate Student’s-¢ distribution t(y,; p, 3, v), with p, X fixed, for various values of v [6].

tails of the distribution become longer, thus allowing for a better handling of potential outliers, without
affecting the mean or the covariance of the distribution. Thus, exploiting the harder tails of the Student’s-¢
distribution, SMMs and SMM-based probabilistic generative models are able to handle in a considerably
enhanced manner outliers residing within the fitting data sets, requiring a significantly reduced number
of mixture component densities, and hence, providing better computational efficiency, better algorithm
stability, improved model parameter estimates, and reduced requirements in training data availability,

comparing to GMMs and GMM-based models [4], [14], [5], [6], [15].

B. The Student’s-t hidden Markov model (SHMM)

Definition 1: Let us consider a finite state-space hidden Markov chain model. The considered model
is a Student’s-t hidden Markov model (SHMM) if and only if the observation emission distributions of its
hidden states are considered to be finite mixtures of Student’s-¢ densities.

Let us consider a Student’s-t hidden Markov model comprising I states. Let {y,}~ , denote a sequence
of observed data points modeled using the considered SHMM. Let us also assume for convenience,
and without any loss of generality, that all the hidden state densities of the considered SHMM are
approximated by Student’s-¢ mixture models with the same number of component distributions, .J. Then,
from the conditional independence property of the hidden Markov chain [1], [2] it directly follows that

the observations emitted from the same hidden state of the SHMM are independent, identically distributed



(i.i.d), in the form given by (5); that is the probability density of the observation y, given that it is emitted

from the 7th model state is
J

(Y ©:) = Y cit(ye; pigs S vig) (6)
j=1
where ¢;;, p;;, 35 and v;; are the mixing proportion, mean, covariance matrix and the degrees of freedom

of the jth component density of the hidden distribution of the ith state of the model (: = 1,...,1,

j=1,...,J), respectively, and ©; = {c;;, vij, pyj, Lij } 1.

III. MULTIPLE TOKEN TREATMENT OF THE SHMM

Training of the SHMM using multiple training sequences (tokens) can be easily conducted by means of
the EM algorithm. Let us consider M independent sequences of fitting data. We assume for convenience,
that all the sequences have the same length 7', i.e. comprising 7" data points, without any loss of generality.
Let the mth sequence be y,, = {y,.,}._,, m = 1,..., M, where y,,, stands for the tth data point of the
mth fitting sequence. Then, from (6), we have

J
P(Yps; ©i) = Z Cijt(Ymes Bijs Dijs Vij) (7)

Jj=1

or, equivalently, using the properties of the Student’s-¢ distribution

J
DYt {igmi } /213 ©0) = Y N (Yot 37 S /st ®)
j=1

where u;;n: 1s the precision scalar corresponding to the observation y,,, given it is generated from the

Jth component density of the ith hidden state distribution

Vii Vi
wigmi ~ G (2,57 ©)



Let us denote as s,,,; the state indicator vectors of the observed data, with s,,; = (simt)le, and

1, if y,,, is emitted from the ith model state (i = 1,..,1)
A
Simt = {

0, otherwise

Let us also denote as 2’ , the state-conditional mixture component indicator vectors of the observed data,

such that 2! , = (2

jmt) i1, and, given that y,,, is emitted from the ith state (s;,,; = 1), it holds

i A
ijt -

{ 1, if y,,; is generated from the jth component density of the state (j = 1, .., J)
0, otherwise

The EM algorithm constitutes the optimization of the conditional expectation of the complete data log-

likelihood of the treated model, given the fitting data, y, defined as
Q(¥; W) £ Eg(logL.(¥)|y) (10)

where ¥ denotes the obtained estimator of the model parameters vector ¥ = {©;, Wi,whi}ﬁJ:l, ; are
the initial state probabilities, and 7j; are the state transition probabilities of the Markov chain. For a

continuous hidden Markov model, the expression of the complete data log-likelihood reads [4]

M I I T-1
logL.(¥) = Z Z Shm1logmy, + Z Z Shmt Sim,t+1108Th;
m=1 h=1 i=1 t=1 (11)
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i=1 m=1 t=1
where y, ;" stands for the complete data corresponding to the ¢th observation of the mth sequence, y,,,,,
and logp(y,.; 7; ©;) is the complete data log-likelihood of the emission distribution of the ith hidden state
corresponding to y,,,;-

A graphical illustration of the considered SHMM can be found in Fig. 2. To provide a proper selection

of the complete data vy, " for the SHMM, we have to take into account that a closed form solution

for log-likelihood optimization of a Student’s-¢ distribution in the form (7) does not exist [12], [4].
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Figure 2. Directed graph of the SHMM for a sequence of T observation points, {y, }7—1.

However, exploiting the alternative expression (8)-(9) of a Student’s-¢ distribution as a Gaussian distribution
with scaled precision, where the scalar is a Gamma distributed latent variable, a tractable optimization
framework can be obtained. Under these considerations, we let the complete data corresponding to the
mth sequence, y;>"?, be

1) the observable data y,,,, t=1,.... T, m=1,... M

2) their state indicator vectors, S,

3) their state-conditional mixture component indicator vectors, z' ,

4) their corresponding precision scalars, ;.

Then, we have
J .
Py 05) = [ [ leisp(Wumiltiijoms; ©:) plttsjome; ©)) 57

J=1

which yields (ignoring constant terms)

J
oy 00 = 3 ont () + 5 o (3)
i=1 (12)

+ loguijme — Uijmt} - ]2 td(ymta Hij; Eij) - §1Og|2ij| + IOng‘j}

The E-step on the (k+1)th iteration of the EM algorithm requires the calculation of the quantity



Q(T, \Il(k)), where W¥) denotes the current estimator (obtained by the kth iteration of the EM algorithm)

of W. Using (11) and (12), we have

M I I T-1
QUE;EM) =357 1) Togm + > e Jogm
m=1 h=1 =1 t=1
I M T (13)
+3 3N A Ege (logp(yia™; ©5)y)
i=1 m=1 t=1

where fyi(,]th denote the estimators of the state emission posterior probabilities in kth iteration, defined as

(t=1,...,T) and 'y}(L denote the estimators of the state transition posterior probabilities in kth iteration,
defined as

Yhimt S p(sim,t+1 =1, Spyt = 1|y) (15)

(t=1,.,T—1) form =1,..,M, h,i = 1,...,I. Therefore, the E-step of the algorithm comprises

computation of the estimates v\, and v") . and of the expectation Egu (logp(yT™”; ©;)|y). Let us

imt

begin with the updates 7@

imt

and %(LI;)M. These quantities can be obtained utilizing the forward-backward

algorithm. It holds [2], [1]

%(leznt _ agizbt”/(j) (Ym A1 G(k))bfg,tﬂ (16)
Zv 1Z¢ 1 vmtﬂ—mﬁ)p(ym t+17@((;5k))b§)k;2L,t+1
and
(k) 1 (k)
e "
where
aby = 7 p(Y,; 01" (18)

a’z(7krz)t+1 P(Ymn 11 Q(k Zahmtﬂ-f(j) t=1,.,T-1) (19)



| (20)

hmt Zﬂm (Yo it1s @( ))bim,t+1 (t=T-1,..,1) (21)

and the expression of p(y,,,; ®;) is given by (7). Concerning the expectation Egw) (logp(y, ;5 0:)|y),

from (12), it can be shown (see Appendix A) that its estimation reduces to the computation of the quantities

k i
f’L'(jV)"Lt = E\I’<k)<zjmt|ymt7 Simt = 1)

k k k k

ij 17y

J k k) (k
h=1 Eh)t(ymtv l*l'gh)’ Ez('h)’ Vi(h))

(22)

which stand for the conditional posterior probabilities that y,,, is generated from the jth component

distribution of the ith state of the SHMM, given that it is emitted from the ith state of the model, and

E])nt Egt (Wijmt|Yome)

l§f)*-p

k k k
Vi(j) +d(ymt7u’z('j);21('j))

(23)

which stand for the posterior expected values of the precision scalars ;..
Further, the M-step of the algorithm is effected by performing the computations (see Appendix A)

M

1
m =2 v (24)

m=1

M T—1 (k)
(k+1) _ Dol D 17hzmt

hi
Z IZt 1 tht

M T
k+1 Z Z 7,z(]mt/ Z Z ’)/zmt (26)

m=1 t=1 m=1 t=1

(25)

(k)
(k+1) Zm 1 Zt 1 zjmtuzjmtymt
i - (k)
Zm 1Zt 1 mmtuz]mt

27)



Algorithm 1 EM Algorithm for the SHMM
k:=0
1) Conduct the forward-backward algorithm to obtam the quanutles a
2) Effect the E-step by computing the ”y}(ﬂ@t, ’ylmt, and v
and (23), respectively.

3) Effect the M-step by computing the ng“), wfblfl), kD p,(l-fﬂ), Eg.”l), and VZ.(f H), using (24)-(29),

t and blmt

(5" using (16), (17), (22), (31),

éljmt’ zymt’ igmt>

i > g
respectively.
4) If the EM algorithm converges, exit; otherwise increase the iteration counter (k := k + 1) and goto
1.
M T
k 1) k+1 k+1
i Z Z’I“ mtuz]mt ymt “E]—i_ ))(ymt I‘II’E_]J’_ ))
=1 t=1
Yo (28)
X [ Z Tz(]mt]
m=1 t=1
and solving the equation
(k) (k)
Vs v..” + P V.. + P
() e () (577) v
w5 ) tlgl5 )+ 5 0g 5
(29)

1 k
+ = T Z Z Tijm (10guwmt uz(j%ﬂ) =0

Zm 1 t=1 z]mt =1 t=1

(k)

to obtain the estimates of v;;, where, (s) is the digamma function and r;;,, is the joint posterior

probability that y,,, is generated from the ¢th state of the model and particularly from its jth component

distribution
Tijmt = p(simt 1, Z]mt = 1|y) = %mtfz’jmt (30)
k k) ~(k
ri(jr)nt = %'(m)t z'(jr)nt 3D

An outline of the EM algorithm for the SHMM is given in Alg. 1.
Let us, now, regard the computational requirements of the EM algorithm for the SHMM. As outlined
in Alg. 1, comparing to the GHMM, each iteration of the EM algorithm for the SHMM involves

computation of two extra quantities: the posterior expectations of the precision scalars, uﬁfﬁnt and the

(k).

estimates of the degrees of freedom, v;;". Let us begin with the precision scalars. As it is obvious

from (23), the major computational requirements of their calculation are imposed by the Mahalanobis



(k) E<’~€)). Nevertheless, these quantities are also involved in computation of the pdf

distances d(ymwl'l’ij y Hij

of the Student’s-t densities as well as of the Gaussian ones, that is, they are computed both for the

GHMM and the SHMM methods. Thereby, if properly coded, computation of the precision scalars, ugf;t,
incurs only a negligible computational overhead for the EM algorithm. Further, concerning the degrees of

: k
freedom estimates, VZ-(]- ),

from (29), we observe that their computation involves resolution of an open-form
formula, e.g., by means of the Newton’s method. Nevertheless, the left hand part of (29) does not involve
computationally expensive calculations. Moreover, given that, typically, 0 < v < 100 [4], convergence of

Newton’s method is expected to be extremely fast. Thus, calculation of VZ-(f )

should induce a rather low
computational overhead, clearly not affecting the efficiency of the SHMM training algorithm. Our claims
on the computational efficiency of the SHMM shall be experimentally validated in Section V.

Finally, apart from model training, two equally significant problems in HMM literature concern like-
lihood calculation and corresponding emitting states sequence selection for an observed sequence with
respect to a trained model. Let us consider an SHMM, trained using the EM algorithm, as described above,
with parameters set ¥, and an observed sequence y = {y,}L_,. Then, it is straightforward to observe that
both likelihood calculation and corresponding emitting states sequence selection can be conducted the
same way as in the case of GHMMs, using the forward algorithm and the Viterbi algorithm, respectively.
This is a direct consequence of the fact that the forward algorithm and the Viterbi algorithm are not

contingent on the form of the continuous emission densities of the Markov chain states [1], and, hence,

they can be applied in the SHMM without changes, and for the same computational costs.

IV. ENHANCING THE EFFICACY OF THE SHMM BY APPLICATION OF A COVARIANCE MODELING

TECHNIQUE

A significant practical concern when using CHMMs is the parameters number of the model to be fitted.
Using full covariance matrices, this number might be increased dramatically, especially in cases of high-
dimensional data. As a consequence, model parameters estimation becomes undependable, as the training

algorithm gets prone to poor local optima and overfitting, whereas the stability of the model training



procedure undergoes a severe undermining, since, under such conditions of ‘“sparse” training data, the
EM algorithm tends to obtain spurious clusters, thus resulting in singular or near singular covariance
matrices of the mixture component densities.

To resolve these issues, many researchers have considered parameter tying, e.g. sharing the covariance
matrices across different states of the hidden Markov chain (see e.g. [16]). Still, this method has many
drawbacks, the most significant being the considerable complication of the fitting procedure and the
artistry required to design the HMM. Using diagonal covariance matrices is another common solution;
diagonal covariance GMMs have the potential to approximate covariances between the elements of
multivariate observations [17]. However, it would be beneficial to have uncorrelated observed vectors for
each component density when diagonal covariance matrices are used [18]. Principal component analysis
(PCA) [19] is a popular alternative, resolving the drawbacks of diagonal covariance models. Nevertheless,
PCA is well-known to be heavily affected by outliers in the data, it does not define a proper density model
outside the subspace of principal components, while component-wise variations outside this subspace are
modeled uniformly, even when the data does not warrant such an assumption.

To address these issues, in this paper we consider application of factor analysis [20] as a means of
model parameters reduction for the SHMM, in cases of high-dimensional data. Factor analysis is a linear
scheme modeling the covariances between the elements of multivariate observations by dividing them into
two parts, an unobserved systematic part, taken as a linear combination of a relatively small number of
unobserved (latent) variables called factors, and an unobserved error part, whose elements are considered
as uncorrelated. Thus, by postulating a finite mixture of such linear submodels (factor analyzers), a
computationally efficient approximation of the distribution of the observed data can be obtained. Indeed,
the mixture of factor analyzers (MFA) model has been shown to retain the pattern recognition effectiveness

of full covariance GMMs, while preserving the computational efficiency merits of diagonal GMMs [20].



A. Finite mixtures of Student’s-t factor analyzers

Let us consider a set of independent and identically distributed (i.i.d.), p-dimensional data, {y,}Z_,. Let
us also consider the statistical representation of this set by a J-component mixture of factor analyzers,
with weights c¢; (summing to one). The latent vectors whose elements are the factors corresponding to
the observed data (factor vectors) are assumed to belong to a g-dimensional space, ¢ < p. Then, the

considered representation is given by the expression

Yy, = i; + Bz + ej; with probability ¢; (32)

where, p; is the mean of the jth component factor analyzer, Bj; is the factor loadings matrix of the jth
analyzer, x;; is the ¢g-dimensional factor vector of the tth observation, y,, with respect to the jth analyzer,
and e;; is the error of the factor analysis model corresponding to ¥y, with respect to the jth analyzer.
Conventionally, the factor vectors, x;;, and the error vectors, e;;, in an MFA model (32) are assumed to
follow Gaussian distributions. Alternatively, to exploit the robust (in terms of outliers) statistical modeling
capabilities that the Student’s-t distribution offers, as we described in Section I, a Student’s-t factor

analysis model has been proposed in [14], [S]. Under this regard, we have

L ~ t(O,Iq,Vj) (33)

€t ~ t(O,D]’,VJ’) (34)

where D; = diag(d;, ..., d;,). From (32)-(34), it follows [14]

J
Py {mii}1:©) = cit(y,; p; + Bjaje, Dy, vy) (35)
j=1
and, unconditionally
J
Py ©) = ity pmy, 25, v;) (36)

Jj=1



where

3; = B;B] + D (37)
and © = {¢;, u;, Bj, Dy, v},

B. Latent subspace covariance modeling for the SHMM using factor analysis

Definition 2: A factor analyzed SHMM is a CHMM the hidden state observation emission densities of

which are modeled by finite mixtures of Student’s-¢ factor analyzers, thus yielding an SHMM with factor
analyzed covariance matrices.
To train the factor analyzed SHMM we employ a variant of the EM algorithm, namely the alternating
expectation-conditional maximization (AECM) algorithm [21]. Each iteration of the AECM algorithm is
split into two cycles; in each cycle, a different complete data configuration is considered. This selection
allows for the derivation of a more convenient and computationally efficient form of the model training
algorithm comparing to EM, where, in each iteration, in the first cycle, the equivalent SHMM 1is obtained
by properly marginalizing over the factors, while, in the second cycle, the factor analysis-related quantities
are updated.

In detail, to provide a multiple token ML treatment of the factor analyzed SHMM, we adopt the same
setting as in Section III. A graphical illustration of the considered factor analyzed SHMM can be found in
Fig. 3. From (36), it is apparent that, given a set of observed sequences ¥y = {v,, }*_., v,, = {¥mi } 1>
expression (7) of the hidden state observation emission probabilities of the SHMM does also hold for the
factor analyzed SHMM, with

Furthermore, conditional on the factor vectors, x;;.:, we have

J
DYyl {@ijmi Y13 ©3) = D it (s iy + Bijijms, Dig, vij) (39)

j=1
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Figure 3. Directed graph of the factor analyzed SHMM for a sequence of 1" observation points, {yt}tTil.

or, alternatively

J
P(Yume{Zijme, uijmt}j:l; ©,) = Z CiiN Yy Hij + BijTijme, D ;[ wijmt) (40)
j=1

where the distribution of u;;,,, is given by (9), and x;j,, is the factor vector corresponding to the

observation y,,,, with respect to the jth analyzer of the ith state of the model, with
Tijme ~ 1(0, Iy, vij) 41

1) First cycle: In the first cycle of each iteration of the algorithm, we derive the estimates of the Markov
chain initial and transition (prior) probabilities, 7; and 7p,;, as well as the estimates of the weights, c;;, the
means, p,;, and the degrees of freedom, v;;, of the component factor analyzers of the emission distributions
of the model states. For these purposes, we let the complete data comprise

1) the observable data vy, ,, t=1,.... T, m=1,...,. M

2) their state indicator vectors, S,,;

3) their state-conditional mixture component indicator vectors, z¢ ,

4) their corresponding precision scalars, ;.



Obviously, under this regard, the first cycle on each iteration of the AECM algorithm for the factor
analyzed SHMM reduces to an iteration of the EM algorithm for the “plain” SHMM. Therefore, the
required estimates fyf(f;)m, yf,’j,}t, 52»(;2”, rgff)m, u%t, 772-(’”1), 7T}(£+1), (41 and Vij (A1) are given by (16), (17),
(22), (31), (23), (24)-(27), and (29), respectively, with the covariance matrices 3J;; of the observation
emission probabilities of the model states, p(y,,,; ©;), now given by (38).

2) Second cycle: In the second cycle of each algorithm iteration, we derive the estimates of the factor

loading matrices, B;;, and the noise covariance matrices, IJ;; of the model. For these purposes, and based

on (39)-(40), a convenient selection for the complete data comprises

1) the observable data vy, ,, t=1,.... T, m=1,...,. M

2) their state indicator vectors, S,

3) their state-conditional mixture component indicator vectors, z¢ ,
4) their corresponding precision scalars,

5) their corresponding factor vectors, &;jm;.

com

Then, the expression of logp(y,; "; ©;) in (11) yields (ignoring constant terms)

J
P(Ymi 3 ©;) = H [Cljp<ymt|mljmt7 Uijmis ©i)D(Tijmt | Wijme )P (Uijme; O )] imi
j=1
Vij Vii Vii Vis
= logp(y,y"; © 2 [ —logI’ (—j> + —Llog <—J> + —j(loguijmt — Uijmt)
Z J 2) "2 2) " 2 42)
Uijm —
- — t( mt — Mij — Bijmijmt)TDijl(ymt — M5 — Bijmijmt)

2
1
- §IOg|Dij| + loge;;
Let us begin with the E-step of this cycle of the algorithm. The Markov chain posterior probabilities
Yhimt and y;,: are updated using the forward-backward algorithm (eq. (16)-(17)). Concerning the term
Egw (logp(y,:™;©;)|y), it can be shown (see Appendix B) that its computation again reduces to the

computation of the state-conditional posteriors 5

iimt» 21ven by (22), and the expected values of the precision



Algorithm 2 AECM Algorithm for the factor analyzed SHMM
k=0
« First Cycle
1) Conduct the forward-backward algorithm to obtam the quantmes ag;)t and blmt
2) Effect the E-step by computing the v,g’filt, %],fn, fzjmt, Z]mt, and uiﬁlt, using (16), (17), (22), (31),
and (23), respectively.
3) Effect the M-step by computing the 7T(k+1), 7T}(£+1), (k+1), ugfﬂ), and VZ-(]’-“H), using (24)-(27) and
(29), respectively.
o Second Cycle
1) Conduct the forward-backward algorithm to obtain the quantities az(fn)t and bzmt
2) Recompute the 'y}(nmt, %(fl)t, §Z(fr)nt, rfjkzlt, and uﬁj,ln, using (16), (17), (22), (31), and (23), respectively.
Finish the E-step of the second cycle of the algorithm iteration by obtaining the estimates of the
factor analysis quantities vg-c) and ww), using (43) and (44), respectively.
3) Effect the M-step by computing the BEJ 1) and DE;CH), using (45) and (46), respectively.
4) If the AECM algorithm converges, exit; otherwise increase the iteration counter (k := k + 1) and
goto First Cycle-1.

scalars u;;n¢, given by (23), however, it also requires computation of the factor analysis quantities

o = (BYBY" + D)1 BY (43)

v

W =1, - o BY (44)

)

Finally, the M-step on the second cycle of each iteration of the algorithm yields the estimates of B;; and

D;;. These quantities are given by (see Appendix B)

-1
B = vPul (o VD wl)) (45)
DY = diag{V) - Vol BETY (46)

where, 7;;,,¢ is given by (31), and

k k+1 k+1
Zm IZt 1 z(]’r)ntuz(jr)nt(ymt l’l"fj ))(ymt l’l’z(] )>T

Zm:l Zt:l ijmt

47)

(k) _

An outline of the AECM algorithm for the factor analyzed SHMM can be found in Alg. 2.



V. EXPERIMENTAL EVALUATION

In this section, we provide a thorough experimental evaluation of the SHMM and the factor analyzed
SHMM, in a series of sequential data modeling applications from diverse domains. For comparison, we
also evaluate GHMMs, the selective training method for GHMMs of [8] (ST-HMM), and the large margin
CHMM (LM-HMM) of [11]. The evaluated methodologies have been developed in Matlab R2008a, and
were executed on a Macintosh platform with an Intel Core 2 Duo 2 GHz CPU, and 2 GB RAM, running

Mac OS X 10.5 (Leopard).

A. Experiment on Simulated Data

We begin with a toy example on simulated data, to demonstrate the notion behind the use of the
Student’s-¢ distribution as the observations distribution for sequential data modeling in the context of
a continuous hidden Markov model. The considered synthetic data was obtained by generating five
realizations of 250 samples each. In each realization, the first 100 samples were drawn from the univariate
Gaussian distribution A/ (3,0.25) , the second 100 samples were drawn from the univariate Gaussian
distribution N(0, 1), while the final 50 samples were drawn from a uniform distribution on the interval
[—10, 10] (outliers). In Table I, we provide the two-state hidden Markov models obtained after running
the EM algorithm considering both Gaussian and Student’s-¢ observation densities. As we observe, using
Gaussian observation densities yields a model with the state 1 output probability distribution mean being far
from the correct one, covariances for both state distributions considerably bigger comparing to the actual
ones, and less than optimal Markov chain probabilities. On the contrary, Student’s-¢ observation densities
obtain correctly the output probability distributions for both the HMM states, and a much improved

estimate for the Markov chain probabilities.

B. Bimanual Gesture Recognition

Here we evaluate the SHMM in classification of sequential data. We consider the problem of bimanual

gesture recognition, experimenting with the American Sign Language gestures for the words: against, aim,
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Table 1
OBTAINED TWO-STATE MODELS CONSIDERING GAUSSIAN AND STUDENT’S-t OBSERVATION DENSITIES.

| Model \ Gaussian \ Student’s-¢ |
State transition matrix 0.848 0.152 0.8997 0.1003
0.308 0.692 0.0923 0.9077
Initial state probabilities [0.998 0.002] [10]

State 1 output probability distribution | A/(1.85,2.5413) N (3.026,0.63)
State 2 output probability distribution | N(0.13,20.8467) | AN (—0.05,1.069)

balloon, bandit, cake, chair, computer, concentrate, cross, deaf, explore, hunt, knife, relay, reverse, and
role. The used data set, firstly presented in [22], was obtained from four different persons executing each
one of these gestures. It comprises a training set, including 30 videos of variable duration per gesture,
and a test set composed of 10 videos per gesture!. From this data set, we extracted several features
representing the relative position of the hands and the face in the images, as well as the shape of the
respective skin regions, by means of the complex Zernike moments [23], as described in [22]. This way, a
12-dimensional feature vector was derived from each sequence. To conduct classification of the obtained
sequences, we employ 3-state CHMMs (I = 3). We try various numbers of component densities per state,
J, and the lowest value of .J yielding the highest recognition rate for each method is determined. The
obtained error rates are depicted in Table II; there, the results for the GHMM, SHMM, and ST-HMM
methods are averages over 30 runs of the training algorithm, from different random starts. As we notice,
the SHMM provides superior classification performance comparing to its competitors, for a lower number
of mixture component densities, J.

Finally, in Fig. 4, we provide the convergence rates of the EM algorithm for the GHMM and SHMM
methods. These figures are averages over the conducted 30 runs of the EM algorithm, and over the 16

trained gesture models. As we observe, the EM algorithm converges equally fast for both methods.



Table II
GESTURE RECOGNITION: RECOGNITION ERROR RATES (%) OF THE CONSIDERED METHODS FOR OPTIMAL .J VALUES.

| Gesture [ SHMM (J =7) [ GHMM (J =9) | STHMM (J = 9) [ LM-HMM (J =9) |
against 0.19 0.97 0.51 0.28
aim 0.25 0.69 0.50 0.31
balloon 4.47 7.02 5.33 4.61
bandit 0.14 0.83 0.71 0.20
chair 11.33 23.64 16.06 13.18
cake 11.08 18.25 14.82 11.95
computer 6.4 6.88 5.50 4.13
concentrate 10.03 16.21 12.85 10.76
cross 15.04 28.13 19.54 16.88
deaf 0.42 4.37 2.19 1.62
explore 4.41 6.62 5.53 4.97
hunt 15.26 28.56 20.83 16.64
knife 11.65 24.12 18.13 13.47
relay 0.42 6.43 3.69 3.36
reverse 3.82 8.50 6.21 5.10
role 0.48 1.84 1.84 1.10
| Average | 5.96 \ 11.44 8.39 \ 6.79 |
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Figure 4. Bimanual gesture recognition: Average convergence rates of the SHMM and GHMM methods.
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Table III
TIMIT SEQUENCE SEGMENTATION: PHONE ERROR RATES (IN %) FOR VARIOUS NUMBERS OF MIXTURE COMPONENT DENSITIES, J.

" Model [J=1[J=2][J=4]J=8]
SHMM 44.6 | 41.7 38.3 36.1
GHMM 45.1 43.5 427 41.3

ST-HMM | 449 43.8 42.3 394
LM-HMM | 44.6 | 433 | 409 | 37.7
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Table IV
TIMIT SEQUENCE SEGMENTATION: EXECUTION TIME OF THE MODEL TRAINING ALGORITHMS.

| Model | diagonal SHMM | diagonal GHMM | ST-HMM | LM-HMM |
| Execution Time (in sec) | 1.65 \ 1.23 | 1.33 | 90471 |

C. Phonetic Recognition in TIMIT Speech Corpus

Further, we consider sequential data segmentation; we perform phonetic recognition experiments, using
a subset of the TIMIT speech corpus® [24], [25]. The used data set was derived by computing 39-
dimensional acoustic feature vectors from 13 mel-frequency cepstral coefficients and their first and second
temporal derivatives. In our experiment, we train one CHMM using each one of the methods SHMM,
GHMM, ST-HMM, and LM-HMM. In each case, the acoustic feature vectors are labeled by 48 phonetic
classes, each represented by one CHMM state. For each method, we compare the phonetic state sequences
obtained by Viterbi decoding to the “ground-truth” phonetic transcriptions provided by the TIMIT corpus.
To obtain error rates, we map the 48 phonetic state labels down to 39 broader phone categories, using
the same standard conventions as in [11]. Then, a relevant error rate can be obtained by aligning the
Viterbi and ground truth transcriptions using dynamic programming [25] and summing the substitution,
deletion, and insertion error rates from the alignment process. The obtained results can be found in Table
III. We notice that the SHMM performs better than the competition, especially for higher numbers of
mixture components. In Table IV, we provide the training algorithm execution time of each one of the
considered methods, for J = 1. We observe that the SHMM, GHMM, and ST-HMM methods impose
comparable computational requirements, contrary to the LM-HMM method, which, clearly, imposes a

heavy computational burden.

D. Cognitive State Decoding from Brain fMRI Images

Finally, we discuss a case of high-dimensional sequence modeling, to exhibit the advantages of the

factor analyzed SHMM over the diagonal one. For these purposes, we consider the task of cognitive

'The used data set is publicly and freely available in http.//www.iit.demokritos.gr/~dkosmo/downloads/gesture/help_gestureDB.htm
The used data set is publicly available in http://www.cs.berkeley.edu/~feisha/codes/Im_cdhmm/ for demonstration of the LM-HMM [11]
method.
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state decoding from brain fMRI images [26]. The goal here is to make it possible to detect transient
cognitive states using brain fMRI sequences, by training proper HMM classifiers to automatically decode
the subject’s cognitive state at a single time instant or interval. This problem domain is quite interesting
from the perspective of machine learning, because it provides a case study of classifier learning from
extremely high dimensional, sparse, and noisy data. In this experiment, we compare the performances of
the factor analyzed SHMM, the diagonal SHMM, a factor analyzed form of the GHMM, and the diagonal
GHMM.

The used data set® is partitioned into trials. For some of these intervals, the subject simply rested, or
gazed at a fixation point on a screen. For other trials, the subject was shown a picture and a sentence,
and instructed to press a button to indicate whether the sentence correctly described the picture. For these
trials, the sentence and picture were presented in sequence, with the picture presented first on half of the
trials, and the sentence presented first on the other half of the trials. Forty such trials are available for each
subject. Data were collected as follows: One fMRI image was obtained from the subjects every 500msec.
Only a fraction of the brain of each subject was imaged. The data is marked up with 25-30 anatomically
defined regions (called "Regions of Interest”", or ROIs). The timing within each trial is as follows: The
first stimulus (sentence or picture) was presented at the beginning of the trail (image=1). Four seconds
later (image=9) the stimulus was removed, replaced by a blank screen. Four seconds later (image=17) the
second stimulus was presented. This remained on the screen for four seconds, or until the subject pressed
the mouse button, whichever came first. A rest period of 15 seconds (30 images) was added after the
second stimulus was removed from the screen. Thus, each trial lasted a total of approximately 27 seconds
(approximately 54 images).

In our application, we want to train CHMMs to distinguish whether the subjects are viewing a picture or
a sentence on the basis of the obtained fMRI sequences. For this purpose, we train two 4 x 4 CHMMs (one

for the picture stimulus sequences, and one for the sentence stimulus sequences), using each one of the

3The considered data set is publicly available in http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-81/www/
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Table V
COGNITIVE STATE RECOGNITION FROM BRAIN IMAGES: AVERAGE ERROR RATE AND ITS STANDARD DEVIATION (IN %) OVER 30 RUNS
OF THE TRAINING ALGORITHM.

| Model | factor analyzed SHMM | diagonal SHMM | factor analyzed GHMM | diagonal GHMM |

P 70 70 70 70
q 9 - 9 -
Error Rate 23.44 + 2.22 29.87 £+ 3.17 35.06 £ 4.12 38.25 £ 4.79
Table VI

COGNITIVE STATE RECOGNITION FROM BRAIN IMAGES: AVERAGE EXECUTION TIME OF THE MODEL TRAINING ALGORITHMS.

| Model | Execution Time (in sec) |
| factor analyzed SHMM | 3.36 |
| diagonal SHMM | 3.33 |
| factor analyzed GHMM | 2.50 |
| diagonal GHMM | 2.48 |
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Figure 5. Cognitive state recognition from brain images: Convergence rates of the training algorithm for (a) the factor analyzed SHMM,
(b) the diagonal SHMM, and (c) the diagonal GHMM methods.
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considered methods. Following the suggestions of the creators of this data set, to train our classifiers we use
only the data corresponding to the following Regions of Interest (ROI’s): {’CALC’ "LIPL’ "LT” "LTRIA’
"LOPER’ "LIPS’ "LDLPFC’}. Furthermore, from this data, we retain only the information regarding the
p “most active” voxels, by application of the methodology described in [26].

To begin with, we observe that for values of p > 70, training of the considered models suffers from
difficulties, as we often experience problems with singular or near-singular covariance matrix estimates.
For this reason, we select p = 70 for this experiment. Concerning proper selection of the number of factors,
q, for the factor analyzed SHMM, application of the popular BIC criterion yields ¢ = 9. We underline
here that the applicability of the BIC criterion in determination of the number of factors in mixtures
of factor analyzers has been theoretically proved, given the number of the postulated factor analyzers
is known [27]. In Table V, we provide the obtained average recognition error rates of the considered
methods, and their standard deviations, over 30 runs of the EM algorithm (from different random starts).
In Table VI, we provide the average execution time of the training algorithm for the considered methods.
It is obvious that the factor analyzed SHMM completely outperforms its diagonal counterpart only for a
nominal computational overhead. Finally, in Fig. 5, we compare the convergence rates of the considered
methods. These figures are averages over the 30 runs of the EM algorithm and the two trained models
(corresponding to the considered two cognitive states). As we also obtained in Section V.B, we observe

that all the methods converge fast, with comparable convergence rates.

VI. CONCLUSIONS

In this paper, we proposed the use of Student’s-¢ mixture models as the observation emission densities
of continuous hidden Markov models, to offer a more robust methodology for sequential data modeling,
comparing to conventional approaches. We provided a multiple token ML treatment of the proposed model,
both for the case of full or diagonal covariance matrices, and for the case of factor analyzed covariance
matrices. The experimental evaluation of our approach in applications from diverse domains has provided

strong evidence towards the superior performance of the SHMM comparing to recently proposed HMM-
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based alternatives for robust to outliers sequential data modeling, for comparable computational costs with

the GHMM.

APPENDIX A. MULTIPLE TOKEN TREATMENT OF THE SHMM

From (12), and ignoring constant terms, we have

M T I
Z Z nyzmt k) 10gp<yf73?p ®Z>|y) =

m=1 t=1 i=1

M T J (48)
Z Z Z Z TZ;C) [k)gcw T let(Vij; ‘I’(k)) + Qth(H’ig? Ez], ‘I’(k))}
m=1 t=1 i=1 j=1
where
Qumt (Vi v = ?jE\Il(k)(logUijmt — Uijmt|Y ) — logl” (#) + ?Jlog <7j> (49)
1
Qth(l’l’iJJ EZ]; \I’ (k) ) = ——10g|27,]’ \Il(k) (uz]mtlymt)(ymt HZJ)TE (ymt IJ,ZJ) (50)

Hence, to effect the E-step of the multiple token treatment of the SHMM, we need to estimate the updates

A 'y,(L];)nt, 524(;?,),1” ugf,)nt, and Eg ) (logijme|Y,n:). The expressions of the posterior probabilities of the

Markov chain, 7@

imt

and fo;)nt are given by the forward-backward algorithm (16)-(21) [1], independently

of the type of the observation emission probabilities of the Markov chain states. Bayes rule yields the

expression of the state-conditional posteriors fwmt,

given by (22). Finally, the latter two updates have
been derived for the case of a single SMM in [4], and can be easily generalized for the SHMM model,

yielding (23) and

(k) (k)
vij +p Vij' +D
Egw) (10gUijmt|Ym) = 1Ogu1(3mt log ( 2 ) Y < J 2 ) oD

As we observe, (51) implies that to derive Eg ) (logtijme|y,,,) it suffices to compute the ufﬂ)nt, which

eventually concludes the E-step of the EM fitting of the SHMM model. Concerning the M-step, the

(

expressions of the Markov chain prior probabilities, 7 ) , and th), can be found, e.g., in [2], for any type

of the emission probabilities of the HMM states. The rest of the model parameters can be easily obtained
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by maximization of (48), in a fashion similar to the case of a single SMM in the static setting [4].

APPENDIX B. MULTIPLE TOKEN TREATMENT OF THE FACTOR ANALYZED SHMM

From (42), we have (ignoring constant terms)

M T I
ZZZ%W oo (logp(ym™; ©i)|y) =

m=1 t=1 i=1

MoT J (52)
DD D i [ngCz’j + Qunt (Vi3 O + Qo (py;, By, Dij; ¥ k))]
m=1 t=1 i=1 j=1
where
Vij 1% Vi Vij
Quur(vijs M) = —logl" (1) + “log (22 ) + = By (10gUisme = Wit |Yt) ~ (53)
and
k 1 1 T y—1
ngt(uij, B,;. D;;: Pl )) =— —log]DU| Byt (Wigme| Yme) Yumi — Nz‘j) Dij (Yot — H’z'j)
+ (Yo — 115) " Dy Bij Eg (Wijmi® gt |[Y,mr) (54)
1 _
— Etr (Bz;DileijE\p(k) (Uijmtwijmth;mt|ymt))
Following results from [14], we have
wzjmt|ymt7 Uigmt ™~ N(vfj(ymt - p’ij)? Wij/uz’jmt) (55)
and, hence,
k k)T k
B (iimi@ismel s imt) = w0 (Y — 1)) (56)
E\Il(k> (ulﬂmtwlﬂmthgmt|ymt) = w(k)+
(57)

B (k)T k T (&
+ uz('jr)nt’vz(j) <ymt - M’z(’j)) <ymt - M’z(’j)) 'Uz(j)
where

(k) (B(k’)B(k) + DZ(;?))—IBE;?) (58)
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0" gk (59)

(k) _
Wi = I,—- Uy; ij

Therefore, to effect the E-step on the second cycle on the (k + 1)th iteration of the algorithm, apart

(k) (k) (k) (k) (k)

from ;s Vhimes Sijme> @0d w5, wWe also need to compute the factor analysis quantities v;; ()

and w;;".

Concerning the M-step on the second cycle on the (k + 1)th iteration of the algorithm, we have

O Yyt — 15)" D' Bij Eq (Wijmi®ijmi| Yoy

= D;jl (Yot — I‘l’ij)E\Il(k) (Uijmtmijmtwmt)T (60)

otr (Bg;Di_jl B;;Egx (Uzjmtiﬂijmt%ijt | ymt) )
0B,

=2D;' Bi; Eg) (Uijmt@ijmtT | Yt (61)

from which, it is easy to show that the solution of 9Q(¥; ¥*)) /0 B;; = 0 yields (45). In the same fashion,
concerning the estimate of D);;, using (54) we deduce that it is easier to derive the partial derivative of

Q(¥; ¥™) with respect to D;;'. Then, we have

8Dij
8 . B TDil — ..
(Yt l‘l’l]) ij (Yot M”) = (Y — uij)(ymt - “’ij)T (63)

-1
oD,

O Yyt — 155)" D' Bij Eq (Wijmi®ijmi| Yyms)
oD}

= (Yt — lJ’ij)E\Il(k) (uijmtmijmtwmt)T BzT (64)

otr (Bz;Dl_JlB'L]E\I'(k> (uijmtwijmtwgmt|ymt))
oD

= Biqu,(k) (uijmtwijmtwg;mt‘ymt) BiTj (65)

from which we directly obtain that 0Q(¥; ¥*))/ OD;;' = 0 yields the maximizer (46).
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