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Abstract

The Student’s-t hidden Markov model (SHMM) has been recently proposed as a
robust to outliers form of conventional continuous density hidden Markov mod-
els, trained by means of the expectation-maximization algorithm. In this paper, we
derive a tractable variational Bayesian inference algorithm for this model. Our in-
novative approach provides an efficient and more robust alternative to EM-based
methods, tackling their singularity and overfitting proneness, while allowing for the
automatic determination of the optimal model size without cross-validation. We
highlight the superiority of the proposed model over the competition using synthetic
and real data. We also demonstrate the merits of our methodology in applications
from diverse research fields, such as human computer interaction, robotics and se-

mantic audio analysis.
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1 Introduction

The hidden Markov model (HMM) is increasingly being adopted in applica-
tions 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). Specifically, HMMs with continuous
observation densities have been used in a wide spectrum of applications in ecol-
ogy, encryption, image understanding, speech recognition, and machine vision
applications [1|. The hidden observation densities associated with each state
of a continuous HMM 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 continuous
HMM literature |2]. Their popularity stems from the well-known capability of
GMDMs to successfully approximate unknown random distributions, including
distributions with multiple modes, while also providing a simple and com-
putationally efficient maximum-likelihood (ML) estimation framework using
the expectation-maximization (EM) algorithm [3]. Nevertheless, GMMs do
also suffer from a significant drawback concerning their parameters estima-
tion procedure, which is well-known to be adversely affected by the presence

of outliers in the data sets used for the model fitting.

To tackle these issues, we have proposed in [4] a novel form of continuous
HMDMSs where the hidden state distributions are modeled using finite mixtures

of multivariate Student’s-t densities. The multivariate Student’s-¢ distribu-
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tion is a bell-shaped distribution with heavier tails compared to the Gaussian;
as a consequence, Student’s-t mixture models (SMMs) provide an alternative
to GMMs means of probabilistic generative modeling with high robustness
to training data outliers. The so-obtained Student’s-t hidden Markov model
(SHMM) has been considered in [4] under the ML paradigm using the EM algo-
rithm; as it has been shown, the SHMM provides an effective, computationally
efficient and application-independent means for outlier tolerant representation

and classification of sequential data by means of continuous HMMs.

In this paper, we provide an alternative treatment of the SHMM under a
Bayesian framework using a wvariational approrimation, yielding the varia-
tional Bayesian SHMM (VB-SHMM). Variational Bayesian treatments of sta-
tistical models present significant advantages over ML-based alternatives: ML
approaches have the undesirable property of being ill-posed since the likeli-
hood function is unbounded from above [5,6,7]. This fact results in several very
significant shortcomings. To begin with, a significant difficulty concerns the
infinities which plague the likelihood function, associated with the collapsing
of the bell-shaped component distributions onto individual data points and,
hence, resulting in singular or near-singular covariance matrices [7]. Obviously,
the adoption of a Bayesian model inference algorithm, providing posterior dis-
tributions over the model parameters instead of point-estimates, would allow
for the natural resolution of these issues [5,6,7]. Another central issue ML
treatments of generative models are confronted with concerns selection of the
optimal model size. Maximum likelihood is unable to address this issue since it

favors models of ever-increasing complexity, thus leading to over-fitting [17,10].

In our work, we conduct a Bayesian treatment of the SHMM, overcoming the
problems of ML approaches elegantly, by marginalizing over the model pa-
rameters with respect to appropriate priors. The resulting model (marginal)
likelihood can then be maximized with respect to the model size, in case one

aims at optimal model selection, or combined with a prior over the model



size if the goal is model averaging [17,16]. Our novel approach is based on
variational approrimation methods [8], which have recently emerged as a de-
terministic alternative to Markov chain Monte-Carlo (MCMC) algorithms for
doing Bayesian inference for probabilistic generative models [9,10], with bet-
ter scalability in terms of computational cost [11]. Variational Bayesian in-
ference has previously been applied to relevance vector machines [12], GMMs
[13], autoregressive models [14,15], SMMs [16,17], mixtures of factor analyzers
[18,19,20], discrete HMMs [21], Gaussian HMMSs [22], as well as HMMs with
Poisson and autoregressive observation models [23], thereby ameliorating the

singularity and overfitting problems of ML approaches.

The remainder of this paper is organized as follows: In Section 2, a brief review
of the SHMM is provided. In Section 3, the proposed variational Bayesian
treatment of the SHMM is carried out, yielding the variational Bayesian
SHMM algorithm. In Section 4, the experimental evaluation of the proposed
algorithm is conducted, considering a series of data modeling and classification
applications and using real-world data sets. In the final section, our results are

summarized and discussed.

2 The Student’s-t HMM

Let us suppose an N-state HMM where the hidden emission density of each
state is modeled by a K-component finite mixture model. Considering that
the component distributions of the K-component finite mixture models mod-
eling the HMM state densities are multivariate Student’s-t distributions, the
definition of the Student’s-t HMM is obtained. The pdf of a d-dimensional

Student’s-t distribution with mean w, precision R, and v degrees of freedom



is given by

I (452) 1R o) "
(v/2){1 + MD(xy, p|R™ ") v} /2

t(xi|p, R, v) = T (1)

where MD(z;, u|R™") is the squared Mahalanobis distance between x;, p with
covariance matrix (inverse precision) R [24] and I"(.) is the Gamma func-

tion.

The SHMM can be modeled by the set of parameters ¥ = {mw, A,C, 0, v},
where 7 = (m;);L, is the initial-state probability vector, A = (a;;)};_, is the

N x N one-step transition matrix, C' = (c”)fvjfl is the N x K mixture coef-
ficient matrix, with ¢;; denoting the mixing proportion of the jth component
density of the hidden emission distribution of the :th SHMM state, © is the

N X K parameter matrix that comprises the means p,; and the precisions R;;

N,K

of the constituent Student’s-t densities of the model, that is ® = (0;;);./=

N,K
ij=1

where 0;; = {p;;, Rij}, and v = (vy) is the VK vector of the degrees of

freedom of the model component densities.

Let X = {x;}, be an observed data sequence, with ; € X C R?, modeled
by an SHMM. The latent (unobserved) data associated with this sequence
comprise the corresponding state sequence S = {s;}_,, where s, = 1,.... N
is the indicator of the state the tth observation is emitted from, and the
sequence of the corresponding mixture component indicators L = {l;}L, ,
where [; = 1, ..., K indicates the mixture component density that generated
the tth observation. The likelihood of the parameters set ¥ of the SHMM

given the observable data X is, then, given by

T—1 T
p(X“If) = Z Tsq [H ast$t+1] lH Cstltp(wt|93tlt7 VStlt) (2>
S,L t=1 =1

As it has been discussed in [24], there is no closed-form solution for likeli-



hood maximization of a Student’s-t distribution. However, a computationally
elegant solution can be obtained [16,17] by exploiting the property of the
Student’s-t distribution [24]

t(x:|p, R, V) = /OOON(wtm,utR)g(ut\l//Q,V/Q)dut (3)

which implies that a Student’s-t density can be viewed as an infinite sum
of Gaussians with the same mean and scaled precisions, where the precision
scalars are Gamma-distributed latent variables depending on the degrees of
freedom of the Student’s-t density. Let us denote as U = {us,, } the sequence
of the (latent) precision scalars associated with the observed data, depend-
ing on the corresponding unobserved state sequence and mixture component

indicator sequence. Then, we have that

Ly~ t(“stlta RStlt’ VStlt) (4)
is equivalent to
Ly |Usyly, N(:u‘stlp ustltRStlt) (5)
where
p(ustlt |Vszlt> = g<u8tlt ’VStlt/27 Vstlt/2) (6>

Under this regard, and using (3), the likelihood of the SHMM (2) eventually

becomes

T

T—1
p(X|\I/) = Z Tsy /dustlt lH a5t5t+1‘| [H CStltp(mt|08tlt7 uStlt)p(uStlt|V5tlt)
S,L t=1

t=1

(7)



3 Variational Bayesian Inference for the SHMM

Variational Bayesian inference for the SHMM comprises introduction of a set of
prior distributions over the model parameters and further maximization of the
log marginal likelihood (log evidence) of the resulting model. For convenience,
we choose priors conjugate to the considered observable and latent data, as
this selection greatly simplifies inference and interpretability [8]. This way, the
prior for the initial-state probabilities vector is chosen to follow a Dirichlet

distribution
p(mw) = D(w|@") = D(my,...7n|9T, -, ON) (8)

In the same fashion, we choose

N

p(A) = [[ Dla, ... ainldji, - bix) (9)
=1
N

p(C):HD(C7«177CZK|¢gaa ZCK) (10)
=1

Under the equivalent expression (5) of the Student’s-t distribution, we let the
joint (conjugate exponential) prior on the means and the precisions of the

mixture component densities of the SHMM hidden states be

N K
N,K
p({#ij Rij}ijnn) = TT TT MWy, Rijl g, m,mig, Sij) (11)
i=1j=1
where N Wiz, RijlNij, Mz, mij, Sij) is a Normal-Wishart distribution with
hyperparameters \;;, m;;,7;;, and S;;. Finally, no conjugate prior exists for
the degrees of freedom v;; of the model component densities. Instead, these
parameters will be estimated as model hyperparameters, by optimization as a

part of the variational inference procedure discussed next.

Having introduced prior distributions over the SHMM parameters, the for-

mulation of the wvariational Bayesian SHMM is complete. The graph of the



VB-SHMM can be found in Fig. 1. Therefore, we can proceed to the estimation
of the marginal likelihood of the data. Exact inference in our Bayesian model
is intractable. Nevertheless, the choice of conjugate exponential prior distri-
butions for the model parameters allows for the derivation of an elegant varia-
tional framework. Let W be the set of the stochastic model variables of the VB-
SHMM, that is, the latent model variables and the model parameters on which
a conjugate exponential prior has been imposed, ¥ = {S,L,U,w, A, C,0O}.
The variational Bayesian treatment of the VB-SHMM is conducted by intro-
ducing an arbitrary distribution q(ﬁ/) =q(S,L,U,w A, C,0) and considering
the well-known equality for the log evidence, logp(X) [11]

logp(X) = Flg) +KL(gllp) (12
where -
Fo) = [ d‘ifq(\ifﬂogp(q)(i’ij\)lj) (13)

In (12), KL(q||p) stands for the Kullback-Leibler (KL) divergence between

the arbitrary distribution q(ﬁ/), which is considered as the approximate (vari-
ational) posterior over the model variables, and p(¥|X) which is the true

posterior over the model variables; it is given by

KL(allp) = - [ dq,q@)logpgj;; ) (14

Since the KL divergence is a non-negative quantity, it follows from (12) that

F(q) is a strict lower bound of the log evidence, i.e.

logp(X) > F(q) (15)

and would become exact if ¢(¥) = p(¥|X). Hence, maximizing the lower
bound of the log evidence (variational free energy), F'(q), so that it becomes
as tight as possible, i.e. minimizing the KL divergence between the true and the

variational posterior, a good variational inference scheme for the VB-SHMM



is obtained.

In order to yield a tractable expression for the variational free energy of the
VB-SHMM, we assume that the joint variational posterior over the stochas-

tic variables associated with the VB-SHMM, ¢(V) = ¢(S,L,U, =, A,C,®),

factorizes over the latent variables and the model parameters as

q(¥) = q(S,L,U,m, A,C,0) = q(S,L)q(U)q(m)q(A)q(C)q(©) (16)

where ¢(S, L) = q(L|S)q(5). Factorization of ¢(¥) on the form (16) is a com-
mon approach in variational Bayesian inference (see e.g. [16,25,21,26]). Then,
having chosen a family of approximating (variational) posterior distributions,
we can now search for the optimal member of this family by maximization
of the variational free energy, thus increasing F'(q) on logp(X), the exact log

marginal likelihood.

From (13) and (16), the variational free energy, F'(q), reads

F(q) :/deLdUdTrdAdCd@q(S, L)q(U)q(m)q(A)q(C)q(®) [logwSl

T-1 T T
+ Z 10ga5tst+1 + Z logcstlt + Z logp($t|95tlt7 usﬂt)
t=1 t=1 t=1

+ logp(Ulv) + logp(m) + logp(A) + logp(C') + logp(O)
—logq(S, L) — logg(U) — logg(m) — logg(A) —logg(C) — logQ(@)]
=F(q(m)) + F(q(A)) + F(¢(C)) + F(q(®)) + F(q(S, L)) + F(q(U))
(17)
where, the analytical expressions of the terms constituting F'(q) are provided
in the Appendix. From (17), it follows that F'(¢) is a non-convex function
of the variational posterior distribution [27]. As a consequence, there will in
general exist multiple maxima of F'(¢), and, hence, the solution obtained from
the variational inference procedure will depend, indeed, on the initialization.

This issue can be easily addressed by performing multiple optimizations from



i=1..N

Figure 1. Graphical representation of the VB-SHMM. {X,;}L_; is the observed se-
quence. The arrows represent conditional dependencies. The plates indicate indepen-
dent copies for states ¢, component mixtures j, and data samples ¢. Some variables
are related to more than one plates. The dependency of the observed variables re-
sults from the Normal-Wishart distribution, and the variables s¢, s;_1 represent the
current and the previous state at time ¢.

different random starts, and retaining the solution yielding the largest value of
the variational free energy, F'(q). We note that a benefit of the upper bounded
nature of F'(q), as a result of the adoption of the proposed variational Bayesian
approach, is that this optimization procedure allows us to use the entire train-
ing set in a single pass of training and does not require cross-validation, as is
the case with ML approaches (such as the EM algorithm and its derivatives)

[17], where the optimized objective function is unbounded.

3.1 Variational Posteriors

The expressions of the variational posteriors over the VB-SHMM variables can
be derived by maximizing F'(q) with respect to each one of the factors of ¢(¥)
in turn, holding the others fixed, in an iterative manner where each iteration
resembles an EM algorithm iteration [28|; on the E-step of these iterations,
the variational posteriors over the VB-SHMM latent variables, ¢(S, L) and
q(U), are updated, while, on the M-step, updating of the variational posteriors
over the model parameters is conducted. At the end of each iteration, the

value of the variational free energy, F(q), is estimated and used to apply a

variational inference convergence criterion. We note that, as a consequence of

10



the conjugate exponential structure of our model, the resulting optimal factors
of the variational posterior distribution, q(\if), are expected to take the same
functional form as the corresponding conditional (prior) distributions [27]. We
also mention that, by construction, the iterative, consecutive updating of the

interdependent distributions of the considered factors of ¢(V) is guaranteed to

monotonically and maximally increase the variational free energy F'(q) [18|].

Let us denote as < x >¢ the mean of the expression y with respect to the
probability density function £. We begin with the updates of the variational
posteriors over the VB-SHMM parameters (M-step of the algorithm). From
(17), and by collecting all the quantities related to ¢(A) together, we have

-1

s
F(q(A :/quAlog ke 18
(q(A)) (A) oy (18)
where
T-1
W;';l' = 'Yf;l't + @3 (19>
=1
and
Vi 2 alse =i, 5001 = j) (20)

Then, from (18) and using Gibbs inequality, maximization of F'(q(A)) yields

the variational posterior
N
q(A) = HD(aﬂ,...,aiN|w£,...,wﬁv) (21)

i=1

In the same fashion, we can optimize F'(q) with respect to g() and ¢(C), to

obtain their expressions; this yields
q(w) =D(my, ..., 7N|w], ..., W) (22)

where

wi =i + ¢} (23)

11



and
N
q(C):HD(cil,...,CiK wg,...,wﬁ() (25)
i=1
where
C d C C
Wi = z; Vijt T ¢ij (26)
t—
Yijt 2 q(st =1,l; = j) (27)

Finally, from (17), and by collecting all the quantities related to ¢(®) together,

we have
N 1K 17 o e
F(q(®)) Z/dG)q(G))/qu(U)IOg{ i=1 Hj=1p(9w)l;lég)[p(wthavuwt)] }
(28)
where
Uijt = ustlt|5t =i,l;=7 (29>

Using the expression of F(q(®)) given by (28), log evidence maximization
w.r.t. ¢(®) yields

N K
9(©) =T ] a(9) (30)
i=1j=1
with
q(0;5) = q(pijs Rij) = NW(pj, Ri| Nij, mij 15, Sij) (31)
where we introduce the notation
. T
Vij = Z '7515 <Uijt>q(um) (32)
=1

T C
a Zt:1 Yijt <U’ijt>q(uijt) Lt

T, = — 33
j 7 (33)
d C T
A _ _
Aij 2D i (Wigt) gy (e — Tig) (T4 — T45) (34)
t=1
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and, it holds

T
i = Mg+ D Ve (35)

t=1

5 /\ZJ'YU _ _ T
Sij = Sy + Ay + N+ (mij — @ij) (mi; — 24;) (36)
ij
)\ij = N\ij + Vij (37)
AL e L (39)
K Aij + Vi

Let us, now, consider the expressions of the variational posteriors over the
latent model variables (E-step of the algorithm). We begin with the variational

posteriors over the precision scalars us,,. From (17), we have

NEZ p(uije|vig)
F(qU)) =222 [ duipq(uis) logm
i=1j=11t=1 ijt (39)
+ %gt/dew(](ez])logp(mtl‘gwauzgt)‘|
Then, maximization of F'(¢) with respect to q(u;;;) yields
Vij Vij C d
logq(uijt) oc (2 - 1) loguje — 7“@% + ’Yijt§10guijt
C 1 d ~ ~ T ol —]. ~ (40)
— Vijtg | 7= TG (e —mg) Siy (@ — ) | uig
2\
and, hence,
N K T
= H H H q uz]t (41>
i=1j=11=1
where
Q(uijt) = g(%’jt; ﬁz’jt) (42>
and
e ZC d
Qe = Vi 27 jt (43)
1 C d C ~ ~ T ol 71 ~
Bije = 5 yvis + ey + Vgl (e —my;)" Sy (@ — M) (44)
ij

Finally, concerning the joint variational posterior over the state indicator se-

quence and the mixture component indicator sequence ¢(S, L), from (17) we

13



have

:1 HT ! :t5t+1 Hl?il C:tltp*(mt|05tlt7 ustlt)
F(q(S, L)) = q(S, L)log (5.1 (45)

S.L

which yields the optimizer

q(S, L) W T H U511 Hcstlt (@405, wsy,) (46)
where
£ exp [ (logmi) | (47)
aj; £ exp {(logamqm)} (48)
¢j; £ exp {<logcij)q(c)} (49)
D (@1 0s1,, tsr,) 2 exp [(l0gp(@1|0st,, sit)) g1) g(0)| (50)

and the normalizing constant IV is given by

W Z 7T81 H aStStJrl H CStlt $t|95tlt7 ustlt) (5]‘)

Comparing the expression of the variational posterior distribution ¢(S, L),
given by (46), with the expression of the conditional probability p(S, L| X, V)
computed in the context of the EM algorithm for the SHMM [4], we notice
that, in essence

Q(SvL) :p<S,L‘X,\IJ*) (52>

where ¥* = {x*, A*,C*,©", v} and " = {0} }” , is such that
p* (wt‘estlw U’Stlt) = p(mtw:th) (53>

Therefore, the probabilities 77}, 77, and 7, defined in (20), (24), and (27),
respectively, that constitute the variational posterior ¢(S, L), can be easily
computed by means of the forward-backward algorithm, as described in 2],

by using the set of the posterior expected values U* as the optimized values

14



(“point™estimates) of the SHMM parameters.

3.2 Hyperparameter Selection

Let us, now, deal with the proper selection of the values of the hyperparameters
of the model priors, i.e. {v, ¢, ;‘;,¢g,Aij,mij,%,Sij}f]ziﬂ. We begin with
the degrees of freedom of the model component densities. Taking derivatives
of F(q) with respect to v;; we obtain that 1;; is given by the solution of the

equation

Vij Vij 1 d
10g7j 1y (]) TST 0 > %gt (<10guijt>Q(uijt) N <uijt>‘1(uijt)) =0 (54)
2 Zt:l Vz]t t=1

For the rest of the prior hyperparameters of the VB-SHMM), instead of deter-
mining their optimal expression with respect to the model’s variational free
energy, we select instead a set of proper ad hoc values. This is preferable due
to the fact that the benefit from optimizing their values is not significant,
when a good ad hoc value selection can be conducted [18,17]; on the contrary,
the computational burden imposed by this procedure is significant, mainly
due to the open-form formulas required to be computed (see e.g. [18,17]). For
instance, a good selection might be obtained by setting A\;; = 1, m;; = 0, so
as to obtain broad components over p,;, and n;; = 20, S;; = 2001 to allow for
more moderate components over R;;. On the other hand, concerning the hy-
perparameters of the Dirichlet priors over the Markov chain probabilities, i.e.

T g“j, and qbl-cj, interpreting them as effective numbers of prior observations,

one may set their values to ¢ = 1073,

15



3.3 Model Size Selection

Proper selection of the model size is a significant and generally difficult prob-
lem in the field of probabilistic generative models. In our variational Bayesian
setting, we do not impose a prior over the model size parameters, that is the
number of states, NV, and the number of mixture component densities per
model state, K. Instead, the adoption of the proposed Bayesian approach al-
lows the optimal values of the number of states and of the mixture components
to be obtained by merely running the variational inference procedure for dif-
ferent values of N and K and selecting the one that yields the biggest value
of the variational free energy, F'(q), since this approximates the log marginal
likelihood for the model. Note that, on the contrary, in ML approaches, us-
ing some variant of the EM algorithm, usually cross-validation techniques are
employed against an independent data set to select an appropriate model com-
plexity, a method which imposes a heavy computational burden and is also

prone to well-known over-fitting problems [7].

3.4 Approzimation of the Predictive Density

Let us consider an already estimated VB-SHMM, that is an SHMM for which
the proposed variational Bayesian treatment has already been conducted. The
ultimate goal of Bayesian learning is, given a set of test data, to perform
density estimation with respect to the trained model. Let us suppose a test
sequence X’ = {x;}", and a VB-SHMM trained using the training sequence
X = {x;},. To conduct density estimation, the predictive density of the test

set with respect to the trained model

p(X'|X) = / ADp(F[X)p(X|¥F) (55)

16



has to be estimated. Replacing the unknown actual posterior p(¥|X) with the

variational Bayesian one, and using Jensen’s inequality, (55) reads

logg(X'|X) =log 3" ¢(5, L) / dmq(m)m, / dAg(A) ] aserss / 4Cq(C)
S,L t=1

T’ T’
< I o / 104(O) / AUq(U) Hp(w;wsizt,w]
t=1 t=1

T'-1

%Zq(S, L) /dTrq(T&')logﬁs1 —i—/qu(A) Z logas, s,
=1

S,L

T’ T
+/dCQ(C)ZIOgCStlt +/d@q(@)/qu<U)Zlogp(m;|95tltau8tlt)]
t=1

t=1

(56)

Therefore, the log predictive density for the test sequence X’ can be approxi-

mated by
logq(X'| X) ~ Pred(X') (57)
where
o 115 ar T o p*(x]0, ) Us
Pred(X/) _ Z q(S’ L)log S1 t=1 StSt+1 Ht—l Szltp ( tl tlt tlt) (58)
S,L Q<S7 L)

It is apparent that, similar to estimation of the ¢(.S, L), computation Pred(X’)
consists in merely employing the forward-backward algorithm, as described
in [2], using the set of the posterior expected values U* as the optimized
values (“point™-estimates) of the model parameters. Note that exactly the same
procedure would be employed to obtain the likelihood of a sequence with

respect to an SHMM trained using the EM algorithm [4].

4 Experimental Evaluation

In this section, we provide a thorough experimental evaluation of the VB-

SHMM algorithm, in a series of sequential data modeling applications from

17



diverse domains. Our experiments 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.

4.1  Synthetic data

We begin with a toy example on simulated data, to demonstrate the no-
tion behind the use of the Student’s-t observations distribution in HMM-
based sequential data modeling, and the advantages of variational-Bayes over
expectation-maximization. The considered synthetic data was obtained by
generating five realizations of 400 samples each. In each realization, we drew
100 data points from each one of the bivariate Gaussian distributions N (g, 31),
N (py, 39), and N(p5, X3), where the parameters {p;, 3;}7_, are given by

py = [=6 1.5], py = [0 0], pz = [61.5]

54 5 —4 1.56 0
21: 722: 723:

45 —4 5 0 1.56
The resulting 300 simulated points were further augmented by 100 samples
drawn from a uniform distribution on the interval [—10, 10] (outliers). These
data are used to formulate a time series of multivariate observations, where
the observations at time instances ¢ = 1 : 100 come from N (p,, X;), the
observations at time instances ¢t = 101 : 200 come from N (p,, X5), the ob-
servations at time instances ¢ = 201 : 300 come from N (p3, 33), and the last

100 observations are the outliers.

Using the obtained data, we train one GHMM and one SHMM under both
the EM and the VB paradigm. The trained models comprise N = 3 states

with K = 1 mixture components per state. We emphasize that, in our ex-
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Table 1
Simulated Experiment: Obtained Gaussian and Student’s-t models using the EM
algorithm.

Model Gaussian Student’s-t

State 1 output mean | p = [—6.07 —2.91] | p = [—5.91 1.40]

State 2 output mean | p=[—3.211.78] | p=1[0.23 —0.1§]

State 3 output mean p=1[5.11 0.74] p = 1[6.02 1.69]

Table 2
Simulated Experiment: Obtained Gaussian and Student’s-t models using the VB
algorithm.

Model Gaussian Student’s-t

State 1 output mean | m = [—7.94 3.33] | m = [—5.96 1.49]
State 2 output mean | m = [—2.45 0.83] | m = [0.07 — 0.04]
State 3 output mean | m = [6.32 1.75] m = [6.01 1.53]

periment, we employ a common initialization scheme for the parameters of
the EM-trained models (obtained by random selection of the Markov chain
probabilities and a run of the k-means algorithm), as well as the posterior
hyperparameters of the VB-trained models. This way, the comparison of the

evaluated algorithms is just.

In Tables 1 and 2, we provide the point estimates of the GHMM and SHMM
means obtained using the EM algorithm, and the joint mean-precision poste-
rior hyperparameter means of the GHMM and SHMM models trained using
the VB approach. As we observe, the VB algorithm obtains a much better es-
timate of the actual distributions of the modeled set of observations. Indeed,
when comparing the EM-trained models with the corresponding VB-trained
models, we notice that the VB algorithm completely outperforms EM, which
yielded a rather poor result. Furthermore, we emphasize that the proposed
VB inference algorithm for the SHMM yielded a nearly perfect result, with
the estimated mean-precision posterior hyperparameter means being almost

identical to the actual means of the modeled data distributions.
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Table 3

Simulated Experiment: Execution times of the evaluated algorithms.

Log-likelihood Values

Variational Lower Bound
!

Model Time (in Sec.)
VB-SHMM 26.08
VB-GHMM 25.39
EM-SHMM 8.22
EM-GHMM 8.08
// -2500
,/
) - -2800 |
(a) EM-GHMM (b) EM-SHMM
1.24 ///
(¢) VB-GHMM (d) VB-SHMM

Figure 2. Simulated Experiment: Convergence of the evaluated algorithms

In Fig. 2, we illustrate the convergence rates of the evaluated algorithms. It
is evident that all the considered algorithms converge comparably fast, in a
monotonic fashion, as theoretically expected. Finally, in Table 3, we provide a
comparison of the computational requirements of the considered algorithms.

It is apparent that training the considered models under the VB framework is

20
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relatively more expensive in terms of computational requirements compared
to the EM algorithm. We note, however, that in both cases, the computation

time needed is of the same order of magnitude.

4.2 Text-dependent speaker identification under the presence of noise

Here, we evaluate our method in classification of noisy sequential data. We
consider a text-dependent speaker identification task, using the Japanese Vow-
els Data Set [29] from the UCI machine learning repository [30]. In this data
set, the pass-phrase used for speaker identification purposes comprises two
Japanese vowels, /ae/, successively uttered by nine male speakers. For each
utterance, a 12-degree linear prediction analysis is applied to obtain a discrete-
time series with 12 LPC cepstrum coefficients. Further, given the considerably
low noise level in this data set, to make the task of the evaluated models more
challenging, Gaussian noise is added to the available data. The added noise
has zero mean and diagonal covariance matrix, with the ¢th element defined as
o = a-|max(z})-min(z})|, where xI" is the ith dimension of the nth training

vector and «v is a noise variance factor.

There are 640 time series in total in our data set. We use a set of 270 time
series for training (30 for each speaker) and the rest 370 time series for testing.
For each one of the speakers, we train one Student’s-t HMM and one Gaussian
HMM as the classifier, using either of the considered approaches (variational
Bayes and expectation-maximization). In detail, for each speaker, first, we
run the VB-SHMM and the VB-GHMM algorithms to conveniently and de-
pendably obtain the optimal model size (number of states, NV, and number of
component distributions, K') of the Student’s-t and Gaussian hidden Markov
models. The criterion for this selection is the maximization of the value of the
lower bound of the model log evidence; this is a dependable criterion for model

order selection under a Bayesian setting, as described in Section 3.3. Further,
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Table 4

Text-dependent speaker identification: Recognition error rates for optimal number
of states and mixture components (NN, K are average values for all classes and « is
the noise variance factor). Maximum allowed model size (i.e., number of states x
number of mixture components) was set equal to 200

Model VB-SHMM VB-GHMM EM-SHMM | EM-GHMM
Q Error rate | N K | Error rate | N K | Error rate Error rate
0 0.03 13.66 | 4.33 0.03 14 | 4.77 0.02 0.02
0.05 0.12 17.33 | 4.77 0.14 19.33 | 4.77 0.13 0.13
0.10 0.24 17.33 | 4.44 0.48 16.44 | 4.44 0.5 0.64
0.15 0.36 16.22 | 4.22 0.43 8.33 | 3.22 0.48 0.52
0.20 0.37 1477 4 0.45 8.33 3 0.52 0.68
Table 5

Text-dependent speaker identification: Recognition error rates for maximum number
of states N =5 (N, K are average values for all classes and « is the noise factor)

MAX N=5 VB-SHMM VB-GHMM EM-SHMM | EM-GHMM
o Error rate | N K | Error rate | N K Error rate Error rate
0 0.04 4771 5 0.04 4.66 | 4.77 0.02 0.02
0.05 0.18 4.77 | 4.88 0.20 3.22 | 2.22 0.2 0.23
0.10 0.21 4.88 | 4.55 0.29 3 |211 0.31 0.41
0.15 0.32 4.77 | 4.88 0.51 3.77 | 3.95 0.53 0.71
0.20 0.46 4.55 | 4.77 0.57 3.66 | 4 0.61 0.65

we use the trained VB-SHMM and VB-GHMM models to classify our test set,

thus obtaining the error rates of the models. Finally, to examine the advan-

tages of the variational Bayesian approach over maximum-likelihood, we also

train GHMM and SHMM models using the EM algorithm, with the model size

selected equal to the “optimal” model size as determined by the VB algorithm

for the corresponding models. The obtained results are illustrated in Table 4.

Further, we repeat the above experiment by limiting the maximum number

of model states N. This experimental setting allows for the comparison of

Gaussian and Student’s-t models with approximately equal demands in com-

22




Table 6

Text-dependent speaker identification: Recognition error rates for maximum number
of states N = 10 (N, K are average values for all classes and « is the noise factor)

MAX N=10 VB-SHMM VB-GHMM EM-SHMM | EM-GHMM
« Error rate | N K | Error rate | N K Error rate Error rate
0 0.04 8.88 | 4.77 0.03 844 | 5 0.02 0.02
0.05 0.16 9.88 | 4.88 0.21 8.22 | 4.11 0.21 0.32
0.10 0.28 9.66 | 5 0.29 2.55 | 2.77 0.3 0.41
0.15 0.35 9.66 | 5 0.45 5.22 | 3.77 0.49 0.57
0.20 0.45 9.22 | 4.77 0.54 7.22 | 3.55 0.61 0.65
Table 7
Text-dependent speaker identification: Recognition error rates for maximum number
of states N = 15 (N, K are average values for all classes and « is the noise factor)
MAX N=15 VB-SHMM VB-GHMM EM-SHMM | EM-GHMM
« Error rate N K | Error rate N K Error rate Error rate
0 0.03 11.2 | 4.77 0.03 12.88 | 4.88 0.02 0.02
0.05 0.12 14 | 4.77 0.13 14771 5 0.11 0.11
0.10 0.29 14.22 | 4.55 0.36 10.44 | 3.88 0.38 0.50
0.15 0.34 12.55 | 4.77 0.37 6.88 | 3.11 0.41 0.59
0.20 0.35 12.22 | 4.66 0.51 7.66 | 3.77 0.55 0.56
Table 8

Text-dependent speaker identification: Mean execution times of the evaluated algo-
rithms for optimal model sizes

Model Time (in Sec.)
EM-SHMM 21.13
EM-GHMM 20.07
VB-SHMM 307.60
VB-GHMM 302.01

putational resources for their application, while also providing a relative flex-

ibility in choosing a proper model size, within the set limit, which describes

the training data in the best way. The results for MAX N = 5,10, 15 are given

in Tables 5, 6, and 7, correspondingly. In the same tables, apart from the VB-
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trained models, we also present for reference purposes the results obtained by

the EM-trained models.

From the provided results, it is obvious that the VB-SHMM constantly out-
performs the VB-GHMM, while both models perform much better than the
corresponding EM-trained models, especially for higher noise variances «. For
all methods, as the number N increases from N = 5 to N = 15, the per-
formance is also enhanced, while letting free the values of N, the effect of
overfitting becomes evident. This is especially true for the EM-trained mod-
els, as theoretically expected; notice, however, that a similar phenomenon was
also witnessed for the VB algorithms, to a much lesser extent whatsoever. It is
also obvious that, as the noise increases, the performance of the VB-GHMM is
significantly affected. This is not the case for the VB-SHMM, which maintains
its representation capabilities and appears to have higher tolerance to noise.
Finally, in Table 8 we provide the mean algorithm execution times for optimal

model sizes.

4.8  Semantic Characterization of Audio Scenes Based on Content

The significance of audio content in the semantic characterization of multime-
dia has recently motivated the development of various techniques for content-
based scene classification in audio signals. Audio streams, in general, contain
a lot of artifacts and outliers, that cannot be easily eliminated by a potential
model training sample. Furthermore, to allow for the effective semantic clas-
sification of audio data, usually a large number of audio features has to be
extracted, thus increasing significantly the dimension of the formulated fea-
ture space over which classification or categorization algorithms are carried
out. These open issues motivate the application of the VB-SHMM in audio

scene classification based on content.

24



The data set used to carry out our tests consists 487, 20 min. audio sam-
ples extracted by several movie genres. Each sample has been divided into
semantically coherent audio segments (scenes), and a groundtruth semantic
classification has been assigned to each one of these scenes by human experts;
we consider 5 semantic classes of audio scene content: music, speech, gunshots,
fights, and screams. Each audio scene is represented by a 8-dimensional feature

vector comprising each segment’s

e spectral rolloff median (SRM);

e zero crossing rate (ZCR), measuring the number of time-domain zero cross-
ings, divided by the frame’s length;

e two spectrogram features, the standard deviation and the maximum value
of the means obtained over the spectrogram windows;

e a chroma feature 33|, expressing the deviation between the obtained chroma
coefficients of each segment;

e spectral rolloff [32];

e cnergy entropy; and

e pitch.

Our experimental setup is the following: We divide our data set into two
subsets, one comprising 50 sequences which we use as our training set, and
one comprising 437 sequences, used as our test set. Similar to the previous
experiment, we contaminate the original data sets with additive Gaussian
noise of various variances, in order to make the sequence segmentation task

even more demanding for the evaluated models.

We train one EM-GHMM, one VB-GHMM, one EM-SHMM, and one VB-
SHMM comprising 5 states, to model the 5 considered semantic classes of audio
content. Afterwards, each one of the available test sequences is presented to
the trained CHMMSs, and the Viterbi algorithm is employed to attribute each

sample segment to the “most probable” model state. This way, the semantic
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Table 9
Semantic Characterization of Audio Scenes Based on Content: Sequence segmenta-
tion error rates obtained by the evaluated algorithms for a = 0.

Model | EM-GHMM | EM-SHMM | VB-GHMM | VB-SHMM
K=5 0.5249 0.5172 0.5295 0.4025
K=6 0.5497 0.5144 0.5236 0.409
K=7 0.5249 0.5190 0.5263 0.4152
K =8 0.5428 0.5213 0.5195 0.3856
K=9 0.5299 0.5195 0.5274 0.4251
K =10 0.5684 0.5199 0.5249 0.3992

classifications of the available test segments, as determined by each evaluated
model, are obtained. Finally, these results are compared to the groundtruth
sequence segmentations, and the error rates of the considered methods are
calculated. To ensure the objective comparison of the evaluated methods, our
experiment is repeated 50 times, each time using different random starts for

the evaluated model training algorithms.

The obtained results for a noise variance factor o equal to 0, 0.05 and 0.10
are given in Tables 9, 10, and 11, respectively. As we observe, the variational
methods clearly outperform the point estimators especially when the noise
levels become higher. Additionally, the proposed variational method based on
the Student’s-t distribution is the ultimate winner in all the considered cases.
This verifies again the merits of our approach. Finally, in Table 12 we provide

the mean algorithm execution times for optimal model sizes.

4.4 Detection of robotic task execution failures

In this experiment, we verify the applicability of our methodology using data
from the field of robotics. More specifically, we use five datasets to classify
types of failures during the execution of robotic tasks using sequential data

from a force/torque sensor. We consider benchmark datasets from the UCI
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Table 10

Semantic Characterization of Audio Scenes Based on Content: Sequence segmenta-

tion error rates obtained by the evaluated algorithms for oo = 0.05.

Model | EM-GHMM | EM-SHMM | VB-GHMM | VB-SHMM
K=5 0.7565 0.7217 0.6110 0.4987
K=6 0.7098 0.6966 0.5936 0.4810
K=T7 0.7172 0.7135 0.6169 0.5098
K =38 0.7140 0.6902 0.6110 0.4983
K=9 0.6531 0.6700 0.6064 0.4980
K =10 0.7254 0.7080 0.6041 0.4992
Table 11

Semantic Characterization of Audio Scenes Based on Content: Sequence segmenta-

tion error rates obtained by the evaluated algorithms for o = 0.1.

Model | EM-GHMM | EM-SHMM | VB-GHMM | VB-SHMM
K=5 0.7597 0.7355 0.6604 0.5328
K=6 0.7455 0.7368 0.6499 0.5233
K=7 0.7597 0.7469 0.6581 0.5273
K =8 0.7245 0.7240 0.6577 0.5289
K=9 0.6929 0.7053 0.6458 0.5186
K =10 0.7629 0.7299 0.6371 0.5100
Table 12

Semantic Characterization of Audio Scenes Based on Content: Mean execution times

of the evaluated algorithms for optimal model sizes

repository [30], previously used in [34] in a similar experimental context. Each

of the five datasets define a different learning problem; the considered problems

comprise:

Model Time (in Sec.)
VB-SHMM 21.13
VB-GHMM 20.07
EM-SHMM 8.69
EM-GHMM 3.25
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(1) failures in approach to grasp position (normal, collision, front collision,
obstruction);

(2) failures in transfer of a part (normal, front collision, back collision, colli-
sion to the right, collision to the left);

(3) position of part after a transfer failure (normal, slightly moved, moved,
lost);

(4) failures in approach to ungrasp position (normal, collision, obstruction);

(5) failures in motion with part (normal, bottom collision, bottom obstruc-

tion, collision in part, collision in tool).

Each feature in the considered datasets represents a force or a torque measured
after failure detection; each failure instance is characterized in terms of 15
force/torque samples collected at regular time intervals starting immediately
after failure detection. The total observation window for each failure instance

was of 315 ms, and each sequence contains six feature vectors.

The five datasets contain 88, 47, 47, 117 and 164 samples correspondingly [30].
From each dataset we have used the first five samples for training and the rest
for testing, except for dataset 2, where only the first three samples were used,
due to the limited availability of samples. To model each one of the described
classes, HMMs with two states and a single-component distribution were fit-
ted, using both the commonplace EM approaches, as well as the variational

Bayesian approach for Gaussian and Student’s-t models.

The overall accuracy results are displayed in Table 13, where the best obtain-
able performance for each of the aforementioned methods is reported. It is ap-
parent that the VB-SHMM outperforms its rivals. As this experiment makes
more than evident, the derivation of posterior distributions over the model
parameters instead of point estimators offers clear advantages when only few
training samples are available. Additionally, the employment of Student’s-

t observation models offers a lot in alleviating the effect of outliers on the
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Table 13
Detection of robotic task execution failures: total error rates for each of the five
classification tasks

EM-GHMM | EM-SHMM | VB-GHMM | VB-SHMM
dataset 1 | 43.29 43.29 43.29 8.96
dataset 2 | 56.25 56.25 50.00 25.00
dataset 3 | 44.83 27.59 24.14 10.34
dataset 4 | 48.04 48.04 42.16 36.27
dataset 5 | 50.36 50.36 51.08 41.73
Table 14

Detection of robotic task execution failures: Mean execution times of the evaluated
algorithms for optimal model sizes

Model Time (in Sec.)
EM-SHMM 0.76
EM-GHMM 0.76
VB-SHMM 1.47
VB-GHMM 1.62

trained models. Finally, in Table 14 we provide the mean algorithm execu-
tion times for optimal model sizes. As we observe, in cases of clearly limited
availability in training samples, the extra computational burden imposed by
the variational Bayesian methodologies is clearly insignificant compared to the

enhanced pattern recognition effectiveness they allow for.

5 Discussion

Hidden Markov models are a well-established technique for sequential data
modeling and classification. Typically, HMMs with continuous observation
distributions employ Gaussian mixture models as their hidden state densities.
Nevertheless, this selection might considerably undermine the HMM perfor-
mance when noise contaminates the training data, due to the well-known in-

tolerance of GMMs to outliers. To mitigate this shortcoming, the replacement
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of Gaussian mixture models with finite mixture models of the heavy-tailed
Student’s-t distribution has been recently proposed as a promising solution;
the resulting Student’s-t HMM has been treated under a maximum-likelihood

framework using the EM algorithm [4].

In this paper, we proposed a Bayesian treatment of the SHMM using a vari-
ational approximation. The so-obtained, VB-SHMM, provides significant ad-
vantages over possible alternative maximum-likelihood-based regards of the
SHMM model using the EM algorithm and its variations, as the objective
function optimized by the VB-SHMM inference algorithm is bounded from
above, contrary to the ill-posed construction of the EM algorithm. This in-
teresting property of the proposed VB-SHMM model makes it a favorable se-
lection in many practical applications, where only limited training data sets,

contaminated with outliers and noise, are obtainable.

Our experimental results provide strong evidence towards the efficacy of the
VB-SHMM approach, and its increased effectiveness in sequential data model-
ing and classification applications. As we have shown, the VB-SHMM outper-
forms EM-based approaches, as well as the VB-GHMM method, in a number of
demanding applications entailing modeling of noisy sequential data. We have
seen that these strengths of the proposed model become even more apparent
when reducing the availability of training data in the same application (see,
e.g., sections 4.2 and 4.4); this is totally expectable, since the provision of pos-
terior densities over the model parameters allows for a much better modeling
of the hidden dynamics of the modeled datasets when limited training samples

are available, compared to the point-estimates the EM algorithm yields [9,10].

An additional merit of our method concerns optimal model size determina-
tion for an HMM fitted to a given dataset. ML has a clear difficulty in model
selection, due to the unbounded nature of the objective function it employs.

On the contrary, our variational Bayesian approach does not suffer from such
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problems, thus allowing for the effective and efficient conduction of the model
selection procedure by merely maximizing the model marginal likelihood with
respect to the model size. Model selection under our approach was extensively
studied in the experimental section of our paper. Indeed, we employed our
approach to obtain the sizes of all trained models, while we also experimented
with setting a low upper limit on the desired model sizes (see, e.g., section 4.2),
to study how the algorithm performs under such constrained environments.
As we noticed, constraining the desired model size below what our algorithm
obtains when no constraint is imposed yields clearly underperforming mod-
els, thus providing conspicuous indication that our model selection approach
does not exhibit any proneness to favoring too big models, as we theoretically

expected.

Concerning the computational complexities of the competing algorithms, as we
have observed, VB inference requires in general more computational time than
the EM algorithm. However, as already mentioned, the VB algorithm is most
useful for problems with limited labeled data availability, since, in this case,
the point model estimates provided by ML are inadequate for representing the
uncertainty associated with the true posterior. Furthermore, when only small
training data sets are available, while ML is faster than VB, both are very
fast. Hence, for the case of limited labeled data and/or unknown model size,
for which VB is most important, the proposed VB-SHMM is the method of
choice. If large volumes of labeled data are available, and the desired model
size is already known, an ML solution is adequate, and VB may be avoided if

desired.
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Appendix

We have
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and () is the digamma function. Similar, it holds
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