2007 IEEE International Conference on Signal Processing and Communications (ICSPC 2007), 24-27 November 2007, Dubai, United Arab Emirates

UNSUPERVISED STREAM WEIGHT COMPUTATION IN A
SEGMENTAION TASK: APPLICATION TO AUDIO-VISUAL SPEECH
RECOGNITION

Eduardo Sanchez-Soto, Khalid Daoudi, Alexandros Potamianos?

IRIT-CNRS, Toulouse 31062, France
TDept. of ECE, Technical Univ. of Crete, Chania 73100, Greece

{soto,daoudi}eirit.fr, potame@telecom.tuc.gr

ABSTRACT

We propose an efficient algorithm for unsupervised stream
weight estimation in a segmentation task. Our method
uses only the information carried by the test signal and
the trained models. The work is based on results presented
in [1, 2] for the classification problem where it is indicated
that the optimal stream weights are inversely proportional
to the single stream misclassification error. We approx-
imate this error relation by the intra- and inter-class dis-
tance ratio over the measured class distributions. This ap-
proach is then generalized to the segmentation problem by
computing the distances among all the concerned classes.
The proposed unsupervised estimation algorithm is eval-
uated on a an audio-visual speech recognition task. The
obtained performances are comparable to the supervised
minimum error training approach, up to a certain SNR
level.

Index Terms— Fusion Methods, Stream Weight Esti-
mation, Audio-Visual Speech Recognition.

1. INTRODUCTION

Although common sens indicates that use of all the com-
plementary information, which can come from different
sources, should produce the best performance, in real
applications information fusion is not an easy problem.
Based on this idea fusion methods have been employed
in many scientific areas. In speech processing applica-
tions, for example, the literature shows Automatic Speech
Recognition (ASR) systems been improved by using com-
plementary features: prosodic, and visual information
[3, 4]. Each extra information palliate an insufficiency in
a given circumstance. In the case of Audio Visual-ASR
systems the visual information, lips and oral cavity move-
ments, is not affected by adverse acoustic recording con-
ditions significantly improving the robustness of the ASR
system.
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An important problem found in this kind of systems
is the procedure for combining all the sources of infor-
mation. If this process is done in incorrect context and
conditions, because of the incorrect assumptions, the ob-
tained fused system can obtains catastrophic results. The
integration strategy is characterized by the stage at which
the information obtained from the different modalities are
merged. The basic approach is to work at the feature level.
In this technique, called Early Integration (EI), the fea-
tures are concatenated in a unique feature vector. In the
particular case of combining audio and visual information
this approach presents a difficulty that is due to the lack of
synchronicity between the audio and the visual flows. To
overcome this problem the integration can be done at the
decision level, called Late Integration (LI). Although, all
the temporal dependencies between the sources of infor-
mation are lost.

Unfortunately, not all the sources of information are
equally reliables for different environments and noise con-
ditions. Therefore a mechanism for weighting their contri-
bution to the final decision is needed. This reliability can
be obtained directly from the streams through their perfor-
mances minimizing the likelihood or using a Generalized
Probabilistic Descent (GPD) algorithm [5]. Another ap-
proach compute the value related to the reliability of the
streams from the environmental conditions based, in gen-
eral, on the SNR. This value is estimated in a direct or
indirect manner. It can be said that the systems, in this
approach, make an adaption of the modalities to a given
context. Degree of voicing presented on the utterance, [6],
the difference of probability among the first N candidates
[7], or the minimization of the misclassification error on
a held-out data set [8] are used as a measure of the audio
stream reliability.

The proposed algorithms above are either supervised
or require specific knowledge of the conditions in the field.
Therefore, in [2], to overcome the lack of knowledge in
real applications, we proposed stream weights estimates
in an unsupervised manner (no class labels or field con-
ditions) by using an anti-models approach for the multi-
class classification problem based on theoretical results
presented in [1]. In the present paper we extend this work
to the segmentation problem. Estimates of the stream



weights are obtained by generalizing the computed dis-
tances among all the concerned classes. We show that
the proposed approach performs well on real data for an
audio-visual speech recognition task.

The organization of the remainder of this paper is as
follows: Section 2 describes the theoretical results to com-
pute the optimal stream weights. Section 3 and 4 describe
the practical method employed to computed the weights in
real conditions. Section 5 describes the corpora and results
for the Audio-Visual recognition experiments and Section
6 presents conclusions and proposals for future work.

2. STREAM WEIGHTS COMPUTATION

In [1] it was presented a theoretical approach to compute
the stream weights {s1, so } that reduce the total error for
a two class {wy,ws }, two streams {z1,x-} classification
problem (see Figure 1).
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Figure 1. 2-D two-class classification problem represen-
tation.

Stream weights {s1,s2} are used to “equalize” the
probability in each stream, i.e,
2
pelw;) = T plajlwi)* M
j=1

Estimation/modeling error, z;;, for the ith class and
jth stream, is computed as being the difference between
the estimated p(w;|z;,A) and the real p(w;|z;) distribu-
tions:

p(wil|zj, A) — p(wilz;) = 2, 2
where A designates the selected estimation/modeling
method. The random variable modeling this difference is
assumed to follows a normal distribution with zero mean
p = 0 and variance o2, N'(z;0,0?). Therefore, a reduc-
tion on the variance o7 will reduce the error. It was shown
that the deviation from the optimal decision boundary is
given by the random variable z in Eq. (3).
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Assuming that the posterior probabilities are equal for
both classes in the decision region, the random variable z
is given by the next equation:

z & 2[p(w1|wy)p(w1)]* [p(w2|w1)p(wy)]* “)

[s1(211 — 221) + 82(212 — 222)].
The variance of z is, in this case, expressed as follows:

&)

02 ~ plaes[uwn)* (s w12 (5303, + 5302,
where 05,2 = Zle 0;j2 is the total stream variance.

Two main factors can be remarked on the last equa-
tion (Eq. 5). The first factor is related to the estimation
error and the second factor is related to the single-stream
classification errors. In the first case, assuming the same
Bayes classification error, p(z|wy) = p(x2|w, ), the opti-
mal weights are:
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In the second case, assuming the same single-stream esti-
mation error, os, = 0g,, the optimal weights are:
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As discussed in [1] the quantities in the previous equa-
tion approximate the misclassification error for streams 1
and 2 respectively, and thus the stream weights should be
approximately inversely proportional to the single stream
misclassification error.

3. UNSUPERVISED WEIGHTS COMPUTATION
FOR CLASSIFICATION

In real-world applications several problems have to be
faced. For instance it is frequent that recording conditions,
which can be time-varying during the training process, are
different to those present during the test process. In such
case, the stream weights should be adapted to the optimal
values without any prior knowledge using only the small
quantity of unlabeled data available in each test utterance.

In addition to this problem, the theoretical results
above are not directly applicable to classification prob-
lems for two main reasons: (i) only results for the two-
class classification problem are available, while in general
the multi-class classification problem is of interest, and (ii)
knowledge of class membership for each observation vec-
tor  and/or the single-stream modeling/estimation error is
required to compute the weights.

To solve the first problem, we used the principle of
anti-models in [2]. By creating models and anti-models,
the multi-class classification problem is transformed to
multiple two-class classification problems.

To solve the second problem, we approximated in
[2] the ratio in Eq. (7) by measurable quantities that can
be computed in an unsupervised manner. Indeed, it is



well known that, if p(z|w;) follow a Gaussian distribu-
tions N (pi,02), the Bayes error is a function of D =
|(1 — p2)|/ o, which can be computed in an unsupervised
manner using the inter- and intra-class distances (see Fig-
ure 1). The intra-class distance is an estimate of the aver-
age class variance and the inter-class distance is the aver-
age distance between the means of each class. These dis-
tances are used to measure the separation and the overlap-
ping between the class distributions, and they are directly
dependent of the centroids of each class. In our approach,
the Gaussian-means of the (HMMs) model and anti-model
are used to initialize the k-means algorithm (k = 2) for
each class to obtain the centroids and then compute the
inter- and intra-distances (see Figure 1).

Finally, stream weights are computed using the intra-
and inter-class distance, d;ner(k,1;7), for the classes k
and [ in the stream j normalized by the intra-class distance,
dintra(i;7) for the class 7 in the same stream j as it is
expressed in the next equation :
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It is important to remember that this process involves
the creation of one anti-model for each class. In conse-
quence, in the previous process one k-means algorithm
have to be performed for each couple model-anti-model
in order to obtain the desired weights.
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4. UNSUPERVISED WEIGHTS COMPUTATION
FOR SEGMENTATION

In this section, we extend the multi-class classification ap-
proach presented in the previous section to the segmen-
tation problem in order to apply it to audio-visual speech
recognition. Although segmentation is in principle a more
difficult problem than classification, our extension makes
it actually easier to implement stream-weights computa-
tion in segmentation, and without the need of anti-models.

We do so based on the observation that larger separa-
tion between class distributions in a given stream increase
its discriminative power. Concretely, the inter-class dis-
tance can be computed among all the classes by measur-
ing the inter-class distance for each pair of classes in order
to measure their separation. The intra-class distances, as
before, is measured to obtain an estimate of their variance.
Altogether, the inter- and intra-class distances, computed
in this manner, yields an estimate of the missclassification
error over all the classes without need of any associated
anti-model.

As delineated in the previous section the initial cen-
troids are obtained directly from the (HMM) models
learned in training. This time the k-means algorithm is
performed over all the classes only one time (k this time is
the number K of classes). The total inter-classes distance,
dinter(j) is computed by adding the inter-class distance
over all the possible combinations of two classes:
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where K is the total number of classes.

Finally, the stream weights are computed as in Eq. (8)
but using the total inter-class distance dje.-(j) normal-
ized by the sum of the intra-class distances d;nirq(7; ) in

the corresponding stream j as follows:
nter d nira

:Cf l t (])/Z int ( )|.7 =2 . (10)
znter (.7)/ Z dmtra( )|j 1

The algorithm for weights computation, displayed in
Figure 2, can be summarized as follows:
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e Provide initial centroids for k-means.
e Perform k-means over all classes using test data.
e Compute inter- and intra-class distances.

e Estimate stream weights (Eq. (10)).
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Figure 2. General stream weights estimation process.

5. AUDIO-VISUAL SPEECH RECOGNITION

A set of experiments using real data were performed to
verify our affirmations. A two streams, audio and visual,
recognition task was investigated. For the purposes of this
experiment the CUAVE audio-visual speech database was
employed [9]. The subset of the CUAVE database used
in these experiments consists of videos of 36 persons each
uttering 50 connected digits. The training set is made up
of 30 speakers (1500 utterances) and the test set contains
6 speakers (300 utterances).

The audio signal was corrupted by additive babble
noise at various SNR levels; the video signal was clean
in all the experiments. The audio features used were the
standard Mel-Frequency Cepstrum Coefficients (MFCCs)
computed for frames with duration 20 ms, extracted ev-
ery 10 ms. The acoustic vectors, dimension d4 = 39,
consist of 12-dimensional MFCCs, energy, and their first
and second order derivatives. The visual features were
extracted from the mouth region of each video frame by
gray-scaling, down-sampling and finally performing a 2-
D Discrete Cosine Transform (DCT). The first 13 most
“energetic” DCT coefficients within the odd columns were
kept [10] resulting in a video feature vector of dimension
dy = 39 including the first and second order derivatives.



Hidden Markov Models (HMMs) were used for both
acoustic and video model training. Context-independent
whole-digit models with 8 states per digit and a single
Gaussian continuous density distribution per state were
used. The HTK HMM toolkit was used for training each
stream, audio and video, and also for testing (using HTK’s
built-in multi-stream capabilities). In all the experiments
the results are given as a function of the audio SNR
({infinity 20 15 10 5 0 -5 -10 -15} all are given in dB).
Only two steps of the K-means algorithm are performed to
compute the estimated centroids. It is important to remark
that only models trained with clean data are used.

Figure 3 presents digit recognition results for various
stream weight estimation methods.
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Figure 3. Speech Recognition Accuracy: Optimal super-
vised, Baseline and obtained using the proposed method.

The width solid curve (red) represents the results ob-
tained searching (by hand) in a supervised manner the op-
timal weight values. The width-dashed curve (red) uses
equal weights in both streams (s; = sy = 0.5). These
two curves serve as reference and are used to evaluate
our approach. The first (and crudest) stream weight es-
timate is shown with the dotted curve (blue) and corre-
sponds to Egs. (10) with ¢ = 1 and f(.) being the iden-
tity function. Even this crude estimate improves the equal
weighting scheme (over most SNR ranges). To take into
account the estimation error a constant ¢ (see Eq. (10))
can be estimated on held-out data and used to improve the
results; this is represented with the dashed-dotted curves
(black). This curve, where ¢ = 1.8, shows that the per-
formance is close to the optimal supervised one up to a
10dB SNR. However, below 10dB the performance is poor
which shows that, as suggested by the theory (and as ob-
served in classification), the relationship (the function f)
is non-linear in low SNR regions. This is confirmed by
the dash-dotted (green) curve, where a parabola function
f is used (as in classification [2]). One can see that the
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performance improves in low SNR, still the results are not
as satisfactory as the ones we obtained in the classification
problem [2].

6. CONCLUSIONS

In this paper, we proposed an efficient unsupervised
stream weights computation algorithm for a segmenta-
tion task. This new algorithm is based on previous re-
sults in a classification problem that make the use of dis-
tances, inter and intra, among the concerned classes. The
proposed method employs only the information contained
in the trained models and requires a single utterance to
compute the stream weights. Therefore the obtained re-
sults are of interest for the problem of unsupervised es-
timation of stream weights for multi-streams segmenta-
tion/recognition problems. We applied the new algorithm
to an audio-visual speech recognition task at different (au-
dio) SNR levels. The proposed method achieved compa-
rable performance to the supervised minimum error esti-
mation of the weights, up to a certain SNR level. In future
work, the search of the “optimal” nonlinear function f(.)
will be addressed, as well instantaneous stream weight es-
timation.
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