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ABSTRACT

We investigate the use of single modality confidence measures
as a means of estimating adaptive, local weights for improved au-
dio-visual automatic speech recognition. We limit our work to
the toy problem of audio-visual phonetic classification by means
of a two-stream Gaussian mixture model (GMM), where each
stream models the class conditional audio- or visual-only obser-
vation probability, raised to an appropriate exponent. We con-
sider such stream exponents as two-dimensional piecewise con-
stant functions of the audio and visual stream local confidences,
and we estimate them by minimizing the misclassification error
on a held-out data set. Three stream confidence measures are
investigated, namely the stream entropy, the n-best likelihood ra-
tio average, and an n-best stream likelihood dispersion measure.
The later results in superior audio-visual phonetic classification,
as indicated by our experiments on a 260-subject, 40-hour long,
large vocabulary, continuous speech audio-visual dataset. By
using local, dispersion-based stream exponents, we achieve an
additional 20% phone classification accuracy improvement over
the improvement that global stream exponents add to clean au-
dio-only phonetic classification. The performance of the algo-
rithm however still falls significantly short of an “oracle” (cheat-
ing) confidence estimation scheme.

1. INTRODUCTION

It is well known that humans fuse information from both the
audio and visual stimuli to recognize speech [1], as well as that
the visual modality contains some complementary speech infor-
mation to the audio one [2]. Not surprisingly,automatic speech
recognition(ASR) by using the video sequence of the speaker’s
lips, namelyautomatic lipreading, or speechreading, has been
shown to improve traditional audio-only ASR performance over
a wide range of conditions [3]-[10]. Of course, such an improve-
ment greatly depends on the audio-visual fusion strategy used.

Various fusion techniques have been recently proposed in the
literature for audio-visual ASR [10]. Among those, the most
commonly used method assumes that the class conditional score
of the audio-visual feature vector is a weighted average of the log-
likelihoods of each single modality observation vector (audio-
and visual-only) [4-9]. This approach corresponds to a popular
classifier fusion technique (adaptive weighting/product rule [11]),
and in ASR, it gives rise to themulti-stream hidden Markov model
(HMM) representation, which has recently been used, among
others, for multi-band audio-only ASR [12], [13].

To the best of our knowledge, multi-stream HMM based audio-
visual fusion methods have limited the stream exponents to con-
stant values (possibly class dependent) over an entire dataset [7]-
[9], or over an entire utterance [4]-[6]. Our intent is to adap-
tively estimate such exponents at a finer temporal level, allow-
ing them to vary within the utterance of interest. In this pa-
per, we investigate local stream exponent estimation in the toy

problem of audio-visual phonetic classification, by means of the
multi-streamGaussian mixture model(GMM) classifier. Single-
stream (audio- and visual-only) GMMs are initially trained for
each phone (class), based on an available training set. The stream
exponents are then assumed to be piecewise constant functions
of the two-dimensional audio-visual “confidence” vector, and are
estimated by minimizing the misclassification error on a separate
held-out data set.

The following are of interest in the above approach: (a): The
choice of appropriate stream (modality) confidence measures;
(b): The partitioning of the two-dimensional confidence space
into “confidence bins”; and (c): The estimation of stream expo-
nents, given held-out data within their confidence partition. In
this paper, we mainly address the first issue. In particular, we
investigate three stream confidence measures, namely the stream
entropy [4], [13], the n-best likelihood ratio average, and an n-
best stream likelihood dispersion measure [5], [6]. We subse-
quently estimate GMM stream exponents based on these mea-
sures. We conduct experiments to evaluate the performance of
the resulting multi-stream classifier using a 260-subject, 40-hour
long, large vocabulary, continuous speech audio-visual database.

The paper is structured as follows: Section 2 introduces neces-
sary notation and reviews the multi-stream GMM, Section 3 de-
fines a number of confidence measures, and Section 4 describes
stream exponent estimation, based on stream confidences. Sec-
tion 5 is devoted to a brief overview of the speechreading system,
while Section 6 presents our audio-visual phonetic classification
experiments. Finally, Section 7 summarizes our findings.

2. THE MULTI-STREAM GMM CLASSIFIER

Let us denote thetime-synchronousaudio-visual feature obser-
vation sequence that corresponds to a spoken utterance by1

f O(t) = [OA
(t); OV

(t) ] 2 R
D; 1� t�T g ; (1)

whereOs(t) 2 RDs , for s = A ;V, represent the single modality
(audio- and visual-only) feature vectors, andD = DA+DV is
the bimodal feature vector size. Based onO(t), we are interested
in classifying each time instantt of the utterance as belonging to
one ofjCj possible phonetic classesc 2 C = f1 ;:::; jCjg . In this
work, 52 such classes are considered, as in [14].

EachOs(t), s = A ;V, contains relevant information aboutc(t),
the phonetic class at timet. We capture this by assuming aGaus-
sian mixture model(GMM) as the single modality class condi-
tional observation probability, namely

Pr(Os
(t)jc) =

McsX

m=1

wcms NDs(Os
(t) ; �cms ; �cms ) ; (2)

1With some abuse of notation,T will also denote the total number of
feature vectors (observations) in a set of utterances.
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for all c 2 C , ands=A;V. In (2),mixture weightswcms are posi-
tive adding up to one,Mcs denotes the number of classc mixtures
for streams, andND(y;�; �) is theD–variate normal distribution
with mean� and diagonal covariance�. GMM parameters

�s = [ (wcms ; �cms ; �cms ) ;m = 1;:::;Mcs ; c2C ] ;

for s = A ;V, can be computed by means of theexpectation-
maximization(EM) algorithm [15].

Themaximum-a-posteriori(MAP) class estimate ofc(t), based
on the single modality observationOs(t), can then be obtained as

ĉ
(t)
s = argmax

c2CfPr(Os
(t)jc)Pr(c)g ; (3)

where, for simplicity a uniform priorPr(c) = 1=jCj is assumed.
Finally, the frame level phoneticmisclassification erroris com-
puted by comparing at every instance oft , the correct phone label
c(t) to its MAP estimate (3), and it equals

MCEs =
1

T

TX

t=1

( 1� �(c(t); ĉ(t)s ) ) ; (4)

where�(x; y)=1 (0) , iff x = y (x 6= y).

We now model the class conditional bimodal observation prob-
ability by considering a two-stream GMM, namely by assuming
that (see also (1), (2))

Sc[O(t)jc] =
Y

s2fA;V g

[
McsX

m=1

wcms NDs(Os
(t);�cms ; �cms )]


(t)
s

; (5)

where (t)
s are time-dependent stream exponents, that locally

model the reliability of each modality (stream). In this work, they
are constrained to satisfy

0 � (t)

A ; (t)

V � 1 ; (t)

A + (t)

V = 1 ; for all t = 1 ;:::; T : (6)

Note that (5) does not represent a probability mass function in
general, therefore we refer to it as ascore. Similarly to (3), the
MAP estimate ofc(t), based on the bimodal observationO(t) is

ĉ
(t) = argmax

c2Cf Sc[O
(t)jc] g ; (7)

under the uniform class prior assumption. In addition, and simi-
larly to (4), the bimodal misclassification error is

MCE =
1

T

TX

t=1

( 1� �(c(t); ĉ(t) ) ) : (8)

One hopes that the multi-stream classification decisions (7) are
on the average better than both single modality ones (3), and thus,
thatMCE � minfMCEA;MCEV g holds.

The focus of this paper is the choice of exponents(t)
s such that

MCE becomes “small”. It is reasonable to expect that “good”
choices of such exponents should be functions of the confidence
of the single stream classifiers (2) on the class decision, based on
the single modality observation, which we shall denote byI(t)

s =
g(Os

(t); �s) . We namely assume that((t)
A ; (t)

V ) = f(I(t)
A ; I

(t)
V ) ,

subject to (6). Two issues are clearly of interest in this approach:
The choice of confidence measuresI(t)

s , and the design of func-
tion f . These issues are addressed in the following two sections.

3. STREAM CONFIDENCE MEASURES

Let us denote byc(t)s;n, n = 1 ;:::; N , the rankedN�best phone
class decisions of single stream classifier (2), given the single
stream observationOs(t) (note that̂c(t)s = c

(t)

s;1). Let us also denote
the log-likelihoods of thenth-best and of the correct hypothesis
by R(t)

s;n = log Pr(Os
(t)jc(t)s;n) , andF (t)

s = log Pr(Os
(t)jc(t)) , re-

spectively. Notice thatF (t)
s � R(t)

s;1, and thatR(t)
s;n � R(t)

s;n+1 ,
for n = 1 ;:::; jCj � 1 . The following represent some natural
choices for single stream confidence measures:

Stream entropy. We consider the negative entropy of the class
posterior probability mass function, given by

I (t)

s;E = �

PjCj
n=1R

(t)
s;n exp[R

(t)
s;n]PjCj

n=1 exp[R
(t)
s;n]

+ log

jCjX

n=1

exp[R(t)
s;n] : (9)

Clearly, values ofI (t)

s;E � 0 indicate strong confidence on the
specific stream observation by the GMM classifier, whereas val-
uesI (t)

s;E � log jCj indicate lack of any discrimination among the
various classes by the classifier. Notice that (9) has been proposed
in [13] in the context of multi-band audio-only ASR, as well as
in [4] for audio-visual speech recognition.

Average N-best log-likelihood difference. The likelihood ra-
tios between the firstN classification decisions are informative
about the class discrimination based on the observation. A rea-
sonable choice for capturing such discrimination is to use the log-
likelihood difference average between theN -best classification
decisions. Such confidence measure is given by

I (t)

s;L =
1

N�1

NX

n=2

(R(t)

s;1 �R(t)
s;n) ; (10)

whereN � 2. Clearly, “large” values ofI (t)

s;L indicate high clas-
sification decision confidence.

N-best log-likelihood dispersion. An alternative to the above
measure, suggested in [5], is the log-likelihood “dispersion”
among theN -best classifier decisions. This is given by

I (t)

s;D =
2

N(N�1)

NX

n=1

NX

n0=n+1

(R(t)
s;n �R(t)

s;n0
) ; (11)

whereN � 2. As with (10), “large” values ofI (t)

s;D indicate high
confidence in the decision of the classifier in question.

Misclassification discriminant function. Finally, it is of inter-
est to consider the smooth function of the misclassification error
used in discriminative training algorithms such as thegeneralized
probabilistic descent(GPD) [15]. This is given by

I (t)

s;M = [ 1 +
exp [F(t)

s ]
1

Nt

PN

n=1�(c
(t)
s;n; c(t)) exp [R

(t)
s;n]

]
� 1
; (12)

whereNt = �Nn=1�(c
(t)
s;n; c

(t)) . Note that (12) is a “cheating”
measure on the test set, as it requires knowledge of the correct
classc(t).

4. STREAM EXPONENT ESTIMATION

Given a choice for the stream confidence measuresI(t)
s , s =

A;V , and an available held-out data set, the question becomes
how to estimate an optimal function((t)

A ; (t)

V ) = f(I(t)

A ; I
(t)

V ) ,



that minimizes the misclassification error (8) on the held-out set,
subject to (6), and, in addition, it has the ability to generalize to
unseen data. In this paper, we adopt a simple, suboptimal ap-
proach to stream exponent estimation. Our method is based on
partitioning the two-dimensional “confidence” space (a subset of
R2) in bins, and subsequently estimating apiecewise constant
functionf on these bins.

The algorithm first constructs two single stream confidence
partitions by considering equally spaced bins in the inter-
vals [maxfmins; �s�2:5�sg ; �s] and [�s ;minfmaxs; �s+
2:5 �sg] , wheremins =mint I

(t)
s , maxs =maxt I

(t)
s , and�s,

�s, denote the stream confidence measure sample mean and vari-
ance, all computed over the held-out data set. Confidences out-
side these intervals are mapped to their closest partition. The
two-dimensional partition is set to the “product” of the two sin-
gle stream partitions. The method thus results to a partitioning
B = fb1; b2 ;:::; bjBjg of R2. Of course, alternative partitioning
methods can be considered, for example, by means of histogram
equalization of the confidence measure values on the held-out set.

Given the derived partition, each time instantt is mapped to a
confidence binb(t) 2 B, such that(I(t)

A ; I
(t)
V ) 2 b(t) . Constant

values of(A ; V ) over that bin are computed by minimizing
�t:b(t)2bj ( 1 � �(c(t); ĉ(t) ) ) (see also (8)), subject to (6). Such
minimization is explicitly carried out by searching a fine grid of
points that satisfy (6). Clearly, this amounts to a one-dimensional
search for one of the two exponents in the interval[0;1] . Here,
we use 101 equally spaced points in this interval. Alternative
optimization methods, such as the GPD algorithm [15] can be
used instead.

5. THE SPEECHREADING SYSTEM

Before reporting our database experiments, a brief description
of our automatic speechreading system is warranted [14]. Audio
and visual feature vectors are extracted from the audio-waveform
within a sliding window, or from the video pixel values within
an extractedregion of interest(ROI), respectively. In both cases,
a similar three-stage cascade algorithm is used: First, a signal
processing data transform is applied, followed by alinear dis-
criminant analysis(LDA) projection on a number of consecutive
transformed vectors. Finally, amaximum likelihood linear trans-
form (MLLT) results in a final data rotation. The extracted audio
features are60-dimensional, whereas the extracted visual ones
are of dimension41.

In more detail, in the case of visual feature extraction, a face
tracking algorithm is first employed to find the location and size
of the subject’s mouth region [14]. A64 � 64 pixel, size nor-
malized ROI is then extracted at every video frame, at the rate of
60 Hz. A separable, two-dimensional discrete cosine transform
(DCT) is subsequently applied to the ROI, and the24 highest en-
ergy (over the entire database) transform coefficients are retained.
This 24-dimensional feature vector is interpolated to100 Hz (the
audio feature rate), so as to provide time synchronous features
to the audio ones. Feature mean normalization over the entire
sequence is also applied element-wise to the interpolated feature
vector, in order to eliminate variations due to lighting, among
others. Fifteen consecutive such feature vectors are then concate-
nated and projected to a lower dimensional space (of size41) by
means of LDA. Finally, the MLLT data rotation is applied [14].

6. DATABASE AND EXPERIMENTS

We have been collecting a multi-subject, continuous, large vo-
cabulary, audio-visual database, using IBM ViaVoice training ut-
terance scripts. Currently, it consists of 260 subjects and close
to 40 hours of speech. The database contains full frontal face
color video of the subjects with minor face-camera distance and

Method Acc. Method Acc.

Audio-only 50.38 AV-confidence (9) 54.44
Visual-only 28.34 AV-confidence (10) 55.05
AV-baseline 54.35 AV-confidence (11) 55.19
AV-confidence (12) 59.88 AV-subject depend. 54.43

Table 1: Audio-, visual-only and multi-stream audio-visual test
set phonetic classification accuracy (%). The baseline system cor-
responds to two globally set exponents. Subject dependent expo-
nent performance is also depicted.

lighting variations. The video is captured at a resolution of 704
� 480 pixels (interleaved), a frame rate of 60 Hz, and is MPEG2
encoded, whereas the audio is captured at 16 KHz. Three sets
are constructed from this database: A 35-hour training set (about
17,000 utterances), a 4-hour held-out set (about 2,000 utterances),
and a 1-hour test set (close to 400 utterances). Data from all 260
subjects are present in all three sets, therefore this data partition-
ing corresponds to amulti-subject training/testing scenario.

For fast experimentation, we train single stream GMM clas-
sifiers with only 5 Gaussian mixtures for each one of the 52
phonetic classes of interest [14]. We use the EM algorithm for
this task, and a fixed segmentation of the training utterances into
classes obtained by forced alignment using an audio-only HMM
[14]. The audio-only and visual-only GMM phonetic classifica-
tion accuracies on the test set are depicted in Table 1, and are
50.38% and 28.34% respectively. Notice that significantly higher
phonetic classification accuracies can be achieved by using more
mixtures, prior class information, or phone segment duration in-
formation (see [14], where a 80.52% audio-only and a 48.85%
visual-only accuracy are reported for a similar task).

We subsequently proceed to optimize stream exponents on the
held-out data set. Assuming one global exponent per stream for
the entire database, we obtain an audio-visual phonetic classifica-
tion accuracy of 54.35%. We characterize this as the “baseline”
system, and we consider the various stream confidence measures
of Section 3, aiming at improving classification performance. For
each confidence measure, 100 bins are considered, where stream
exponents are estimated. In addition, while testing, confidences
are smoothed by means ofmedianfiltering over a interval of 25
consecutive frames. As depicted in Table 2, the best performance
is obtained by the N-best log-likelihood dispersion confidence
which results in 55.19% audio-visual phonetic classification ac-
curacy, when usingN = 4. Notice that this corresponds to an
additional 21% relative improvement w.r.t. the improvement that
the baseline achieves over the audio-only performance.

TheN -best likelihood ratio (10) performs slightly worse than
the dispersion (11) (results in a 55.05% accuracy), whereas the
entropy (9) fails to significantly improve performance over the
baseline system, giving only a 54.44% accuracy. It is interesting
to note that the “cheating” misclassification measure (12) results
in a 59.88% accuracy, indicating that there still exists significant
room for improvement.

Since our testing scenario is multi-subject, we can estimate
optimal weights per subject collected. Such exponents are op-
timized on the part of the held-out data set that corresponds to
the specific subject. Surprisingly, this method gives a very small
improvement over the baseline system, namely an accuracy of
54.43%.

It is worth noticing that temporal smoothing of the stream con-
fidences helps performance, when median filtering is used. For
example, in the case of the dispersion based stream exponent es-
timation, the performance drops to 54.94%, when no temporal
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Figure 1: (a): Test and held-out set audio-visual phonetic classification accuracy using global stream exponents. (b,c): Audio and
visual-onlyN -best dispersion histogram on the held-out set. (d,e): Dispersion and estimated stream exponents for a database utterance.
(f,g): Estimated audio exponents per bin of dispersion (11) or misclassification (12) based confidence. (h): Audio-visual phonetic
classification accuracy on the test set for various confidence measures.

smoothing is employed. Furthermore, using utterance-wide con-
stant stream exponents based on the mean of the two dispersions
over the entire sequence hurts performance significantly, by fur-
ther reducing accuracy to 54.37%.

In Fig. 1, a number of facts concerning confidence based
stream exponent estimation are depicted. Fig. 1(a) shows audio-
visual accuracy on the test and held-out sets versus the choice
of a global audio-stream exponent. Notice that both curves are
quite flat close to their peaks, which shows that approximate es-
timation of exponents suffices. In addition, the peaks of the two
curves coincide, which encourages estimation of such parameters
on a held-out data set that matches the test set. Figs. 1(b,c) depict
the dispersion histogram on a small subset of the held-out data set
(50 sequences). Fig. 1(d) shows smoothed dispersion measures
over a typical database utterance. The peak areas of the audio dis-
persion are during silence intervals. Fig. 1(e) shows that within
such intervals the audio modality is in general preferred. How-
ever, in speech intervals, the visual stream exponent is somewhat
increased over its global value over the entire dataset. Figs. 1(f,g)
plot the estimated audio stream w.r.t. the two-dimensional bins in
the dispersion or misclassification confidence space. Not surpris-
ingly, the second measure obtains more “extreme” estimates of
the exponents (further away from their global database values).
Finally, Fig. 1(h) depicts classification accuracy of the disper-
sion and likelihood ratio based methods, w.r.t. the value ofN in
(10), (11). Notice that the dispersion metric is optimal around
N = 4. The baseline and entropy-based system performances
are also shown.

7. SUMMARY

We investigated the use of single modality confidence mea-
sures as a means of estimating adaptive, local weights for im-
proved audio-visual automatic speech recognition. We have lim-
ited our work to the toy problem of audio-visual phonetic clas-
sification by means of a two-stream Gaussian mixture model
(GMM), and we have obtained significant classification improve-
ment by using a log-likelihood dispersion based stream confi-
dence estimation scheme, over a baseline system of constant
stream exponents. In view of these encouraging results, we are
currently exploring means of expanding this work into large vo-
cabulary, continuous ASR in the setting of the Johns Hopkins
Summer Workshop 2000, in Baltimore, Maryland. Such work is
in progress and will be reported in the near future.
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