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Abstract

For multi-stream HMMs which are used to effectively
combine acoustic and visual information, it is important
to optimize stream weights automatically and properly
in order to improve the performance. This paper pro-
poses a new stream-weight optimization method based
on a likelihood-ratio maximization criterion, in which the
difference of log likelihood values between the first and
other hypotheses is maximized. Experiments are con-
ducted using Japanese connected digit speech recorded
in real-world environments. Applying our unsupervised
stream-weight optimization technique, we achieved a
14% absolute accuracy improvement compared with the
audio-only scheme, and found that the proposed method
is more practical than the MCE-GPD method.

1. Introduction

Automatic Speech Recognition (ASR) systems are ex-
pected to play important roles in achieving user-friendly
human-machine interfaces in the coming advanced multi-
media society supported by ubiquitous computing envi-
ronments [1]. In particular, ASR has recently attracted
a great deal of attention as effective interface for in-car
applications, such as car navigation and hands-free com-
munication using cell phones. Although high recogni-
tion accuracy can be obtained for clean speech, the ac-
curacy dramatically decreases in noisy conditions. In-
creasing robustness is one of the most important issues in
mobile and vehicular environments. Multi-modal speech
recognition, which jointly uses acoustic and visual fea-
tures, has recently become very attractive for this pur-
pose [2, 3, 4]. In most of the multi-modal ASR sys-
tems, multi-stream HMMs are used in order to effec-
tively combine acoustic and visual information. The
audio-visual multi-stream HMMs include weighting fac-
tors called stream weights. Since the recognition perfor-
mance depends on the stream weights and they cannot
be automatically optimized by the Maximum Likelihood
(ML) criterion, it is crucial to develop an efficient weight
optimization technique to achieve high recognition accu-
racy. One of the most popular methods for this purpose is
Minimum Classification Error method using Generalized
Probabilistic Descent technique (MCE-GPD). Although
the MCE-GPD method is widely used not only in multi-

modal ASR but also in other research areas, it has several
difficulties for practical applications.

This paper proposes a new unsupervised stream-
weight optimization method for audio-visual speech
recognition based on the likelihood-ratio maximization
criterion, in which the difference of log likelihood values
between the first and other hypotheses is maximized. Ro-
bustness of the proposed method is evaluated by recogni-
tion experiments using in-car audio-visual data.

In Section 2, we explain our stream-weight optimiza-
tion method. Our ASR system is described in Section 3.
Experimental setup, results and discussions are described
in Section 4. Finally, Section 5 concludes this paper.

2. Stream weight optimization
2.1. Multi-stream HMMs

In our multi-modal ASR method, multi-stream HMMs
are used for recognition. Let us denote a word sequence
from a decoder by w1, w2, · · · , wM , an ending time of
a segment for each word wi by Ti, and an audio-visual
feature sequence in Ti−1 ≤ t ≤ Ti by Oi. The average
log likelihood b̄w(Oi) for a word w is represented by the
following expression:

b̄w(Oi) = λAw b̄Aw(OA
i) + λV w b̄V w(OV

i) (1)

where b̄Aw(OA
i) and b̄V w(OV

i) are mean log likeli-
hoods for an audio feature sequence OA

i and a visual fea-
ture sequence OV

i, respectively. λAw and λV w are au-
dio and visual stream weights respectively, that are con-
strained by the following restriction:

λAw + λV w = 1 , 0 ≤ λAw, λV w ≤ 1 (2)

2.2. MCE-GPD algorithm

In recognition processes, stream weights in the multi-
stream HMMs need to be estimated properly according
to noise conditions to achieve high recognition accuracy.
However, the stream weights cannot be determined by the
ML criterion as described before.

The MCE-GPD method is one of the typical al-
gorithm that can be applied to this optimization [3,
4]. Let us denote a set of audio stream weights by
Λ = {λAw}. For each word w in a dictionary W , a
misclassification measure dw(Oi; Λ) and a loss function
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Figure 1: Proposed audio-visual speech recognition system.

lw(Oi; Λ) are defined as:

dw(Oi; Λ) = −b̄w(Oi) +
1
η

log

(∑
w∈W

eηb̄w(Oi)

)
(3)

lw(Oi; Λ) =
1

1 + e−αdw(Oi;Λ)
(4)

where α > 0 and η > 0 are control parameters. A total
loss function is obtained by the following equation:

LM (Λ) =
M∑
i=1

lwi(O
i; Λ) → min (5)

Equation (5) can be minimized in terms of the stream
weights by an iterative process using the GPD algorithm:

Λk+1 = Λk − εkE∇LM (Λk) (6)
where k is an iteration index, εk is a positive value de-
creasing as k increases, and E is a unit matrix.

2.3. Proposed optimization method

We propose a new stream-weight optimization method
based on the likelihood-ratio maximization criterion. For
every word wi, the following equation can be obtained:

bwi(O
i) ≥ bw(Oi) (7)

A recognition error is caused by a mismatch between
training and testing conditions, making the likelihood
of an incorrect word wi larger than that of the correct
word. Therefore, recognition errors are expected to be
decreased by adjusting the stream weights so that the dif-
ference between likelihood values of the first and other
hypotheses is maximized. In our method, the set of audio
stream weights Λ is adjusted to maximize the following
equation:

LP (Λ) =
M∑
i=1

∑
w∈W

{
b̄wi(O

i)− b̄w(Oi)
}2

→ max (8)

For each word v∈W , the following equation is obtained:

∂LP (Λ)
∂λAv

= 0 (9)

The amount of variation of λAv, denoted by ∆λAv , can
be calculated as follows:

Table 1: The acoustic and visual feature sets

Acoustic Frame length 25ms
Frame period 10ms
Feature set 12-dim. CMN-MFCCs,
(38 dim.) ∆ and ∆∆ CMN-MFCCs,

∆ and ∆∆ log power
Visual Frame period 10ms

Feature set Width of the mouth w,
(9 dim.) Height of the mouth h,

Teeth information t,
∆ and ∆∆ (w, h, t)

∆λAv =
P

Q
(10)

P =
M∑
i=1

[
δwi=v ·

{
Nb̄v(Oi) −

∑
w∈W

b̄w(Oi)
}

+ δwi �=v ·
{
b̄v(Oi) − b̄wi(O

i)
}]

Q =
M∑
i=1

[
δwi=v · Nf̄v(Oi) + δwi �=v · f̄v(Oi)

]
f̄w(Oi) = b̄Aw(OA

i) − b̄V w(OV
i)

where N is the total number of words in W . δx is 1 if x is
true, and 0 otherwise. All λAw ∈Λ values are updated at
once after obtaining all the variations. A set of optimized
stream weights is obtained by iterating this process.

3. Audio-visual ASR system
3.1. Feature extraction

Figure 1 illustrates the structure of our audio-visual ASR
system, and Table 1 shows details of the acoustic and vi-
sual feature set. Speech signals are recorded at a 16kHz
sampling rate, and subsequently a 38-dimensional acous-
tic vector is obtained for each speech frame.

Video sequences are captured with 360(W) × 240(H)
pixels at 15 frames/sec, recording around speaker’s lips.
A contour extraction filter is applied to an input image. A
smooth contour is modeled by the following equation, in
which positive values of Ax and Bx are simultaneously
estimated for each column.

v(x, y) �
∣∣∣Ax(y − y0)e−Bx(y−y0)

2
∣∣∣ (11)
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Figure 2: A summary of measuring width and height of a
mouth using HMMs.

Here, v(x, y) is a contour value at a point (x, y) and y0 is
the center-of-gravity point for the x-th column. Since an
integral value of v(x, y) becomes large when the column
crosses the lips area, the horizontal central coordinate of a
mouth, denoted by C, is obtained by the following equa-
tion:

C =

W−1∑
x=0

x l(x)

l(x)
where l(x) =

∫ ∞

−∞
v(x, y)dy � Ax

Bx
(12)

An equalization filter and an HSI (Hue, Saturation and
Intensity) conversion are applied to the input image.
For each column of the image, an 8-dimensional vec-
tor, consisted of sine and cosine values of hue, satu-
ration, intensity and their derivatives, is generated by
scanning the column from top to down. The width
and height of the mouth are measured using these vec-
tors by applying the HMM-based forced-alignment and
the one-path-DP-matching techniques. Figure 2 illus-
trates a summary of this algorithm. The following five
HMMs having three states and eight Gaussian pdfs in
each state are built using the Baum-Welch algorithm:
· upper-skin (US) · upper-lip (UL) · mouth (M)
· lower-lip (LL) · lower-skin (LS)

The height h of the mouth is obtained from the positions
in the C-th column corresponding to the beginning and
ending of the mouth HMM given by the forced-alignment
technique. The following three likelihood scores are
computed for each column using the above HMMs:

(a) lips and a mouth (US → UL → M → LL → LS)
(b) lips (US → UL → LL → LS)
(c) skin only (US → LS)

The one-path DP matching is performed from left to right
in the image in order to find the path that maximizes the
summation of the scores. The width w of the mouth is
obtained from a detected mouth area (a) by using a back
track technique. Additionally, by applying a B/W filter to
the area between the upper and lower lips in the C-th col-
umn, teeth information t is obtained by counting detected

Figure 3: An example of an image in our in-car database (sun-
light and car-frame shadow are observed).

white pixels. Finally, a 9-dimensional visual feature vec-
tor consisting of a parameter set is obtained after the first
and second derivatives are computed.

After normalizing the dynamic range, the visual vec-
tors are interpolated to 100Hz by a 3-degree spline func-
tion so that the frame rate synchronizes with that of the
audio vectors. The acoustic and visual features are con-
catenated to build a 47-dimensional audio-visual vector.

3.2. Modeling

Triphone HMMs each having three states and two mix-
tures in every state is used in our recognition system.
The audio and visual HMMs are built sequentially as fol-
lows [5]. First, audio HMMs are trained and phoneme
labels for the training data are obtained by the forced-
alignment technique. Visual HMMs are then built using
the phoneme labels. Finally, the audio and visual HMMs
are combined into audio-visual multi-stream HMMs.

4. Experiments
4.1. Databases

Two audio-visual speech databases were collected sep-
arately for training and testing [6]. The first database,
collected in a clean condition, was used for training,
in which each one of 11 male speakers uttered 250 se-
quences of 2-6 connected Japanese digits. The second
database, consisting of utterances by six speakers, each
uttering 115 sequences, was collected in a driving car on
expressways. There exist several kinds of acoustic and
visual noises in the latter database: engine sounds, wind
noises, blinker sounds as acoustic noises, and extreme
brightness changing, head shaking, and slow car-frame
shadow movements as visual noises. An example of vi-
sual data in the latter database is shown in Figure 3.

4.2. Experimental results

Figure 4 shows recognition results as a function of the
initial audio stream weight used in the iterative process
of stream-weight optimization for five different meth-
ods. The horizontal axis indicates the initial audio stream
weight, and the vertical axis indicates the digit recog-
nition accuracy. Table 2 shows the highest recognition
accuracy obtained by each method. (1) Baseline rep-
resents the result using only acoustic features, whereas
(2) Audio-visual is the result using audio-visual vec-
tors without optimizing the stream weights. When using
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Figure 4: Digit recognition accuracy by each method as a func-
tion of the initial audio stream weight.

Table 2: The highest accuracy obtained by each method.

(1) (2) (3) (4) (5)
62.0% 64.2% 75.6% 78.4% 79.2%

audio-visual vectors, a common audio and visual stream
weights were first applied to all the phone HMMs. We
applied 50 iterations to both the MCE-GPD and our pro-
posed stream-weight optimization methods. In the (3)
Proposed(unsupervised) case, stream weights were ad-
justed using the whole testing data and time-aligned la-
bels generated from the recognition results. In the (4)
Proposed(supervised) and (5) MCE-GPD(supervised)
cases, stream weights were optimized on a supervised
manner using time-aligned labels obtained from tran-
scriptions. When applying the MCE-GPD, control pa-
rameters were varied over α = (0.8, 1.0, · · · , 2.0), η =
(0.8, 1.0, · · · , 1.4), and εk =1/k, before determining the
optimum parameters that achieved the highest accuracy
for each initial stream weight condition.

4.3. Discussions

By comparing the results in conditions (1) and (2), it
can be seen that approximately 2% absolute improve-
ment was achieved by simply combining the visual in-
formation. By applying our stream-weight optimiza-
tion (3), a 14% improvement of digit accuracy from the
baseline and a 36% relative reduction of digit error rate
were obtained. These results indicate effectiveness of the
proposed stream-weight optimization method for multi-
stream HMMs. Comparing the results in conditions (3)
and (4), the accuracy by the unsupervised adaptation was
degraded only 3% from the supervised optimization. It
means that the accuracy can be effectively improved by
the proposed method even in the unsupervised optimiza-
tion, if a majority of the spoken utterances for adapta-
tion were correctly recognized. Finally we discuss the
comparison of conditions (4) and (5). Although the
MCE-GPD-based approach achieved a slightly better re-
sult than our proposed method at the highest accuracy
condition (λA = 1.0, α = 1.8, and η = 1.2), our method
exceeded the MCE-GPD in other initial stream weight

conditions. From the results shown in Figure 4, the accu-
racy for the condition (4) was insensitive to initial stream
weights. For the MCE-GPD method, it is often difficult to
determine proper control parameters that achieve the best
recognition accuracy. Hence it can be concluded that our
stream-weight optimization method is practical, and the
proposed method is expected to be applicable to various
real-world tasks.

5. Conclusions
This paper has proposed an automatic stream-weight op-
timization method based on a likelihood-ratio maximiza-
tion criterion for multi-modal ASR using multi-stream
HMMs. Robustness of the proposed method has been
evaluated against both acoustic and visual noises using
in-car data. Using our visual feature set and the pro-
posed unsupervised optimization method, we achieved a
14% improvement of digit accuracy and a 36% relative
reduction of digit error rate in comparison with the audio-
only scheme. We have also found that our optimization
method is more practical than the MCE-GPD method.

Our future works include testing of proposed tech-
niques for larger data sets and more difficult tasks, and
investigation of fusion algorithms as well as audio-visual
synchronization methods.
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