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Abstract

Speech reading, also known as lip reading, is aimed at ex-
tracting visual cues of lip and facial movements to aid in
recognition of speech. The main hurdle for speech reading
is that visual measurements of lip and facial motion lack
information-rich features like the Mel frequency cepstral
coefficients (MFCC), widely used in acoustic speech recog-
nition. These MFCC are used with hidden Markov mod-
els (HMM) in most speech recognition systems at present.
Speech reading could greatly benefit from automatic selec-
tion and formation of informative features from measure-
ments in the visual domain. These new features can then be
used with HMM to capture the dynamics of lip movement
and eventual recognition of lip shapes. Towards this end, we
use AdaBoost methods for automatic visual feature forma-
tion. Specifically, we design an asymmetric variant of Ad-
aBoost M2 algorithm to deal with the ill-posed multi-class
sample distribution inherent in our problem. Our experi-
ments show that the boosted HMM approach outperforms
conventional AdaBoost and HMM classifiers. Our primary
contributions are in the design of (a) boosted HMM and (b)
asymmetric multi-class boosting.

1. Introduction and Related Work

Speech reading' has been the subject of much research due
to its obvious benefits in assisting speech interpretation by
machines, especially when environmental noise is present
in the audio channel [15]. A thorough review of speech
reading can be found in [10]. The success of the hidden
Markov model (HMM) [12] in speech recognition tasks has
led to its application in computer vision domains. In par-
ticular, HMM has been used to analyze the lip motions in
video imagery associated with speech. However, the per-
formance of existing speech reading systems using HMM

'In this paper, we use the term speech reading for vision-based recog-
nition of speech, much along the lines of lip reading, while speech recog-
nition refers to conventional audio-based recognition.
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Figure 1: A simple top-level comparison with previous
work on boosting in acoustic speech recognition. Left:
Schwenck [14]. Middle: Meyer [8]. Right: Our system
for speech reading.

is not at the same level as that of speech recognition, and
mostly “address simple recognition tasks, such as small vo-
cabulary ASR or isolated or connected words” [10]. One
possible reason is that the visual features which can be used
for recognition are insufficient to convey as much informa-
tion as acoustic features. The alternative interpretation is
that we have not found the appropriate features, analogous
to Mel frequency cepstral coefficients (MFCC) in the au-
dio domain, to model the video signal. In comparison to
the audio domain, speech reading mostly relies on ad-hoc
features. Therefore, the performance of such speech read-
ing depends on visual features which are essentially not dis-
criminative enough. In this paper, we present methods that
allow automatic formation of informative features, which
can then be used for recognition.

Recent work in face detection [17] has proposed a feature
selection method based on AdaBoost. AdaBoost has also
been used recently with HMM in the acoustic domain for
speech recognition [14, 8] and with dynamic Bayesian net-
works in an audio-visual approach to speaker detection [5].
As shown in Figure 1, the previous work aimed at AdaBoost
and HMM integration either relies entirely on AdaBoost for
the phoneme classification while only using the HMM to
form the higher-level language model [14] or simply con-



structs an HMM-AdaBoost ensemble by linearly combin-
ing the HMM [8]. While these approaches yield some good
results, the first does not adequately model the inter-frame
dynamics, and the second does not rely on statistically op-
timal features.

We propose an alternative integration called boosted
HMM. It uses AdaBoost to automatically produce informa-
tive visual features and then feeds them to an HMM archi-
tecture, which in turn models the dynamics of lip move-
ment. The role of AdaBoost in boosted HMM, is not only
to adaptively concentrate on the hardest samples, but also to
estimate the distribution of information among features with
respect to classification for further integration. We also pro-
pose an asymmetric variant of AdaBoost M2 that can more
effectively deal with the ill-posed multi-class sample dis-
tribution primarily due to the lack of discriminative visual
features. To our knowledge, this is the first instance of in-
tegrating AdaBoost and HMM in such a manner, and the
first attempt to address asymmetry directly in multi-class
AdaBoost.
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Figure 2: Definition of Reference Points(black)

2. Asymmetric Multi-class AdaBoost

The goal of speech reading is to process a sequence of
video frames, and identify the corresponding phoneme * la-
bel among multiple candidates. As mentioned earlier, it is
not quite clear what visual feature is effective for this clas-
sification problem, hence we need to extract some amount
of raw features from the data set. As we need to eventu-
ally measure and model lip shape and motion, it is safe to
assume that these features measure information about the
lips. To this end, we have defined 18 reference points on
the lip illustrated in Figure 2. Using the positions, veloci-
ties, accelerations, and the relative distance between those
points, etc. we specify 168 raw features to describe one
video frame. And we further assume that the unknown dis-
criminative features lies in the space spanned by these mea-
sures. Inspired by [17], we associate a threshold to every
raw feature to obtain a weak learner, so that AdaBoost can
be applied to form discriminative features from the redun-
dant raw-feature set’. Then the problem can be abstracted
to multi-class classification with various raw-features.

2In our work, we segment the data stream based on phoneme boundary.
sometimes referred to as a viseme [1].

3To prevent confusion, for the rest of the paper raw-feature refers to the
raw visual features, and feature represents ones automatically formed by
boosting.

2.1. Multi-class AdaBoost

AdaBoost [13] is the most widely used binary class boost-
ing algorithm. It can generate a strong classifier (ensem-
ble) with good generalization ability by linearly combin-
ing weak learners h! selected from a sequence of optimiza-
tion iterations ¢t = 1,2, ..., T, weighted by their confidence.
AdaBoost maintains a distribution D?(7) over all samples
and focuses specifically on the samples that are the hard-
est to discriminate [14]. It then finds the best weak learner
ht: X —Y € {-1,1} from a predefined pool with respect
to D*(4). Then according to the error made by the selected
learner, its confidence is assigned, and Dt (¢) are updated
to concentrate on the more difficult samples.

To deal with the multi-class problem, AdaBoost M1 [4]
is the direct extension from the binary case. At iteration ¢, it
requires the weak learner to directly predict the class label
hi; + X — Y € {1,2,..,N}. The ensemble then de-
termines the class label for an instance with the maximum
confidence summed across all iterations. Though simple to
implement, it demands that there exist some weak learn-
ers with correct prediction greater than % This is a much
stronger requirement than “random” prediction, which only
gives the accuracy of %

An alternative approach, AdaBoost M2 [4] allows a set
of weak learners* at iteration t to make a contribution to
the ensemble even when their composite accuracy is just
better than random, but not necessarily above % Each
weak learner addresses a specific class and outputs a like-
lihood value for every sample. A set of N weak learn-
ers provide the likelihood for all the sample-label pairs
h%;5 : X xY — [0,1]. And then the ensemble determines
the class label of that instance by voting across all itera-
tions. Thus the task for weak learner is just a one-against-
all problem. The difference between AdaBoost M2 and
simply constructing N separate one-against-all ensembles
is that AdaBoost M2 holds the N binary problems inside
its multi-class structure by sharing the same set of sample
distribution; and provides a communication mechanism be-
tween the ensembles. This communication is achieved by
introducing a set of label weight functions which represent
how likely the given sample could be mistakenly assigned
to every other class by the ensemble, and then minimizing
a measurement called pseudo-loss which estimates how far
behind the output of the correct class is in comparison to the
“collaboration” of the wrong classes.

In other multi-class variants of AdaBoost, like AdaBoost
ECC [7], multiple ensembles are built not corresponding to
one class, but one bit of the error correcting code of the class
prediction. These methods are designed for higher process-

“In [4], they are considered as one weak learner composed by a set of
questions. We abuse the notation a little bit to make the discussion clearer.



ing efficiency by decomposing the problem into the binary
case while achieving the similar level of accuracy as Ad-
aBoost M2.

2.2. Limitations of AdaBoost M2 for Feature
Selection

A logical way to apply AdaBoost for feature selection in
speech reading would be to use AdaBoost M2 in conjunc-
tion with weak learners based on lip features. Although Ad-
aBoost M2 introduces pseudo-loss to allow more subtle op-
timization, we have observed that it is still hard to extract a
useful weak learner for the ensemble when the weak learn-
ers and associated raw-features have quite limited discrim-
ination power. In such a case, the boosting procedure will
“converge” quickly at rather low accuracy. In the applica-
tion of speech reading with our raw-feature set, the multi-
class classification problem is very hard. Figure 3 shows
two smoothed histograms of the y position of the one con-
trol point on the upper lip. The lower black curve is the
histogram of the samples for phoneme /AA/ enlarged by a
factor of 10, while higher gray curve is histogram of the
samples from all the other 38 phoneme classes. This exam-
ple illustrates the general difficulty of “finding a needle in
the haystack” in the classification problem. For every class,
its samples distribute across most of the bins, while it dom-
inates none of those bins.
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Figure 3: Left: the selected RP of the Lip Model; Right: the
histogram of the y position of that RP.

To simplify the discussion, we assume that the weak
learner will assign a threshold to separate positive class
from the others. For AdaBoost M1, the optimization fails in
the first round, because at every iteration, the weak learner
is required to output a single prediction of class label for a
specific bin. However there are no such weak learners that
can achieve an accuracy greater than % at any threshold.
No matter which class label is assigned, there are always
more samples from other classes. In principle, AdaBoost
M2 can address the decomposed binary classification prob-
lem. However, when the features are not sufficiently dis-
criminative, the optimization approach of training the weak
learner to maximize classification accuracy results in poor
feature selection. As Figure 3 illustrates, assume the weak

learner searches for an optimal threshold ¢g, where p,, is

the sample density of class v at bin u, and j is the current
positive class, the optimization will be

10 n
max{Z > opik+ D pij} (D
to | =1k, k#j i=io

But since N > 2 in multi-class, p;; (black curve) will be
much lower than ) p;; (gray curve), then the net benefit

k#j

of increasing the threshold will be qualitatively® the shaded
area, which results in iy = n i.e., the weak learner with the
highest accuracy is to set the threshold at the rightmost po-
sition in the figure, which classifies everything as negative.

The above example shows that AdaBoost M2 aggres-
sively exploits only a few “easy” raw-features and gets
stuck in local optimum quickly. Because of the competition
of the ensembles thereafter, guessing the sample belongs
to some class with slightly low confidence is more “infor-
mative” than guessing it is not for multi-class problem, al-
though the second choice is safer, and leads to higher binary
classification accuracy in this hard situation. Therefore, the
risk of false positive and false negative is not weighted sym-
metrically in the multi-class classification, which is similar
to the task of rare event detection, such as [18]. Unfortu-
nately, this internal asymmetry is not taken into account in
classic AdaBoost M2.

2.3. Asymmetric AdaBoost M2

To fully explore the information among the raw-features
instead of to exploit a few, we introduce the asymmet-
ric cost in multi-class AdaBoost. In [7], asymmetric Ad-
aBoost ECC is presented, where asymmetric cost is ap-
plied in the decomposed binary classification, but we want
to build asymmetry inside the multi-class boosting struc-
ture. In the asymmetric AdaBoost of [16], their Asym-
metric Loss (ALoss) is to change the density of the posi-
tive/negative class, but this can not be directly applied in
multi-class case. As we mentioned earlier, in contrast to NV
isolated one-against-all binary boosting, which has N-fold
distribution of training samples, AdaBoost M2 only main-
tains 1-fold of distribution. Thus the trick of density mod-
ification in binary case does not work, because every class
will be considered as positive class once, and the remaining
is considered as negative class. If the density of one class
is increased, the density of all the other classes have to be
increased too. Then finally every class gets the same bonus,
which is exactly the same as the symmetric AdaBoost M2.

We consider an alternative algorithm, where AdaBoost
M2 retains its own density updating procedure, and only
passes the asymmetrically modified “fake” distribution to

SBecause the black curve is enlarged by 10 times.



the underlying weak learners to bias them towards the cur-
rent desired classes, as shown below. A;(7,y) is the asym-
metric density factor of the ¢th sample to be assigned to
class y at time ¢. It is greater than 1 when y = y; to amplify
the density of the positive class, and equal to 1 otherwise.
U, (i,y) is the updating factor for A:(i,y).

Asymmetric AdaBoost M2
Input : (z;,y;) with class label y; € Y ={1,--- k}
and sample distribution D;
Loopt=1,2,---T
Wi =324, whys ailivy) = <3¢ fory # yis
and D, (i) =
Wi
i=1
Call WeakLearn, provide the distribution Dj (i,y) =
Dy (i) - Ai(i,y), and label weighting function g(, -);
get back the hypothesis h; : X x Y — [0, 1]
Compute the pesudo-loss of h; :

£ =3 iv:lDt(i) (1 = hi(wi,93) + > Qt(ivy)ht(xiay)>

Y#Yi
Set Oy = e/ (1 — &)
Update wi—i—l _ wiyﬁt(lﬂ)(1+ht(wi’yi)*ht(mi7y))
and At+1(ivy) = At(ivy) ' Ut(ia y)

T
Output argmax <log ﬁi)ht(m, y)
yeYy t=1 ¢

)

To validate this approach, we first test it on synthesized
data. The data corpus contains five classes, and every sam-
ple is represented by a feature vector with 20 elements,
while every element can take one out of five values. For
every element, the samples from the same class will always
have the odds of 35%-45% to take one favored value of the
five, and have uniform chance of taking the other four val-
ues. This value preference is selected randomly, but mutu-
ally exclusively for the five classes in every element. And
the preference is independent over the 20 elements. Then
this distribution has the same property as the speech reading
data described above. We sampled 10000 instances from
this distribution for training and another 10000 for testing.
We believe that the experiment result ® in Figure 4 shows
that the our asymmetric variant of AdaBoost M2 is able to
extract more information from the whole feature set.

We also evaluate our algorithm on real data with 39
classes. The task is to determine the phoneme label for ev-
ery frame in our speech data set by its visual raw features,

and the asymmetry is chosen as 22=1 = 38, so it generally

Because the performance for training and testing are quite similar in
all the experiments performed, we only include the testing curve hereafter.

— asym-grad
--- sym ]

Accuracy
o
[,
(&)

o
o

1N
N
o

0.4

50 100 150 200
Number of Iteration

Figure 4: Tests on synthesized data show that asymmetric
AdaBoost M2 performs better than the symmetric one
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Figure 5: Tests on video (top) and motion capture (bottom)
data show that asymmetric AdaBoost M2 performs better
than the symmetric one

balances the overall density of the positive and that of nega-
tive samples for every class. The experiment result on video
data and motion capture data are shown in Figure 5(The
algorithm process for this data is explained in Section 4).
The results on real data again shows that asymmetric weak
learner provides more information to boost.

We also performed the experiment applying the asym-
metry all at once at the initial stage (U;(i,y) = 1,
“asym-once”) versus gradually increasing the density fac-
tor (Uy(i,y) > 1, “asym-grad”). And as shown in Fig-
ure 5, the second option yields better performance, con-
sistent with [16]. And“asym-grad.5” represents the re-



sults when increasing the asymmetry factor at half speed
of “asym-grad”.

Another choice to address asymmetry is to bias the classi-
fication threshold. But this method fails to encode the asym-
metry property into the training procedure, and only makes
the tradeoff afterwards. Experiments have shown that the
indirect asymmetric method is not optimal [16].

3. Boosted HMM

As shown in detail later in Table 2 and Table 3, if the
phoneme recognition is trivially performed by multiplying
the frame-level likelihood from boosting output (AdaBoost
only), the accuracy is low. The reason is that despite the ex-
istence of raw-features about short-term dynamics, boosting
still can hardly capture the long-term dynamics. Therefore,
HMM is then used to exploit this information.

To integrate HMM with AdaBoost, we first review the
property of AdaBoost, and discuss what is indicated from
the boosting outputs. Considering that the cues for classi-
fication are not uniformly distributed over all kinds of pos-
sible vision features, we rely on boosting algorithm to es-
timate such information about features, given the training
samples. From the perspective of samples, AdaBoost tends
to concentrate more and more on the samples that are hard
to classify, and the reason is that those samples can provide
more information about the decision boundary, in order to
optimize the ensemble. And from the perspective of weak
learners, AdaBoost assigns more weight to the learner that
has higher accuracy. Recalling that in our case, for every
class y, one weak learner is attached with one raw-feature,
and the weak learners are from the same family, so that
they have the same level of classification capacity. Hence
the reason for AdaBoost to prefer one weak learner rather
than another is that the associated raw-feature is more infor-
mative for classification; in other words, easier to classify.
Combining the above interpretation, AdaBoost adaptively
searches for the easiest feature for the hardest samples.

This suggests that AdaBoost addresses the non-uniform
distribution of information not only qualitatively by select-
ing the weak learners over the informative features, but also
quantitatively by the confidence assigned to the weak learn-
ers. Therefore, confidence of the weak learners, if nor-
malized, can be considered as the distribution of the cor-
responding classification cues. Then such weighted raw-
features are the most informative raw-feature set, which can
be used to integrate with HMM. Unfortunately, HMM can-
not take this kind of weighted raw-feature vector as input,
since the components of which are not equally weighted.

One solution is to resample the raw-feature vectors, how-
ever Quinlan [11] claims that the resampling does not work
as well as the reweighting. Alternatively, we convert the

weighted most discriminant raw-features via their corre-
sponding classifiers to get the uniformly weighted, most
discriminant outputs, as the features for the HMM. Actu-
ally, they are just in proportional to the outputs of the multi-
class ensemble by a constant value.

If AdaBoost can always extract the correct class label,
then using the confidence outputs of AdaBoost as features
would be a trivial integration. However, it is hard to ex-
pect that to be true in the applications with dynamics, like
speech reading. Our experiments show that the boosting
method does not achieve very high accuracy at frame level,
and performs much worse at phoneme level if not consider-
ing dynamic information, so taking results of other classifier
as features for the HMM is a further exploitation of the data.

There are 39 phonemes in our data set, so a 39 dimen-
sional feature space is computed for every video frame, then
PCA is applied to further reduce the dimensionality and
noise. Finally the features are assigned to the video frames
to train one 3-state HMM with the mixture of Gaussian out-
put per class.
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Figure 6: Three of the subjects used in our experiments.
Left/Middle are subjects with motion capture markers,
which allowed for high speed motion data (120Hz). Right
is done using video (30Hz).

4. Experiments
4.1. Experimental Setup and Data

Our current experiments were performed on both video data
and motion capture (MoCap) data with several subjects. We
describe these data sets briefly:

Motion Capture Data of Lips: We used a Vicon Mo-
tion Capture System to capture over 30 minutes continuous
speech motions from several subjects. The subjects were re-
quested to wear markers on their lips along the same line as
our reference points (RPs) in Figure 2. The RPs are tracked
by infra-red tracker as shown in Figure 6. The 3D tracking
results are then projected into the 2D plane determined by
the extra trackers on the nose and beside the eyes.

Visual Tracking of Lips: We videotaped one subject
talking continously for almost seven minutes. The 2D posi-
tion RPs were extracted using Eigen Points [2] approach.



As in Figure 2, the RPs are then aligned by making the
line segment L between the two lip corners horizontal and
its midpoint M at (0,0). We then compute the extra param-
eters like the distance between two adjacent RPs, the cen-
ter of the upper and lower lip,etc. Furthermore, the height,
width, area covered, and roundness of the mouth, suggested
by [6], are also included in the raw-feature set. Then we use
Catmull-Rom splines [3] to smoothly interpolate the tempo-
ral trajectory of those parameters, and compute the velocity
and acceleration from the splines.

We have thirty-seven minutes of speech data in total. The
video data and the MoCap data are processed separately.
Both these data sets provided us with a 168 dimensional
raw-feature space for one visual frame. The experimental
configuration is shown in Table 1.

Audio-based Segmentation: We first use CMU Sphinx’
to segment the video into phonemes by forced alignment.
Then for every phoneme with known boundary, the likeli-
hood of the phoneme labels are estimated by the boosted
HMM.

4.2. Results

We evaluate the classification performance by Cumulative
Match Characteristics (CMC) [9], which describes “is the
correct answer in the top n matches?” Experiments show
that both symmetrically boosted HMM and asymmetrically
boosted HMM effectively improve the accuracy of HMM
and it also outperforms the method using AdaBoost only,
as shown in Figure 7. The comparison between asymmet-
rically boosted HMM and other alternatives at the rank 1 is
shown in Table 2 and Table 3.

Corpus | Total | Training | Testing | Total | Total
Len. Data Data Sent. | Phones

Video 6°30” 5 1’30~ 95 2322

MoCap | 30°45” | 24°42” 6°03” 275 8468

Table 1: Experiment Configuration.

Video A.Boosted | S.Boosted | HMM | AdaBoost
Analysis HMM HMM Only Only

| Rank1 | 3938% [ 3140% |2033% | 20.15% |

Table 2: Rank 1 Comparison on Video Data

Video A. Boosted | S. Boosted HMM AdaBoost
Analysis HMM HMM Only Only

[Rank1 | 5744% | 4516% [39.82% | 2037% |

Table 3: Rank 1 Comparison on MoCap Data

7Version 2-0.4 http://fife.speech.cs.cmu.edu/sphinx
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Figure 7: Comparison of asymmetrically boosted HMM,
symmetrically boosted HMM, HMM only and AdaBoost

only method on video data (top) and MoCap data (bottom).

In Table 2 and Table 3, “HMM Only” is HMM built on
the 18 RPs positions, while “AdaBoost Only” is phoneme
level classifier by simply multiplying the boosting likeli-
hood of all the frames, “S. Boosted HMM” is the pro-
posed novel integration of AdaBoost M2 and HMM, and
“A. Boosted HMM?” is the further improvement by intro-
ducing our asymmetric varient of AdaBoost M2.

By slightly changing the HMM parameters (number of
Gaussians, number of states), we experimentally show that
the success of the algorithm is not due to a magic parameter.
Moreover, we have experimented with random raw-feature
combination shown in Figure 8. The randomly formed fea-
tures perform much worse than the best feature selected by
AdaBoost. The results indicate that boosted HMM success-
fully takes advantage of both methods.

An undesirable issue of video data is the low video frame
rate. 33% phonemes are so short that only one or even less
than one frame is associated with them. In such a case, it
is impossible for the HMM to get any dynamic cues from
only one frame. To make things worse, it may be quite
noisy and distorted by the adjacent phonemes (the coarticu-
lation effect). The boosted HMM works 10% better if only
phonemes with more than 2 frames are considered.
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5. Conclusion and Future Work

HMM is good at modeling the dynamics while AdaBoost
is good at automatic feature selection. In this paper, we
present a novel integration scheme, boosted HMM, for such
a coupling of HMM and boosting. We also propose an
asymmetric variant of AdaBoost M2, which deal with the
ill-posed multi-class sample distribution better. Experi-
ments show that the boosted HMM, especially asymmet-
rically boosted HMM outperforms both pure AdaBoost or
HMM when used separately.

One shortcoming of our system is that the phonemes are
pre-segmented by forced alignment by Sphinx system. So
the HMM only needs to output phoneme likelihoods for a
frame sequence with known boundaries. However, note that
Sphinx is based on HMM too. So given more data to build
the language model, boosted HMM can automatically do
the segmentation themselves.

The current visual raw features can be considered as “se-
mantic features”. In the future, we plan to integrate appear-
ance features and other statistic features into the boosting
procedure, design more powerful learners, and investigate
the robust fusion with acoustic speech recognition.
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