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ABSTRACT

We propose an integrative recognition method of speech ac-
companied with gestures such as pointing. Simultaneously
generated speech and pointing complementarily help the
recognition of both, and thus the integration of these mul-
tiple modalities may improve recognition performance. As
an example of such multimodal speech, we selected the ex-
planation of a geometry problem. While the problem was
being solved, speech and fingertip movements were recorded
with a close-talking microphone and a 3D position sensor.
To find the correspondence between utterance and gestures,
we propose probability distribution of the time gap between
the starting times of an utterance and gestures. We also
propose an integrative recognition method using this distri-
bution. We obtained approximately 3-point improvement
for both speech and fingertip movement recognition perfor-
mance with this method.
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INTRODUCTION

In human-human communication, such multiple modali-
ties as speech and gestures are often used. Such multimodal
interaction is expected in human-machine communication
where multiple modalities sometimes play complementary
roles with each other. The semantics expressed in a modal-
ity may be ambiguous, but the other modality might be
able to remove them. Thus multiple modalities must be
recognized and understood integratively. Combining speech
and gesture is a typical example of such multimodality. In
speech, such demonstratives as “this” and “here” are often
used because some correspondences cannot be solved only
by context in sequences of utterances. Gestures such as
pointing may increase the understanding of the meaning of
demonstratives when they appear with gestures.

When the task difficulty increases, users often prefer mul-
timodal interactions rather than unimodal ones in a system
that has speech and pen modalities [1, 2]. This result implies
that smooth completion of complex transactions needs mul-
timodality that includes the selection of methods to express
complex intentions.

In this paper, we consider bimodal input with speech
and fingertip movement on a desk. To understand such bi-
modal input, we divide this problem into three subproblems:
individual recognition of speech and fingertip movements;
finding the correspondence between utterances and finger-
tip movements in sequences of utterances and movements;
and simultaneous recognition and understanding of bimodal
input considering both of these modalities.

Methods adopting image processing have been proposed
to recognize gestures including fingertip movements. Head
and hand positions were tracked using video in [3]. A fin-
gertip was tracked using images captured from the side of
a human in [4]. Some research uses position sensors to ac-
quire a fingertip position [5]. Touch pens and panels may
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(Problem) Explain how to obtain the angle c.

Figure 1: Mathematical problem: calculating an an-
gle in a quadrilateral inscribed in a circle

help obtain pointing [6, 7]. After individually recognizing
speech and gestures, correspondence between them must be
found. An utterance and a gesture that express identical
contents are paired. For such pairing, temporal inclusion
and order [6, 8], semantical compatibility [6], and the rela-
tion between the prosodic features in speech and the speed
of hand/finger movements [3] have been used. Finally, the
information from speech and gestures is interpreted to an
integrated representation. To achieve this integration, the
following schemes have been proposed: a graph-base opti-
mization method [9], a finite-state parsing method [10], a
unification-based parsing method [11], and the integration
of multimodal posterior probabilities [12]. Qu et al. [7]
proposed the use of information obtained from gestures to
improve speech recognition performance. Although multiple
feature streams from multiple modalities may be integrated
and recognized simultaneously, as in bimodal audio-visual
speech recognition, since this approach only succeeds when
the modalities are well synchronized with each other, it can-
not be applied to integrate speech and gestures.

To understand speech with gestures, we propose an in-
tegrative recognition method with which we investigate an
explanation task of a geometry problem. In this task, point-
ing is often accompanied with utterances because individual
modalities are ambiguous in many cases.

In this paper, we first introduce the task setting and the
recording of the multimodal explanations in Section 2. Then
we explain our speech and gesture recognition methods in
Section 3. In Section 4, we explain how to find multi-
modal alignment, and we propose an integrative recognition
method in Section 5.

2. TASK SETTING

The problem we used as the task is shown in Figure 1.
Subjects explained how to solve the problem while point-
ing at the figure. Speech and pointing were recorded with a
close-talking microphone and a 3D position sensor attached
to the tip of the index finger (Figures 2 and 3) at sampling
frequencies of 48 kHz and 100 Hz, respectively. Six sub-
jects (four males and two females) performed eight trials.
Before recording, we explained that the subjects could use
such demonstratives as ‘this’ and ‘here’ by pointing at the
figure instead of such precise terms as ‘angle ABC.” Subjects
pushed a button to start/stop the synchronized recording at
the start/end of recording. The total length of the recorded
data was 417.8 sec (26.1 sec/trial).

3. SPEECH RECOGNITION AND GESTURE

RECOGNITION METHODS

3.1 Speech recognition method

We performed speech recognition experiments for recorded
explanation utterances. We used a network grammar that
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Figure 4: Examples of finger tip movement indi-
cating an angle (Size of movements may be quite
different as shown by solid arrows.)

accepted a sequence of such elements as expressing “/ADB=
/ACB” etc. Since subjects explained while thinking and
thus often used fillers and disfluences, the grammar accepted
fillers between any words. The vocabulary size was 77 words.
Triphone HMMs were used as the acoustic models trained
from the CSJ corpus [13], which is suitable for spontaneous
speech. Each HMM had three states with output proba-
bilities, and the sampling frequency was 16 kHz. Frame
length and shift were 25 and 10 ms, respectively, and 12-
dimensional MFCC and its delta with delta log power were
used as features.

We obtained a 75.0% recognition rate and 66.7% accuracy.

3.2 Gesture recognition

We also performed gesture recognition. In our task, the
system must recognize such gesture pointing items as ZABC,
segment AB, and vertex A from the fingertip movements.

Although remarkable individual differences were observed
in the gestures and their size varied by individual, the direc-
tion of the fingertip movements was almost identical when
pointing to the same item, as shown in Figure 4. So we used
the differentials of the fingertip position in the X-Y plane as
recognition features:

Az \ _ [ z[n]—=z[n-1]
= (8 )=o) o
where n indicates the time and z[n] and y[n] describe the
fingertip position in the X-Y plane obtained by a 3D po-
sition sensor. The graph at the bottom of Figure 5 shows
an example of the time sequence of (Ax, Ay) indicated by
arrows.

We used 3-state HMMs with single mixtures to model the
finger movements. The 3D fingertip positions were recorded
with a sampling frequency of 100 Hz. 19 of the 21 mod-
eled gestures must be recognized, including eleven tracing
gestures for segments, four gestures for vertices, one ges-
ture describing an arc between two segments, and three ges-
tures without pointing at an item (pointing for angles were
expressed by one or combinations of these gestures). Ges-
tures without pointing included between-pointing gestures,
pushing the start/stop switch, and touching the desk with-
out pointing at items. In our task, the finger position in
the z-axis is important to recognize gestures because mean-
ingful movements occur when a finger tip is on the table.
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Figure 5: Speech (top) and gesture (bottom) examples.

ZADB ZACB

gestures. Arrows in gesture graphs describe (Az, Ay).

So we used absolute position in z-axis as a feature. We
also used the first derivatives of the features, resulting in
6-dimensional features including Az, Ay, z, AAz, AAy, Az.
We evaluated the gesture recognition performance with 8-
fold cross variation on the data recorded in Section 2 and
obtained a 91.0% recognition rate with 64.7% accuracy.

4. FINDING CORRESPONDENCE BETWEEN

SPEECH AND GESTURES

After individually recognizing the speech and gestures,
recognition results should be aligned. Some utterances are
paired with gestures.

Such time constraints as overlapping were often used [12].
Generally, the beginning times of the speech and gestures
were not identical. Figure 5 shows the speech and gesture
signals, and the utterances tend to begin after the corre-
sponding gestures. Figure 6 shows a histogram of the time
differences:

T = (Starting time of utterances) -
()
We use this probabilistic tendency to find the correspon-
dence between utterances and gestures. First we express
this histogram by a Gaussian distribution of 7:
T pr)?

L {J }
2mo - P 202 ’

where jir, 02 are the mean and the variance of time differ-
ence 7. Utterances are paired with gestures with maximal
probabilities of starting time differences.

To verify the effectiveness of this method, we performed
a preliminary experiment in which utterances and gestures
were manually segmented a priori. Then each gesture was
associated with an utterance including a key phrase that
had maximum probability calculated from Equation 3. Key
phrases included demonstratives (‘here’ etc.) and parts of
the figure (‘angle ADB’, ‘700, etc.). Some utterances were
not associated with any gestures. The eight trials described
in Section 2 were used as the test set, and p, and o2 were
estimated from the data of seven trials other than the test
sets. Utterances with accompanied gestures were considered
‘correct’” when associated with correct gestures, and those
without any accompanied gestures were considered ‘correct’
when any gestures were associated with them. 93.8% of
the utterances were correctly associated with gestures with
our method. The nearest starting time strategy and longest
overlapping time strategy obtained 89.7% and 83.5% asso-

pa(T) = 3)

(Starting time of gestures).
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Figure 6: Histogram of differences between starting
times of utterances and gestures
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ciation rates, respectively, and thus our method proved to
work effectively.

S.
AND GESTURES

Speech and gestures play complementary roles in multi-
modal communication. If multiple modalities are recognized
simultaneously and integratively, recognition performance
may improve. In this section, we investigate a method to
integrate speech recognition, gesture recognition, and the
correspondence between speech and gestures.

5.1 Semantic constraints between speech and
gestures
To constrain the alignment between speech and gestures,
we made a possibility table of the associations between an
utterance and a gesture in Table 1 that defines the possible
combinations.

5.2 Integrative recognition method

We adopt multimodal integration in the N-best rescoring
of individual recognition results. First we obtain N-best lists
as speech and gesture recognition results. Each candidate
is a sequence of utterances (for speech)/pointings (for ges-
tures). Then we calculated the combination scores for all
the hypothesis pairs between speech and gestures using dy-
namic programming. Local scores between utterance u; and
gesture g; in the dynamic programming are calculated as

INTEGRATIVE RECOGNITION OF SPEECH



Table 1: Possibility table of associations between
utterances and gestures (Examples are excerpted)

Keyword/phrase | Examples Possible gesture

in utterance

Demonstratives ‘Here’ Pointing at an angle, a
segment, or a vertex

Demonstratives ‘This angle’ Pointing at/tracing an

for angles angle

Demonstratives ‘This segment’ | Tracing a segment

for segments

Demonstratives ‘This point’ Pointing at a vertex

for points

Expressions for | ‘Angle ADB’ Pointing at/tracing a

angles specific angle

Table 2: Recognition results by integration of mul-

tiple modalities: recognition rate [%]

Modality Recognition rate
Speech | Gesture

Speech 1-best 75.0 —

20-best 80.0 —

Gesture 1-best — 91.0

20-best — 94.7

Speech & Gesture | — 78.4 94.7

follows:

(4)

Score(u;, gj)

aLs(ui) + BLi(g5) +vpa(tu; —tg;),
= M(u17g]):1 3(5)
—00, M(ulag]) =0

where Lg(u;) and L;(g;) are the recognition scores for u;
and gj, respectively, pqa(7) is the probability of the time dif-
ference defined by Equation (3), and M (u;,g;) takes 1 or
0 as an indicator of the association possibility of u; and g;
based on Table 1. When an utterance is associated with
no gesture, it is associated with a between-pointing gesture
and the time difference score is not considered. Using local
score Score(us, g;), a hypothesis pair is globally aligned and
scored. The hypothesis pair with a maximum global score
is selected as the final result.

6. EXPERIMENT

We evaluated our integrative recognition method by using
the eight trials described in Section 2 as the test set. We set
both Ns of the N-best candidates for speech and gestures
at 20 and obtained the N-best results using the recognition
methods introduced in Sections 3.1 and 3.2. The same p,
and o2 as Section 3.2 were used. We set «, 3, and v ex-
perimentally. Table 2 shows the result. ‘l1-best’ describes
the ordinal 1-best recognition rate and ’20-best’ describes
the rate when the best candidates were selected from the
20-best candidate lists (that is, the upper bound of the per-
formance).

This integration method obtained 3.4- and 3.7-point recog-
nition performance improvements for speech and gestures,
respectively, and this performance is near the upper bounds.

We also evaluated the method by the identification rate
of the referents. The reference words cannot identify the
items in the figure, but gesture integration clarifies their
ambiguities.

# utterances with correctly identified items

Identification rate =

# all utterance accompanied with gestures

(6)
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The identification rate of the integrative recognition results
was 91.7%. The speech recognition results of the integrative
recognition was 20.0%, and thus 71.7 points of improvement
were achieved by integration.

7. CONCLUSION

In this paper, we proposed an integrative recognition method

of speech accompanied with gestures. First we proposed a
probability density of the starting time differences between
speech and corresponding gestures to align them. Then
we incorporated this probability for an integrative recog-
nition method with which a sequence pair of utterances and
gestures was scored by dynamic programming. This multi-
modal recognition method achieved more than three points
of improvement for both speech and gesture recognition. Al-
though so far we have only used N-best lists as intermediate
expressions, other expressions with less information loss can
be used, such as word graphs or HMM trellises.
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