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ABSTRACT

This paper discusses speaking-style and speaker adap-
tation techniques in a new ATR spontaneous speech
database as a step toward more useful spoken di-
alogue translation. The task of this data concerns
conversations in travel situations consisting of many
forms of communications between a receptionist and
a guest. Speaker-independent recognition using the
data shows that the recognition performance of spon-
taneous speech is not very low in comparison with
that of read speech when adequate speaker- and
speaking-style adaptation is applied to a speaker-
independent phoneme model. Furthermore, a speech
recognition strategy using a context-free grammar
and this speaking-style adapted acoustic model shows
the effectiveness of this grammar even for sponta-
neous speech.

1. INTRODUCTION

Three years ago, ATR developed a spoken-language
translation system, called ASURA, which integrate
speech recognition, language translation, and speech
synthesis[1], in order to facilitate communications
between people speaking different languages. But,
in this system, the input speech must be uttered
phrase-by-phrase almost as clearly as read speech.
This speaking style facilitates speech recognition but
is a burden for the speaker. We therefore had to
solve this problem so that the speech interface could
be more comfortable.

Because spontaneous utterance is an important
requirement for speech translation, we are collecting
spontaneous dialogues, and designing a system for
the speaker-independent recognition of spontaneous
speech with a large vocabulary size and the compe-
tent handling of filled pauses, hesitations, unknown
words and so on.

One of the most important techniques for obtain-
ing high performance in speaker-independent sponta-
neous speech recognition is the adaptation of stochas-
tic acoustic medels. Acoustic models generated from
adjusted speech data such as phonetically-balanced
read sentences usually yield in better performance
more effectively than can be obtained from blindly
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gathered speech data. Therefore, when used for
speaker-independent spontaneous speech recognition,
these models must be adapted for each speaker and
speaking-style.

Recently, speaker adaptation methods have been
investigated for continuous mixture hidden Markov
Models (HMMs), and improvements have been
made[2][3]. In the case of speaker-independent dia-
logue recognition, however, it is impossible to obtain
enough speech data for supervised speaker adapta-
tion. On the other hand, it is reasonable to perform
supervised speaking-style adaptation using large
amounts of data transcribed in advance. In this pa-
per, we describe how to adapt the acoustic models
in dialogue recognition, and also describe a spoken
dialogue database for the development of the system.

2. SPOKEN DIALOGUE DATABASE FOR
RECOGNITION

We are collecting simulated dialogues related to travel
arrangements between two persons, in order to de-
velop the translation system, and to design acous-
tic modeling, stochastic language modeling, and dia-
logue modeling. Dialogue topics include the reserva-
tion of hotel rooms, ticket reservations, flight changes,
sightseeing reservations, travel advise, directions to
tourist spots, and dealing with problems at hotels.
Our spoken dialogue database consists of bilingual
and monolingual dialogues.

In the bilingual recordings, a native speaker of
Japanese, and a native speaker of English speak in
Japanese and English, respectively. Two other per-
sons act as mono-directional interpreters (Japanese
to English, and English to Japanese). In this case,
the interpreters each play the part of a translating
machine; this interpretation causes time lags in the
conversations. Only rarely did the human transla-
tor make a mistake, however, perfect translation is
impossible and sometimes the flow of a dialogue was
disturbed by the interpreters.

In the monolingual recordings, two isolated

Japanese speakers communicate without facing each

other. Phenomena such as filled pauses and hesi-
tations occur more frequently. This is because the
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time lag before subsequent turns is much shorter in
monolingual recordings than in bilingual recordings.

In these two types of recordings, the overlapping
of each speaker’s utterance is prohibited, and the
length of each utterance is limited. The adjusted
data so far consists of 79 bilingual dialogues and 192
monolingual dialogues, uttered by about 250 speak-
ers. The number of different words in this database is
about 4,000. The collected conversations have been
transcribed, the recorded speech data has been seg-
mented into utterances, and a part of the Japanese
speech has been phonetically labeled manually and
morphologically analyzed.

The characteristics of the spontaneous Japanese-
speech data (number of filled-pauses, hesitations, cor-
rections, and misutterances per sentence) are listed
in Table 1. The listed figures are investigation results
over a part of the database. Note that the spontane-
ity of speech in the bilingual data had been affected
by the constraints associated with speaking through
translators, and we think the effect of these kinds of
constraints will also be characteristic of automatic
spoken language translation.

3. RECOGNITION EXPERIMENTS

3.1. Acoustic model

Feature parameters in following experiments were
power, delta log-power, 16-order LPC cepstra, and
16-order delta LPC cepstra. Speaker-independent
context-dependent phoneme HMMs (Gaussian mix-
ture) were generated using the CCL algorithm[4] as
follows:

First, a basic speaker-dependent hidden Markov
network (HMnet)[5] was generated with 2,620 im-
portant Japanese words uttered by one male speaker
({(A) in Fig. 1), and the transition paths among the
states in the HMnet were used in subsequent adap-
tation or retraining. The HMnet is a highly gener-
alized form of the HMM and incorporates context-
dependent variations of phones and state sharing
among different allophones. Next, each speaker-
dependent HMnet was trained with 50 phonetically
balanced sentences uttered phrase-by-phrase by 15
representative speakers automatically selected from
among 285 speakers of 143 males and 142 females (B).
Then, a five mixture speaker-independent HMnet was
composed using these 15 speaker-dependent HMnets
with the speaker-mixture method[6] (C). Following
this, the speaker-independent model was re-estimated
with the 50 sentences of all 15 speakers using the
Baum-Welch algorithm (D).
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Figure 1: Generation and adaptation flow of speaker-
independent model

3.2. Comparison with read and spontaneous
speech

To compare the recognition performance on read and
spontaneous speech, we prepared three kinds of data
sets:

o Phrase speech concerning conference registra-
tion
Speech data uttered phrase-by-phrase by seven
Japanese speakers (four males and three fe-
males), in which the total amount of phonemes
is 18,835

o Sentence speech concerning conference regis-
tration
Speech data uttered sentence-by-sentence by
seven speaker (four males and three females:
same speakers as above), in which the total
amount of phonemes is 15,818

e Spontaneous speech concerning travel arrange-
ments
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Table 1: Contents of spoken dialogue database for spoken-language translation

[ [ dialogue* | utterance* || filled-pause# | hesitation# [ correction# | misutterances |
bilingual 79 2326 0.27 0.02 0.01 0.02
monolingual 192 4642 0.79 0.03 0.07 0.02

* Total number of dialogues or utterances in each database
# Average number of filled-pauses, hesitations, corrections or misutterances per sentence

Table 2: Phoneme accuracy for different speaking-

style data
speaking read spontaneous
style phrase | sentence dialogue
[ accuracy || 81.6% | 725% | 633% |

Table 3: Phoneme accuracy for different dialogues
and roles

| dialogue bilingual monolingual

subject guest | receptionist

guest | receptionist

[ accuracy || 64.7% | 54.9% [492% | 52.4%

The above-mentioned bilingual speech data ut-
tered by seven speakers (three males and four
females; different from the above speakers), in
which the total amount of phonemes is 3,400

Phoneme accuracy is listed in Table 2. As the acous-
tic model was generated with phonetically balanced
sentences uttered phrase-by-phrase data((D) in Fig. 1),
the highest accuracy was achieved on the phrase data.
The worst accuracy, on the dialogue data, made it
apparent that speaking-style adaptation is needed for
spontaneous speech recognition.

3.3. Recognition performance of each dialogue

The dialogues between a receptionist at a hotel and
a guest were used to compare the recognition per-
formance. The test data both in monolingual and
in bilingual dialogues uttered by four speakers were
compared, and the above speaker-independent model
was used ((D) in Fig. 1). In this data the only am-
ateurs were the guests in the monolingual dialogues.
The others were trained speakers.

Phoneme accuracy is listed in Table 3. This shows
that monolingual dialogues are relatively difficult to
recognize. This is because monolingual data contains
more spontaneous speech as shown in Section 2.

4. SPEAKING-STYLE AND SPEAKER
ADAPTATION

4.1. Adaptation experiments

Phoneme recognition experiments to estimate the
difficulties of spontaneous speech recognition and the
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effect of supervised adaptation, were carried out us-
ing four dialogues uttered by four speakers (two males
and two females). The test set was from the speech
of a guest in the monolingual dialogue. These exper-
iments compared the following four methods:

1. no adaptation (speaker independent phoneme
recognition); the acoustic model was (D) in
Fig. 1.

2. speaking-style adaptation (from read speech to
spontaneous speech) using spontaneous’ utter-
ances of the other six speakers; the model was

(E)

3. speaker adaptation using read speech
(phonetically-balanced 50 sentences) from the
same speaker; the model was (F)

4. both speaker and speaking-style adaptation us-
ing spontaneous utterances of the same speaker;
the model was (G)

The adaptation was carried out using the Baum-
Welch, VFS[7], MAP[2], and MAP-VFS[8] methods.
In the Baum-Welch adaptation, when the number of
samples was smaller than the predetermined number
for a distribution, the distribution was not adapted.
Furthermore, as for the adaptation of variance, only
increase was allowed. VFS deals with the smoothed
adaptation of mean vectors of Gaussian distributions
in continuous mixture density HMMs. The MAP-
VFS method involves both this smoothing technique
and maximum a posteriori (MAP) estimation. In the
MAP and MAP-VFS adaptations in this experiment,
the variances were not adapted.

The recognition results for each method, and the
amount of training data are listed in Table 4. When
adaptation was applied, the performance of sponta-
neous speech recognition was not very low in com-
parison with that of read speech uttered phrase-by-
phrase (Table 2). These results show that both
speaking-style adaptation and speaker adaptation are
useful for spontaneous speech recognition, and that
the VFS and MAP-VFS methods are more suitable
for speaking-style adaptation, showing the effective-
ness of the smoothing technique. According to these
results and the practicality of supervised speaking-
style (task) adaptation using large amounts of data
transcribed in advance, both supervised speaking-
style adaptation in advance and on-line unsupervised
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Table 4: Phoneme recognition rates of spoken dialogue database

I adaptation method

[ Baum-Welch[%] | VFS[%] [ MAP[%)] | MAP-VFS[%] [ data amount (phoneme) |

1. no 64.7 64.7 64.7 64.7 none
2. speaking-style 69.2 73.1 67.8 72.5 3307
3. speaker 76.7 76.4 76.6 76.0 3031
4. speaker and speaking-style 79.6 82.0 80.5 81.2 530

Phoneme recognition rates of segmented speech data at each breath position

Table 5: Recognition performance using speaking-style adapted HMMs and CFGs

| vocabulary size || word perplexity | coverage[%] | phoneme accuracy[%] |

507 132 60.7 76.6
1387 435 94.6 74.9
no CFG - 100 71.7°
speaker adaptation are adequate for spoken dialogue REFERENCES

recognition.

4.2. Spontaneous speech recognition using
speaking-style adapted model

Addressing the above results, speaker-independent
spontaneous speech recognition was carried out on
three other dialogues using context-free grammar (CFG)
with two sizes of vocabulary (507 and 1387) and
the speaking-style adapted HMMs ((F) in Fig. 1).
The CFG is automatically designed for spontaneous
speech and written in LR form. The frame-synchronous
HMM-LR recognition method[9] was used in this ex-
periment. Word perplexity, coverage (or parsing rate),
and phoneme accuracy for each vocabulary size are
shown in Table 5. When the vocabulary size be-
comes large, the coverage of CFG is large enough to
deal with the spontaneous speech and effective for
achieving higher performance.

5. CONCLUSION

This paper described the adaptation of acoustic mod-
els to achieve higher performance in spontaneous speech
that include hesitations and filled pauses. According
to phoneme recognition results, it was shown that
advanced supervised speaking-style (task) adapta-
tion using the VFS or MAP-VFS method is suitable
for spoken dialogue recognition. Obtaining results of
large-scale recognition experiments including on-line
unsupervised speaker adaptation is our next theme.
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