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ABSTRACT

In this paper, a new language model is proposed
for speech recognition in conversational speech
translation. In conversation, speech strongly de-
pends on the previous utterance of the other par-
ticipant. Applying this dependency in language
modeling, we can reduce the speech recognition
error rate. To this end, we propose the follow-
ing new language model where the content of the
previous utterance is expressed by an interlingual
representation which is widely used in the spoken
language translation research group C-star. The
proposed method reduces word error rate by 6%
(from 14.7% to 13.9%), con�rming our expecta-
tions.

1 INTRODUCTION

In conversation, speech strongly depends on the
previous utterance of the other participant. Ap-
plying this dependency in language modeling, we
can reduce the speech recognition error rate. To
employ dependency of the previous utterance to
the language models, we must model the infor-
mation of the previous utterance. For modeling,
the following 4 issues must be taken into consid-
eration.

1. Extraction of whole information from the
previous utterance.

2. Abstract expression of the previous utter-
ance to avoid the data sparseness problem.

3. Language-independent representation to
cope with translation into multiple lan-
guages.

4. Low analysis costs to extract information
from the previous utterance, i.e. doing the
analysis in real time.

Dependency on the previous utterance has al-
ready been examined in [1]. In that paper,
speech act types are used for modeling informa-
tion of the previous utterance. However, these
speech act types cannot represent the whole in-
formation of the previous utterance and thus
there can represent only part of the dependency
on the previous utterance. To represent the
whole dependency, we use an interlingual repre-
sentation of speech translation to represent infor-
mation of the represent previous utterance. De-
pendency of the previous utterance is modeled
by dependency of the interlingual representation
of the previous utterance. We can say this me-
thod does satisfy the above 4 requirements. In-
terlingual representation includes the whole in-
formation for translation (1). This representa-
tion is more abstract than word level representa-
tion (2). Interlingual representation is language
independent (3). No additional analysis cost is
required, as the extraction of an language inde-
pendent representation is part of the process of
speech translation (4).

2 MODELING THE IMPACT OF THE

DIALOG PARTNER'S PREVIOUS

UTTERANCE

2.1 Interlingual Representation

In this study, we utilize the interlingual repre-
sentation that is widely used in the Spoken Lan-
guage Translation Research Group C-star. In
this interlingual representation, utterances are
splitted into meaning units that roughly corre-
spond to single sentences. For each meaning
unit, three kinds of tags, Speech-Act, Concept
and Argument (SA, Cpts, Args), are assigned.
The de�nition of these tags is dependent on
the target task. Our target task in this paper
is travel conversation such as hotel reservation,
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ight reservation. Figure1 gives an example for
our interlingual representation.

Utterance : I’m one person      so I’d like to have a single room.

Interlingual 
Representation

SA:give-information
Cpts:features+party
Args:who=(i,quantity=1)

SA:give-information
Cpts:preference+
     features+room
Args:room-type=single

Unit 1 Unit 2

Figure 1. Example for the Interlingual Represen-

tation

2.2 Model Using Tags of Interlingual

Representation

When we represent e�ect of the previous utter-
ance as dependency of the interlingual represen-
tation, speech recognition can be described as
a problem of �nding the word sequence W that
gives maximum likelihood under the given acous-
tic sequence A and interlingual representation:

argmax
W

P (W jA;Tags) (1)

Where, Tags represents the interlingual rep-
resentation tag set with elements SA, Cpts and
Args. Appling Bayes law to the previous equa-
tion gives:

argmax
W

P (AjW;Tags)P (W jTags) (2)

Furthermore, assuming that the previous ut-
terance has no inuence on the acoustic features,
we get:

argmax
W

P (AjW )P (W jTags) (3)

P (W jTags) represents the interlingual repre-
sentation dependent language model. As many
Tags and combinations of the SA, Cpts and Args
cause a the data sparse problem, the following
approximations are introduced.

1. Only the SA and Cpts tags are used for
modeling, as Args tags cause data sparse-
ness. Cpts tags can cover the information
that Args tags have.

2. When multiple meaning units are assigned
to one utterance, only the �nal unit is used.
for considering the biggest contribution of
the �nal one of the next utterance.

3. The next utterance can depend on only one
tag.

4. In some cases, the next utterance does not
depend on the previous utterance. There-
fore, we add the new tag � to the tag set to
represent this case.

When above approximations are introduced,
Tags can be expressed as follows:

Tags = fSA;Cpts1; Cpts2; :::; Cptsi; �g (4)

From now, we denote tag as an element of
Tags.
In equation(3), we de�ned our problem is to

�nd word sequence and tag with maximum like-
lihood. We can express equation(3) as follows:

argmax
W;tag

P (AjW )P (W; tagjTags) (5)

The equation(5) can be rewritten as follows:

argmax
W;tag

P (AjW )P (tagjTags)P (W jtag; Tags)

(6)
The approximation that the e�ect of tag is in-

dependent from tag set Tags gives the next equa-
tion.

P (W jtag; T ags) = P (W jtag) (7)

Applying above equation to equation(6) gives
the following equation:

argmax
W;tag

P (AjW )P (tagjTags)P (W jtag) (8)

Furthermore, we assume that the probability
with which tag is selected is always the same.

P (tagjTags) = Const (9)

Finally, equation(3) is approximated by the
following equation:

argmax
W;tag

P (AjW )P (W jtag) (10)

Equation(10) contains both the tag dependent
as well as the tag independent (if tag = �) lan-
guage model. For speech recognition, the model
�xed from tag and word sequence W which give
maximum likelihood are selected.



3 CREATION OF THE TAG DEPEND

LANGUAGE MODELS

The tag dependent language model using
equation(10) is created using language model
task adaptaion [3] thinking of each tag depen-
dency as task dewpendency. The same number
of tag dependent language models are created as
the total number of kinds of SA and Cpts tags.

4 SPEECH TRANSLATION FLOW

USING PROPOSED METHOD

Figure 2 shows the ow chart of a speech to
speech translation system applying the proposed
method. As shown in the Figure 2, Speaker A
talks �rst, then Speaker B, then again Speaker
A. In the �rst utterance of Speaker A, only the
tag independent language model is used, since no
previous utterance exists. Interlingual represen-
tation is extracted from the recognition result of
this utterance. This interlingual representation
is used for speech translation and its tags are
used for speech recognition of the following ut-
terance from Speaker B. For recognition of Spea-
ker B's utterance, a tag independent model and
multiple tag dependent language models based
on tags of the interlingual representation of Spea-
ker A's previous are used. The recognition result
that archieves maximum likelihood is selected.
For the next utterance of Speaker A, interlingual
representation tags of Speaker B are used.

5 EVALUATION

We evaluated the proposed method using the
word error rate in continuous word recognition.
Conditions of the experiments were as follows:

� Task : Hotel Reservation [4]

� Training set : 13,041 utterances

� Test set : 2,008 utterances

� Acoustic model : Gender depend, context
depend 1,400 states 5 mixture model

� N-gram : Word 2-gram

� Kind of tags : 9 SA tags and 11 Cpts tags

The tagging of the training set is performed
automatically [5], with an accuracy about 90%.
Table1 shows experiment results using tag de-
pendent language models and tag independent
model together. The �rst half of table shows

Speaker A

Speech 
Recognition

IF
Extraction

Speech 
Translation

Speech 
Recognition

Speaker B

Speech 
Recognition

IF
Extraction

Speech 
Translation

Speech
Wave

Speech
Wave

Speech
Wave

Figure 2. System Flow

the case when only one SA tag dependent lan-
guage model and the tag independent model are
used. The last half of table shows the case when
one Cpts dependent model and the tag indepen-
dent model are used. The bottom line shows
the case when all tag dependent models and the
tag independent model are used according to the
equation(10) as proposed in this paper. In the
table, "# Utterance" column corresponds to the
number of utterances used for evaluation. "De-
pendent" column corresponds to the recognition
results using tag dependent word 2-gram only,
"Independent" column corresponds to results us-
ing tag independent word 2-gram only. "Maxi-
mum" column corresponds to when we use both
dependent and independent model and choose
the result that gives maximum likelihood. In "#
Utterance" column, there are some utterances
without tags, these are �rst utterances of a dia-
log. Also, some utterances have only SA tag and
no Cpts tag. "Maximum" gives higher perfor-
mance than only the conventional tag indepen-
dent model in almost all cases. The proposed
method (bottom line) gives an error reduction of
about 6% (85.32 to 86.11).

6 CONCLUSIONS

In this paper, a new language model is proposed
for speech recognition in conversational speech



Table 1. Word error rates; upper half: one SA tag dependent language model combined with tag inde-

pendent language model combined; bottom half: one Cpts dependent model and tag independent model

combined. The bottom line shows the case that all tag dependent models and the tag independent are

used.

SA / Cpts tag # Utterance Independent Dependent Maximum Error Reduction
accept 84 85.80 84.61 86.12 2%
closing 86 87.55 86.49 88.22 5%

request-action 135 87.43 85.53 87.96 4%
acknowledge 104 82.70 80.58 83.05 2%
give-info 712 85.45 84.91 86.08 4%

request-info 490 82.97 82.27 83.37 2%
a�rm 106 86.74 85.23 86.87 1%

introduce-self 91 89.55 89.55 90.72 11%
verify-give-info 169 85.14 82.51 85.40 2%

availability 79 80.82 81.55 82.58 9%
change 74 88.34 88.84 89.25 8%
features 358 83.48 81.92 83.75 2%
location 25 77.23 76.57 80.20 13%
name 93 82.22 83.29 86.28 23%

numeral 35 90.98 90.74 91.92 11%
payment 70 89.43 90.50 91.21 17%
preference 69 82.58 81.06 82.34 -1%

price 86 84.97 84.13 84.90 -0%
reservation 163 83.64 81.27 83.95 2%

telephone-num 68 89.99 88.47 90.60 6%

All tags 2008 85.32 84.21 86.11 6%

translation. In the proposed method, the tags
of the interlingual representation of the previous
utterance are used to represent dependency of
previous utterance. Through experiments, it has
been con�rmed that the proposed method can
reduce the word error rate by about 6%.
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