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ABSTRACT

In the coming 21st century, the demand for global
communications among speakers of different languages is
expected to grow, and consequently, speech translation
technologies will be indispensable for such global
communications.  Based on this reasoning, research on speech
translation technologies has been progressing for about 20 years
at Advanced Telecommunications Research Institute (ATR) in
Japan and a part of these technologies are entering into the stage
of practical use.  The paper describes the research activities of
speech translation technologies at ATR Interpreting
Telecommunications Research Labs, and future research plans of
ATR Spoken Language Translation Research Labs.

1. INTRODUCTION

In the coming 21st century, the demand for global
communications among speakers of different languages is
expected to grow, and consequently, speech translation
technologies will be indispensable for such global
communications.  Based on this reasoning, research on speech
translation technologies has been progressing for about 20 years
in Japan.  At the beginning of these efforts, NEC Co. Ltd. gave a
demonstration of a prototype speech translation system at
Telecom’83, and ATR Interpreting Telephony Research
Laboratories developed a speech translation system (ASURA)
and conducted international speech translation experiments with
the system in collaboration with Carnegie Mellon University
(CMU), among others.  Triggered by these research activities or
in parallel with these, several speech translation projects were
started at that time and some research institutes such as CMU,
SRI, AT&T, KDD, ETRI, and Korean Telecom (KT) developed
their own speech translation systems for various target pairs (e.g.,
JE, EJ, etc.).

Through the above-mentioned research activities, various
findings were obtained on speech translation technologies as
follows:  (1) The structures of spoken languages are different
from those of written languages, and consequently, speech
translation systems able to translate naturally spoken dialogues
cannot be built merely by combining conventional speech
recognition, machine translation, and speech synthesis modules.
(2) For speech recognition, we must develop technologies
enabling the recognition of natural conversational speech, not
read speech from written texts.  Utterances in naturally spoken
dialogues typically involve a different means of articulation from
read speech and their features can vary from various factors such
as the speech rate.  Some words and phrases in natural spoken
dialogues are also pronounced differently at times.   (3) For
speech translation, we must tackle problems inherent in spoken

language translation such as how to handle ungrammatical
expressions, and how to process contextual expressions.
Utterances made in natural conversations contain many ellipses,
fragmental expressions, and ungrammatical expressions such as
hesitations and restarts, and grammars developed for text parsing
cannot be adequately adopted for expressions in natural spoken
dialogues.

ATR Interpreting Telecommunications Research Laboratories
(ATR-ITL), which was established in 1993 to develop translation
technologies for spoken dialogues by solving the above-
mentioned technical problems, adopted corpus-based speech
translation technologies.  During the project, ATR-ITL created a
large bi-lingual parallel corpus and conducted research on
corpus-based speech translation technologies, assuming that
conventional rule-based technologies are not completely
satisfactory because utterances in natural conversations cannot
be regulated with manageable amounts of simple rules alone.
The bi-lingual parallel speech corpus that was put together, i.e.,
the Spoken Language Data Base (SLDB), was used to develop
example-based language translation technologies.

It is difficult to collect a large corpus of spoken dialogues in a
framework involving human translators translating every
utterance.  Therefore, in parallel, ATR-ITL collected utterances
of speakers of the same language for conversations in the same
domain.  The speech corpus, that was put together, i.e., the
Speech Data Base (SDB), was used to develop speech
recognition technologies capable of accepting utterances in
naturally spoken dialogues.

By combining the above-mentioned component technologies
and some other technologies such as corpus-based speech
synthesis technology, ATR-ITL developed English and Japanese
bi-directional speech translation system and evaluated its
performance from various viewpoints.

This paper describes research activities of corpus-based speech
translation technologies at ATR-ITL and future research plans of
ATR Spoken Language Translation Research Labs, which was
set up in January of this year to succeed ATR-ITL and to extend
the contribution of ATR-ITL.  Section 2 describes Transfer
Driven Machine Translation (TDMT) as an example of a
language translation technology using a parallel corpus.
Section 3 describes speech translation technologies and section 4
mentions an interface technology that connects a speech
recognition module and a language translation module to resolve
the gap between these modules.  Section 5 briefly describes
corpus-based speech synthesis technologies.  Section 6
introduces a bi-directional Japanese and English speech
translation system, as an example of a cutting edge speech
translation technology and explains an evaluation of this system
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from various viewpoints.  Section 7 describes future research
plans of ATR Spoken Language Translation Research Labs.
Section 8 concludes this paper.

2. LANGUAGE TRANSLATION
TECHNOLOGY

Spoken utterances generally contain more ellipses and
fragmental expressions than the corresponding written language.
Although these expressions, such as ellipses, inversions, and
topicalized phrases, maybe grammatically incorrect, they are a
natural part of the spoken dialogues.  Recent machine
translation technologies, which have mainly been aiming at the
handling of written texts, have primarily been based on the
analytical linguistic approaches.  These analytical methods,
however, have not been satisfactory in translating various
expressions appearing in spoken dialogues.

ATR-ITL employed an example-based machine translation
method that required a large number of translation examples.
Here, the translation example that most closely matched the
input expression to be translated was either used as is, or was
used with some modification.  Actually, example-based
machine translation is effective in handling a wide variety of
speech translation problems, if a huge parallel corpus can be
collected for the target domain.  However, it is generally
difficult to collect a huge parallel corpus for spoken dialogues.

In order to address this issue, ATR-ITL developed Transfer-
Driven-Machine-Translation (TDMT) technology, which
integrates both examples and rules in a common framework. (1)

TDMT analyzes an input expression into several patterns and
calculates the similarity for a sentence pattern or a phrase pattern
using the nearest-matching method with a thesaurus.    That is
to say, the input expression is analyzed into several structures (or
patterns) in order to match  translation examples efficiently, and
if there is no exactly matching expression among the translation
examples, the nearest-matching method is used to find the
closest-matching translation example by measuring the intuitive
semantic conceptual distance of the linguistic expression.

Figure 2 shows an example of translation carried out with TDMT.
A pattern is defined as a sequence consisting of variables such as
(noun X – particle-ni – verb Y) and (verb X – auxiliary verb Y).
TDMT selects the most semantically similar target patterns, and
then, translates parts of the input expression by using the patterns.
Exactly matching examples or examples selected with the
nearest-matching method are used to construct a full translated

sentence.

Parts of utterances are often omitted in languages such as
Japanese, Korean, and Chinese.  In contrast, many Western
languages such as English and German do not generally permit
the omissions of parts.  Accordingly, such ellipses must be
resolved in order to translate the former languages into the latter.
ATR-ITL developed a method of ellipsis resolution using a
decision tree.  “I” in a parenthesis in Figure 2 shows such an
example decided with the decision tree.

3. SPEECH RECOGNITION
TECHNOLOGY

Continuous speech recognition makes use of the following
fundamental component technologies, as shown in Figure 3, (1)
the training of acoustic models using a large speech corpus, (2)
the determination of linguistic constraints from language
corpuses, and (3) efficient search among word candidates.
Large vocabulary continuous speech recognition technology has
mainly been developed for dictation for which comparatively
huge corpuses (such as newspapers published over several years)
are available.  In contrast, corpuses for spoken dialogues are
small and this is one of the reasons for the difficulty in training
acoustic models and language models.

ATR-ITL conducted research on the following technologies in
order to overcome the sparseness (i.e., small size) of the corpus.

  嘋 verb-乮chronic use丒auxiliary verb乯
-auxiliary verb                   

 

嫵偊偰 偔偩偝偄 
(Oshiete kudasai) 

Please tell 
me 
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Figure 2:  Transfer Driven Machine Translation
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3.1.  Acoustic Modeling

Hidden Markov Models (HMMs) have been very widely used
for acoustic modeling in speech recognition.  The automatic
design and training of HMMs are key issues for building a robust
context-dependent speech recognition system using only a small
number of parameters.
ATR-ITL developed maximum-likelihood successive state
splitting techniques (ML-SSS) to achieve effective modeling
with a limited number of parameters. (2)  This method enables
exact factor-related modeling (e.g., of speaker variance)
independent of other factors encountered in the training speech
corpus (e.g., speaker variance).  ATR-ITL also developed a
parameter retraining scheme to feed back all recognition error
characteristics to the HMM models.

Variations in acoustic characteristics between speakers form one
of the most difficult problems in speech recognition.  To address
this problem, ATR-ITL developed a tree-structured speaker-
clustering technique to use the constraints on speaker
characteristics more efficiently.  In the training stage, speaker
clusters are structured in a tree-format by measuring the
similarities of acoustic characteristics between speakers in the
training data, starting from a single speaker-independent model.
In the recognition stage, this tree is then followed from top to
bottom and the most appropriate model is chosen through
likelihood comparisons of models at each level.

3.2.  Language Modeling

Word N-grams have been widely used as linguistic constraints to
reduce search efforts in continuous speech recognition.  It is
difficult, however, to construct reliable conventional word N-
grams for spoken dialogues because of a small speech corpus
volume.   ATR-ITL developed multi-class composite N-grams
by extending word class N-grams while considering the Japanese
language structures. (3)  Figure 5 shows an example of multi-
class composite N-grams.  These N-grams classify word classes
with forward connectivity and backward connectivity.  Multi-
class composite N-grams can give efficient language constraints
even if the size of the corpus put together is small like a spoken
dialogue corpus.

4. ROBUST INTERFACE BETWEEN
SPEECH PROCESSING AND

 NATURAL LANGUAGE PROCESSING

Speech recognition and machine translation technologies have
been studied independently, and therefore, large gaps have
emerged between the foundations and assumptions of both
technologies.  For example, conventional machine translation
assumes that input expressions are grammatical sentences, but
this assumption sometimes fails for speech translation.  For
instance, an utterance unit divided with pauses may not always
correspond to a sentence unit and the output from the speech
recognition module may have some recognition errors.  In
consideration of this, ATR-ITL developed some technologies for
robustly interfacing speech recognition with language
translation.

4.1. Method of dividing utterances into
meaningful chunks

The utterance units that serve as input to a speech translation
system for handling spontaneous speech are not always
sentences.  However, the processing units of language
translation are sentences.  To resolve this problem, ATR-ITL
proposed a method of transforming utterance units into
meaningful chunks based on pause information and the N-grams
of fine-grained part-of-speech subcategories. (4)

4.2.  Partial Translation

The conventional machine translation technology assumes that
input expressions are grammatical sentences.  Therefore, if the
parsing process does not totally succeed for an input expression,
in other word, if it fails for some parts of the input expression, no
translation is output.  Spoken dialogue expressions are not
always grammatical and the speech recognition module may
sometimes perform erroneous recognition and output an
ungrammatical expression as a result.  One of the most
important requirements for speech translation is real time
processing.  It is not a good idea to ask speakers to repeat an
utterance until the system is able to parse the input expression
successfully.  As a solution for this, partial translation
technology accepts speech recognition results with recognition
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for each state

Change of distributions

Figure 4 : Maximum-Likelihood Success State
Splitting (ML-SSS) Technique
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errors and translates only reliable portions.(5)

Figure 6 shows an example of this method.  The utterance of
“He says the bus leaves Kyoto at 11 a.m.” is mis-recognized as
“He sells though the bus leaves Kyoto at 11 a.m.”  The structure
above the words is a parsed tree with TDMT and each numerical
figure near a node shows the semantic distance.  The semantic
distance between the phrase “sells though” and the remaining
phrase is 0.4.  This hypothetical structure is partially pruned
because the semantic distance is larger than the threshold.

Finally, a constituent of “the bus leaves Kyoto at 11 p.m.” is
selected and the equivalent Japanese, i.e., “basu ha Juuichi jini
Kyoto wo shuppatsusimasu”, is generated.

The above partial translation technique may take away some
information from an input utterance.  However, if a deleted
portion contains important information, a speaker can simply
make a question or ask the other side to repeat.  The partial
translation technique principally keeps translated portions to be
of a better translated quality and this feature can make the
communications between people of different languages more
easily understandable.

5. SPEECH SYNTHESIS TECHNOLOGY

Speech translation technologies presently require text-to-speech
synthesis to synthesize various expressions, but the synthetic
voice quality of text-to-speech is not satisfactory in comparison
with that of pre-recorded material.  Since the foundation of
ATR-ITL, corpus-based approaches, which originated from
pioneer research at ATR Interpreting Telephony Research Labs,
had been applied to speech synthesis to create output voice of a
better quality. (6)  For its part, ATR-ITL developed a corpus-
based speech synthesis method called CHATR to algorithmically
extract speech units from a large phonetically transcribed and
prosodically tagged speech corpus, using objective measures
based on acoustic and prosodic criteria. (7)  The phonetic and
prosodic environments of the unit speech segments and their
precise locations in the corpus are automatically determined
through the selection process.  Optimal units matching the input
text specifications for the desired speech sequence are then
selected from the speech database and concatenated to generate
the target speech output.

CHATR does not apply any signal processing, assuming that
speech segment waveforms are usually very close to the required
speech specifications.  Figure 7 shows a schematic diagram of
CHATR.  At the first step, prosody information such as the

power and fundamental frequency is determined by analyzing
the input text.  The unit selection process then successively
chooses adequate waveform units from a large corpus,
calculating the weighted distances of the unit distances between
the target values and those of the selected units and the
continuity distances of successive units. The resulting speech
signal closely preserves the voice characteristics and speaking
style of the original speaker and is of a high quality, when the
task is limited and prosody variations are relatively small.

6. SPEECH TRANSLATION SYSTEM
AND ITS EVALUATION

ATR-ITL, by integrating the above-mentioned technologies,
developed a bi-directional English and Japanese speech
translation system called ATR Multilingual Automatic
Translation System for Information Exchange, or ATR-MATRIX,
which can translate spoken dialogues, in order to evaluate the
feasibility of speech translation. (8)

ATR-ITL conducted various experiments to evaluate the
feasibility of speech translation by using ATR-MATRIX.
Experimental results were analyzed from the following two
viewpoints; (1) How well communications could be conducted
with the system? and (2) How well each utterance could be
translated?  The following is a summary of the evaluation
results.

6.1  How well communications could be
conducted with the system?

Besides the translation accuracy for each utterance, the
performance for supporting dialogues between speakers of
different languages, were affected by many parameters such as
the user interface of the system, processing speed, user behaviors,
user attitudes towards the system or his/her partner.

Considering this, ATR-ITL carried out real conversation tests to
evaluate the availability of speech translation technologies for
supporting communications between speakers of different
languages.  It was made possible for each speaker to see the
other speaker via a commercial TV conference system.  The
voice transmission part of the TV conference system was
disabled, making it impossible for one side to hear the direct

Figure 6: Partial Translation
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voice of the other side.  Each speaker could interrupt whenever
he/she wanted to speak.

The evaluation tests for this involved simulating conversations
between an English speaker and a Japanese traveler wanting to
reserve a hotel in English.  In the tests, a non-expert English
speaker was cast for the hotel clerk side and, for the guest side, a
Japanese speaker unfamiliar with the system was employed.
The average subjective score was 3.8 on a five-point scale
between 1 to 5, meaning that the speaker could most acceptably
achieve the task. (9)

6.2  How well could each utterance be
translated?

The translation quality is conventionally evaluated with
subjective measures, such as four grades for the text translation.
The mean opinion score (MOS) is usually used in subjective
evaluations as a comparison measure for various methods or as a
measure of improvement.  The MOS, however, can vary
depending on various factors, such as a change of subjects, and
therefore requires a large number of subjects to get a stable score,
or some anchors when the number of subjects is small.

ATR-ITL developed a new subjective evaluation measure in
which translation results by various non-natives are adopted as
anchors and the translation quality is pair-compared against them.
This pair-comparison method gives a more stable score in
comparison with conventional subjective evaluation measures
such as four grades.

Various utterances were translated with ATR-MATRIX and some
non-natives of English, and their translation results were pair-
compared by English natives.  The English communication
abilities of the non-natives of English were evaluated with their
TOEIC (Test for English Communication) scores.  Figure 8
shows the evaluation results.  The straight line is a regression
line of scores of ATR-MATRIX for each non-native (in this case
Japanese) with a different TOEIC score.  As clearly shown in
the figure, the speech translation results of ATR-MATRIX are
roughly equivalent in quality to those of a Japanese person who
scores 500 to 600 points on the TOEIC, even though the domain
available with the system is limited. (10)

In Figure 9, the dotted line shows the cumulative distribution of
entropy of various utterances in the domain and the solid lines
show the superiority of the translation quality of ATR-MATRIX
to that of the non-natives as defined by the following formula.

Superiority = (number of ATR-MATRIX ratings) + (number of equal ratings)/2
          (�umber of human ratings) + (number of equal ratings)/2

As clearly shown in the figure, ATR-MATRIX is superior to
even humans with over 700 TOEIC scores when the entropy of
the input utterance is low.  In contrast, ATR-MATRIX is inferior
to even humans with under 400 TOEIC scores when the entropy
of the input utterance is high.  This result is believed to be
caused by two reasons.  One is that the recognition accuracy is
low for an utterance with a high entropy.  The second is that the
selection of patterns is likely to fail for an expression with a high
entropy, because of a large numbers of combinations of activated
patterns and examples and because it is difficult to distinguish
with the similarity measure in TDMT.
On the contrary, the selection of patterns is not complicated for
an expression with a low entropy because of the small numbers
of combinations of activated patterns and examples. Therefore,
the translation quality can be improved by storing more
examples in the corpus.

7. FUTURE RESEARCH PLANS

ATR Spoken Language Translation Research Labs (ATR-SLT)
was set up in January of this year to inherit the research activities
of ATR-ITL and to extend the contributions of ATR-ITL.
Considering the above-mentioned evaluation results, ATR-SLT
selected the following two research theme.

7.1.  Research on Task Portability

Language models for speech recognition are usually modeled in
N-grams, which are calculated from the large corpuses collected
in the respective domains.  Collecting a large corpus for spoken
dialogues, however, is time-consuming because already existing
corpuses, such as a newspaper corpus, are unavailable.  This
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fact complicates task portability of speech recognition module.

The selection of patterns and translation examples for each
pattern is crucial for example-based machine translation to give a
translation result of a high quality.  Such a selection, which
depends on the target task, is manually done at present.
Therefore, task portability for example-based machine
translation is more difficult than that for speech recognition
where machine learning is available if there exists a large corpus.

Task portability is crucial for the extensive use of speech
translation technologies.  Therefore, ATR-SLP has selected this
theme as one of its future works to be challenged.

7.2.   Research on Speech Translation for
Monologues

Research on speech translation technologies mainly focuses on
spoken dialogues.  This is the reason why the speech translation
of dialogues is one of the promising future applications; spoken
dialogues have typical speech features such as ellipses and
inversions and such features greatly differ from features found in
written languages.  Speech translation systems for spoken
dialogues can utilize features enabling speakers to intervene and
make questions when they do not understand the meaning of a
translated result.  On the contrary, speech translation systems
for monologues, such as news-broadcasts, lectures and talks do
not have such merits.  Therefore, these speech translation
systems should be made to have a better performance.  The
entropy of utterances of monologues is usually high and that
makes any speech translation of monologues more difficult, as
shown in the previous experimental results.

The speech translation of dialogues is conducted utterance-by-
utterance, meaning that each process such as speech recognition,
language translation, and speech synthesis, is conducted in serial.
This scheme cannot be adopted for the speech translation of
monologues because each utterance in the latter case has a long
duration and has long processing delays.  Therefore, a pipelined
processing scheme featuring short delays must be invented.

8. CONCLUSIONS

This paper described research activities on speech translation at
ATR-ITL and efforts to evaluate the performance of systems and
user behaviors towards the systems.  Owing to the past seven
years of basic research and the increase in computing power,
speech translation has become matured enough to be applicable
for some limited tasks/domains such as travel reservation.  The
author believes that speech translation technologies will now
start to enter the stage of practical use on a larger scale.  At the
same time, however, more experience on the practical uses of
these technologies will be necessary and more user opinions will
need to be collected for speech translation to become more
feasible and a valuable technology.
  
Speech translation technology is expected to be one of the key
technologies soon and international collaboration will be
indispensable for developing multi-lingual speech translation
systems.  ATR earlier set up the Consortium of Speech
Translation Advanced Research (C-STAR) to exchange
information on speech translation in collaboration with some

research institutes in other parts of the world.  At present,  the
number of C-STAR members is over 20 and various languages
such as English, Japanese, Korean, and other languages are being
studied.  The author believes that such activities are necessary
for the future development of speech translation technologies all
over the world.
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