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ABSTRACT

This paper proposes a continuous speech recognition

strategy that uses acoustic non-uniform unit based

Hidden Markov models and stochastic language mod-

els. The non-uniform units consist of phoneme units

and long-units which cover contiguous phonemes. The
long-unit is introduced to cope with more fluent acous-
tic characteristics which frequently occur in target

speech, and this unit is also used as a non-uniform

unit n-gram model for transparency in the integra-

tion of acoustic and linguistic processing. Phrase

recognition experiments have shown the non-uniform

units to be effective in achieving an error reduction

rate of 11% compared with conventional context-

dependent phone models, and by adding a non-

uniform trigram the error reduction rate becomes

27%, showing the effectiveness of this strategy.

1. INTRODUCTION

Precise acoustic modeling is one of the most impor-
tant techniques utilized to get high performance for
continuous speech recognition. Among them, context-
dependent phone modeling which takes into account
the immediate left and right neighboring phoneme
contexts is widely used[1]{2]. Though this model re-
quires more computations and a larger memory, it
achieves higher performance than context-independent
phone models. However, this model still does not
sufficiently capture acoustical features for highly co-
articulated long sections, and it needs to consider
longer phoneme contexts rather than this context-
dependent phoneme such as a triphone model for
precise modeling. Furthermore, the computations re-
quired become too numerous and prevent all phone
models including longer contextual information from
being generated automatically.

Addressing this problem, we proposed an algo-
rithm for context-independent long-unit models us-
ing acoustical and linguistical characteristics of a recog-
nition task[3], and are developing context-dependent
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models to get higher performance.

Likewise, stochastic language models such as tri-
grams are also important to achieve higher perfor-
mance. With an acoustic model and n-gram model[4]
it is desirable for their units to be the same, be-
cause then the search strategy such as beam cutting
or likelihood comparison becomes clear, and there
is transparency in integrating acoustic and linguistic
processing.

Based on these issues, we propose speech recog-
nition using context-dependent hidden Markov mod-
els (HMMs) and a linguistic trigram based on non-
uniform units consisting of long units and phoneme
units. The long-unit model was generated using tran-
scription data and acoustic data. Phrase recognition
experiments have shown the non-uniform units to be
effective in achieving an error reduction compared
with conventional context-dependent phone models,
and by adding the non-uniform trigram further error
reduction is achieved.

2. SYSTEM WITH NON-UNIFORM
BASED ACOUSTIC AND LANGUAGE
MODELS

A speech recognition system with non-uniform based
acoustic and language models was developed using
an HMM-LR method[5]. It’s system configuration
is shown in Figure 1. The terminal symbols in the
context-free grammar (CFQG), which is presented in
LR format, involve phoneme and long-unit symbols.
The LR parser predicts the unit to be processed in
a left-to-right manner by using the LR table. The
acoustic non-uniform model also consists of phoneme
and long-unit HMMs. The verifier checks if an ap-
propriate long-unit HMM exists and if so directly
calculates its HMM likelihood. If none exists, the
translation table which describes which smaller units
have to be used is looked up[6]. The trigram model is
generated from a text database described using non-
uniform units. The verifier calculates likelihoods to
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Figure 1: Continuous speech recognition system with non-uniform based acoustic and language models
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Figure 2: Generation flow of non-uniform models

get N-best solutions. Total likelihood (L;) obtained
using acoustic likelihood (L,) derived from HMMs
and linguistic likelihood (Z;) from the trigram model
is calculated as follows in the verifier:

Li=(1-A)Ls+ AL,
where A is the trigram weight.

A common Japanese sentence consists of several
phrases, each of which typically includes a content
Many morphemes
“e”  “0”, or “ni”.
At present, the long-unit HMMs covering these con-
tiguous morphemes or words are not applicable to
inter-word likelihood calculation because of CFG re-
strictions.

word and optional morphemes.
consists of one syllable such as

3. NON-UNIFORM ACOUSTIC AND
LANGUAGE MODELS

The flow for generation of non-uniform models is
shown in Figure 2. Text data and speech data for ini-
tial training, adaptation, and development are used
in the modeling. The original transcription text data
written with phoneme symbols is transformed into a
text with context-dependent phoneme symbols, for
instance, phoneme sequence a-k-a-i is transformed
to Lo/a/Ro-L1/k/Ri-LofafRe-L3/i/Rs, where L,
is the n-th set of preceding phonemes, and R, is the
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m-th set of succeeding phonemes. Then, Lg includes
phoneme /k/ and silence, and Ry does /i/. These
context phoneme sets are automatically decided from
the hidden Markov network (HMnet)[7]. The HM-
net is a highly generalized form of the HMM and
incorporates context-dependent variations of phones
and state sharing among different allophones. For
simplicity of explanation, phoneme symbols are used
instead of context-dependent phoneme symbols here-
after.

In the text data, every neighboring pair unit {(e.g.,
/k/ and /a/) having a high occurrence frequency
has the possibility of becoming the long-unit (e.g.,
/ka/), and one pair is selected. Minimum entropy is
another criterion to select the long-unit candidates.
The text data is rewritten using this new long-unit,
and this selection process is continued recursively.
The selected long-unit symbols are used in CFG ex-
pressions and in the trigram, whether or not there
are corresponding acoustic long-unit models.

The initial model for the long-unit is given by
concatenating phoneme HMMs extracted from the
HMnet. The long-unit models are adapted on this
initial model by using the adaptation data of each
speaker. This procedure is shown in Figure 3.

The likelihood using the long-unit HMMs is cal-
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culated on the development data. The likelihood us-
ing the phoneme models, which are also adapted us-
ing the same adaptation data, corresponding to the
long unit is also calculated. If the likelihood for the
long-unit HMM is higher, this long-unit HMM is reg-
istered as one of the non-uniform HMMs. If not, this
unit is not adopted as a new acoustic model, and the
context-dependent phone model is used in the recog-
nition system.

4. RECOGNITION EXPERIMENTS

Speaker-dependent continuous speech recognition ex-
periments were carried out using phrase-by-phrase
speech uttered by two male speakers. The speech
analysis conditions are shown in Table 1. The feature
parameters were power, delta log-power, 16-order
LPC cepstra, and 16-order delta LPC cepstra. The
LR grammar included 1,035 words and its phoneme
perplexity was 5.9.

The experiments compared the following three
methods: (1) a conventional method using context-
dependent phoneme HMMs (uniform model), (2) the

Table 1: Analysis conditions

Sampling rate 12 kHz

Window Hamming window (20 ms)
Frame period 5 ms
Analysis log power + 16-order LPC-Cep +

Alog power + 16-order ALPC-Cep

HMMs, and (3) the proposed method using context-
dependent non-uniform HMMs and non-uniform unit
trigram models.

Data sets for the training and test are shown in
Table 2. Important common Japanese words were
used for initial training of the HMnet. The utter-
ances in the adaptation data, development data and
test data were different, and the topic of each data
set was conference registration.

At the beginning of the non-uniform model gener-
ation process, one hundred context-dependent long-
unit symbols, which were candidates for the long-
unit acoustic model, were selected using the text
data based on the higher occurrence frequency crite-
rion. The minimum entropy criterion was also tested
to select the long-unit candidates, however, it was
found that there were no significant differences. The
non-uniform unit based trigram was interpolated us-
ing bigram, unigram, and zerogram[8]. The trigram
weight A was 0.4.

Speaker- and context-dependent non-uniform HMMs

were generated as follows. First, an initial speaker-
dependent HMnet was generated with 2,620 isolated
words uttered by one male speaker, MHT. This HM-
net had 600 states, and each state had one mix-
ture of Gaussian distribution. The initial models
for the log-unit were made by concatenating each
extracted context-dependent phoneme model. The
supervised adaptation using 749 phrases to gener-
ate the long-unit model was carried out using Vector
Field Smoothing (VFS)[9]. VFS deals with the adap-
tation of mean vectors and variances of Gaussian
distributions in continuous mixture density HMMs
using a smoothing technique. Each long-unit model
did not share the state of the HMnet any longer. The
HMnet for the phoneme models was also adapted
with the 749 phrases. Using 354 phrases for each
speaker, the summation of likelihood derived from
each adapted long-unit model (e.g., /ka/) on its ap-
plicable speech sections and that from sequential
phoneme models (e.g., /k/ and /a/) in the HM-
net were compared to select the long-unit acoustic
models finally. Consequently, the number of gener-
ated long-unit HMMs were 67 and 72, and the aver-

proposed method using context-dependent non-uniform  aged phoneme length were 2.6 and 2.7, not including

EUROSPEECH ’95, Madrid, Spain, September 1995 1621



Table 2: Data for training and test

text data speech data test speech
initial trainingl a.daptationi development
amount [| 93,136 phrases 2,620 words 749 phrases | 354 phrases || 275/277 phrases
speaker n/a MHT MHT, MAU | MHT, MAU MHT/MAU

Table 3: Phrase error rates for each method

rspea.ker / method || (1)phoneme HMM | (2)non-uniform HMM

{3)non-uniform HMM and non-uniform trigram I

MHET 7.2%(0.7%) 6.5%(0.7%) 5.8%(0.7%)
MAU 12.3%(1.1%) 10.8%(0.7%) 8.3%(1.1%)
[ average | 9.8%(0.9%) ] 8.7%(0.7%) I 7.2% (0.9%) j

Parentheses show the error rate for the top-2 candidates.

the preceding and succeeding phonemes, for speaker
MHT and speaker MAU, respectively.
Speaker-dependent phrase recognition experiments

were carried out using 275 phrases for MHT and
277 phrases for MAU. The generated long-unit mod-
els were not applied to inter-word likelihood calcu-
lations. Results for each method and each speaker
are listed in Table 3. In experiment (1), the HM~
net was uased as a context-dependent phone model
whose corresponding position is indicated as (1) in
Figure 2. The recognition experiments showed that
the non-uniform units achieved the error reduction
rate of 11% (9.8% — 8.7%) compared with the con-
ventional context-dependent phone models, and that
by adding the non-uniform trigram the error reduc-
tion rate became 27% (9.8% — 7.2%). These results
show that a non-uniform unit based recognition ap-
proach is useful for achieving higher performance.

5. CONCLUSION

This paper described a speech recognition strategy
using non-uniform unit HMMs and a non-uniform
unit stochastic language model. The non-uniform
units consist of phoneme units and longer units, which
are generated automatically using text data and
speech data. According to speech recognition exper-
iments, the performance using non-uniform context-

dependent HMMs is better than that of uniform context-

dependent phoneme HMMs. Furthermore, the non-
uniform based trigram model achieves higher perfor-
mance, showing the effectiveness of our approach. At
present, speaker-independent acoustic modeling us-
ing non-uniform units and a speaker-mixture method
is developing.

EUROSPEECH ’95, Madrid, Spain, September 1995

ACKNOWLEDGMENT

The authors would like to express their apprecia-
tion to Dr. Yoshinori Sagisaka, ATR Interpreting
Telecommunications Research Laboratories, for his
invaluable guidance.

REFERENCES

[1] Schwartz, R., et al.: “Context-dependent model-
ing for acoustic phonetic recognition of continuous
speech,” Proc. ICASSP-85, pp. 451-454, 1985.

[2] Gauvain, J., Lamel, L., and Adda, G.: “The
LIMSI continnous speech dictation system: Evalua-
tion on the ARPA Wall Street Journal task,” Proc.
ICASSP-94, pp. 1-557-1-560, 1994.

[3] Matsumura, T., and Matsunaga, S.: “Towards non-
uniform unit HMMs for speech recognition,” Proc.
IVTTA 94, 6.2, pp. 89-92, 1994.

[4] Bahl, L., Jelinek, F., and Mercer, L.: “A maximum
likelihood approach to continuous speech recogni-
tion,” IEEE Trans. PAMI, 5(2), pp. 179-190, 1983.

[5] Tomita, M.: “Efficient parsing for natural language:
a fast algorithm for practical systems,” Kluwer Aca-
demic Publishers, 1986.

[6] Singer, H., Takami. J., and Matsunaga, S.: “Non-
uniform unit parsing for SSS-LR continuous speech
recognition,” JCASSP-94, pp. 11-149-11-152, 1994.

[7] Takami, J., and Sagayama, S.: “A Successive State
Splitting Algorithm for Efficient Allophone Model-
ing,” ICASSP-92, pp. 573-576, 1992.

[8] Jelinek, F., and Mercer, L.: “Interpolated estima-
tion of Markov source parameters from sparse data,”
in Pattern Recognition in Practice, North-Holland
Publishing Company 1980.

[9] Ohkura, K., Sugiyama, M., and Sagayama, S.:
“Speaker Adaptation Based on Transfer Vector
Field Smoothing with Continuous Mixture Density
HMMs,” Proc. ICSLP92, We.fPM.1.1, pp. 369-372
1992.

1622



