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Abstract

This paper describes the use of syllabic duration con-
trol in vocabulary-free speaker-independent speech
recognition (i.e. phonetic typewriter) to significantly
reduce the frequency of insertion errors. The dura-
tion control algorithm used in this paper is applica-
ble to arbitrary unit length and is particularly effec-
tive when applied to mora-timed languages such as
Japanese speech. Experimental results show that syl-
labic duration control can reduce the frequency of in-
sertion errors, thus improving syllable accuracy from
47.7% to 75.6% and word accuracy from 19.5% to
41.7%. It has been also found that syllabic duration
control is more effective than phonemic duration con-
trol. A combination of syllabic duration control and
syllable bigram probabilities further improved sylla-
ble accuracy to 78.5% and word accuracy to 48.4%.

1 INTRODUCTION

One ultimate goal of speech recognition is the devel-
opment of a phonetic typewriter, i.e. speech-to-text
conversion. Such a typewriter would be able to con-
vert input speech into a text rather than simply find-
ing words closest to the input from a list of words.
This type of device would be very advantageous in a
variety of speech recognition applications, including
the recognition of spoken input of personal names,
proper nouns, and other arbitrary words. However,
this particular research topic has not been studied
much partly because of its high perplexity due to lack
of grammatical or lexical constraints. One possible
idea to cope with the potentially high error rates is
the use of multimodal input where the recognition re-
sult is displayed on the screen, checked by the user,
and corrected by hand. This mode would appear to
be advantageous particularly for Japanese language
since it has a relatively small variety of syllables and
is a mora-timed language with rhythm.

As for the stochastic language constraints in the
phonetic typewriter paradigm, Kawabata et al.[1]
showed that syllable trigram probabilities were ef-
fective with a speaker-dependent, discrete-HMM-
based system. Singer and Takami[2] used speaker-
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dependent context-dependent continuous HMMs for
the acoustic model to derive N-best syllable sequences
without using language models.

Our investigation presented here is based on the in-
corporation of syllabic duration control into speaker-
independent, context-dependent continuous HMMs
for the acoustic model. Syllabic duration control
is introduced to utilize the “mora-timed” property
of Japanese[3] to provide a timing constraint to the
speech recognition computation.

2 VOCABULARY-FREE
SPEECH RECOGNITION

2.1 Acoustic Model

To attain precise and robust acoustic modeling of
context-dependent phonemes, we used a three-level
tied structure[5] with tying on allophone environment
level, state level and distribution level. It is based on
the HMnet[4] network topology, and like it has 450
states and four mixtures. This model is a generalized
structure of HMM from a “tying” point of view. The
advantage of this structure is that a model with a
relatively small number of free parameters can repre-
sent a wide allophonic variation and -a large part of
likelihood calculation can be shared among different
HMM states.

2.2 Language Model

The Japanese language consists of approximately 100
native syllables and some additional imported sylla-
bles. Simple phonotactic constraints were used to
represent arbitrary sequences of Japanese syllables
and compiled to yield a hidden state network. Fig-
ure 1 illustrates the structure of the state network
which represents all context-dependent allophonic
variations. The syllabic nasal /N/, i.e. ‘A’ which ap-
pears at the bottom is not connected to the ‘silence’
input of left as the other syllables are. This is be-
cause it cannot appear at the beginning of words, and
that is one of phonotactic constraints. Each context-
dependent syllable is represented by some part of the
HMnet and the whole syllable network forms a single
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syllable: /ka/ ‘A

silence .
syllable: /ki/ ‘&*

syllable: N/ ‘A’

Figure 1: Syllable network

integrated HMnet. The Viterbi decoding algorithm
was used to find the optimal path.

As additional weak language constraints, syllable
bigram probabilities were introduced to probabilisti-
cally constrain the Viterbi paths. To train syllable
bigram probabilities, we used a Japanese dictionary
(containing approx. 50,000 words) which had been
maintained for a text-to-speech conversion use.

2.3 Duration Control Algorithm

To fully utilize the mora-timed property (i.e., rhyth-
mic constraint) of Japanese language, we focused
on a method of syllabic duration control. Figure
2 illustrates the duration control algorithm we used
in the Viterbi decoder. It is based on the partial
Viterbi paths weighted by probabilities given by pre-
defined duration distributions for phonemes. This al-
gorithm is quite effective in the “phonetic typewriter”
paradigm, although it does not give the optimal path
for the joint likelihood of HMM and duration. It is
also simple and computationally inexpensive.

The syllable duration is observed in the Viterbi de-
coding algorithm using a “time token” when hidden
state transitions occur across syllables. At each time
frame, the logarithmic HMM probability of each path
is calculated at each state, and then the path with the
largest accumulated log probability is selected from
merging paths in each state according to the Viterbi
algorithm. ,

Figure 2 illustrates the procedure for detecting the
partial Viterbi path duration. Suppose that there
are two partial Viterbi paths A and B which are to
be finally merged at time t,. State transition oc-
curs along path A from syllable S, to syllable S,,
at time tg, while another state transition sequence
occurs along path B from syllable S,,_ 1 to syllable
S, at time 5. Time tokens (i.e. time stamps) are
given at the transition across the syllable boundary,
i.e. path A has transition time token t5 and the ac-
cumulated log probability L(ty) at time ¢, and Path
B has time token ¢, and probability L(t;). The accu-
mulated log probabilities of both paths are calculated
by each frame in each state.

At a state where path A and B are merged at time
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ty, suppose path A is selected as the larger accumu-
lated likelihood, while path B is lost. The time token
holds the syllable boundary transition time ¢, along
the merged path. At time ¢, of transition timing to
the next syllable S, checking the time token g,
path A obtains syllable duration 7,, = t, — y for the
partial Viterbi path for syllable S,,. The logarithmic
probability, log Pp (7., ), for the observed duration is
calculated according to the predefined duration dis-
tribution model probability and added to the accu-
mulated log probability of the path at time ¢,,. Then,
the time token is cleared, and a new time stamp ¢,
is given to the token. Needless to say, the time to-
ken can be replaced by a counter which counts up the
intra-syllable state transitions and resets at syllable
boundaries.

Although this duration control procedure does not
guarantee the optimal Viterbi path from the view-
point of the joint likelihood of acoustic model and
duration control, it provides a number of advantages.
Unlike post-weighting to Viterbi syllable segmenta-
tion, this procedure applies syllabic duration control
during the entire Viterbi procedure. This duration
control method is applicable to arbitrary grammatical
levels such as phonemes, syllables, words, and others.
In addition, it can combine duration controls for two
or more kinds of units by simultaneously propagating
time tokens for each duration unit, e.g., phoneme and
syllable.

Here, the joint score of accumulated log probabili-
ties at the end of input speech is given by

10g Protar = »_log Py + aps »_log Pps
t t

+app Z log Ppp + ar, Z log Pr,,
t t

where Py denotes the HMM acoustic probability,
Pps the syllabic duration control probability, Ppp
the phonemic duration control probability, and Pj,
the language model probability. The coefficients apg,
app and oy are obtained from preliminary experi-
ments.

3 EXPERIMENTS

First, to compare duration control performances, syl-
labic duration control, phonemic duration control and
a combination of syllabic and phonemic duration con-
trol were experimentally evaluated. Second, the sys-
tem was evaluated with syllabic bigram probabilities
trained using either closed data or open data, and
with a combination of duration control and bigram
probabilities. Furthermore, as an additional experi-
ment, the performance of the phoneme synchronous
HMM-LR was evaluated to compare the trellis and
Viterbi calculations with duration control.
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Figure 2: Transition time propagation for duration control.

Table 1: Syllable perplexity of syllable network
equal probabilities bigram|bigram (test set excluded)

101.48 12.77 12.83

Table 2: Test set perplexity

equal probabilities bigram|bigram (test set excluded)
101.02 43.80 44.69

3.1 Experimental Setup

The feature parameters consisted of a 16-order LPC
cepstrum, a 16-order A LPC cepstrum and A log
power obtained by the analysis with 12kHz sampling
rate, 32-ms frame length and 8-ms frame shift.

To train the HMnet and to estimate duration dis-
tribution probabilities, we used half the words in
a set of 5,240 common Japanese words and a set
of 216 phonetically-balanced words uttered by eight
males and eight females. In this paper, the dura-
tion distributions were modeled by normal distribu-
tion functions which were statistically estimated from
the training data with phonemic labels.

The recognition performance was evaluated using
524 words out of the other half of the 5240-word set,
each uttered by four speakers (two males and two
females). The testing data contained a total of 3,106
phonemes. Recognition performance was evaluated in
terms of phoneme, syllable, and word accuracy rates,
and also in terms of phoneme insertion, deletion, and
substitution errors for full search on the network.

The perplexity of the network and testing data was
evaluated to check the language model performance.
Table 1 shows the syllable perplexity of the syllable
network, and Table 2 shows the test set perplexity.
“Equal probabilities” represents the case in which syl-
lables appear with equal probabilities. “Bigram” rep-
resents the use of syllable bigram probabilities where
69.7% of the testing words are included in the train-
ing lexicon and 3.65% of the training lexicon are in-
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cluded in the test set. “Bigram (test set excluded)”
represents the syllable bigram probabilities exclud-
ing the testing words from the training lexicon, i.e.
entirely “open” probabilities with no overlapping be-
tween training and testing word sets. It is observed
that the difference between the normal and open per-
plexities is small.

3.2 Effects of Syllabic and Phonemic
Duration Control

Table 3 shows the performances averaged over four
speakers in vocabulary-free speech recognition (1)
without duration control, (2) with syllabic duration
control, (3) with phonemic duration control, and (4)
with syllabic and phonemic duration control. In this
table, “likelihood combining weight” means a scaling
factor of logarithmic duration probability for combin-
ing with the acoustic likelihood. The accuracies for
(1) were exceedingly low due to a large number of
insertion errors. In (2), these errors decreased from
717 to 124 as a result of syllabic duration control,
and performance was significantly improved, with syl-
lable accuracy increasing from 47.7% to 75.6%, and
word accuracy increasing from 19.5% to 41.7%. The
CPU time in the case of syllabic duration control was
about 1.7 times that when duration control was not
employed.

In comparing the performance obtained with syl-
labic and phonemic duration controls, it finds the syl-
labic duration control performance is better. This
result supports the assumption that syllabic dura-
tion control is better suited to the characteristics of
Japanese mora rhythm than strict phonemic duration
control. For syllabic and phonemic duration control
(4), approximately the equivalent performance was
obtained as syllable duration control (2). Moreover,
the processing time (CPU time) of syllabic duration
control was roughly half that of phonemic duration
control.
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Table 3: Performance comparison of syllabic/phonemic duration control

Experiments phoneme | syllable | ~word |phoneme | phoneme| phoneme
o e . . . accuracy | accuracy | accuracy | insertion | deletion {substitution
= t
(a = likelihood combining weight) %] A ] errors errors errors
(1) without duration control 67.6 47.7 19.5 717 48 240
(2) syllabic duration control (aps = 10) 84.4 75.6 41.7 124 116 243
(3) phonemic duration control (app =6)| 79.1 63.8 29.1 206 166 219
syllabic duration (aps = 6) )
(4) + phonemic duration (app = 1) 84.1 75.0 41.4 158 107 229
[(5) HMM-LR [ 748 T 594 | 236 | 466 | 66 | 250 |
Table 4: Performance comparison of bigram and/or syllabic duration control
Experiments phoneme| syllable | word |phoneme |phoneme| phoneme
— Likelihood bini iocht accuracy | accuracy | accuracy | insertion | deletion |substitution
(e = likelihood combining weight) %] (%] (%] €ITOrS errors errors
(6) bigram (ar, = 16) 85.7 77.6 47.5 107 106 231
7) bigram (test set excluded, oy = 16 85.6 77.4 47.1 107 106 233
g 3 5
(8) sf%?g;;iu(rztmf §‘;§’ s=3) 863 | 785 | 484 88 110 227
L=

To compare the present syllabic duration con-
trol algorithm with an existing algorithm, we tested
vocabulary-free speech recognition on an HMM-LR
speech recognition system. The bottom row in Table
3 shows the performance of the HMM-LR method
(with a beam width of 100, (5)) with phoneme dura-
tion control in the level-building calculations in which
the trellis calculation is limited within the phoneme
duration range (minimum duration to maximum du-
ration). The Viterbi decoder with syllabic dura-
tion control (2) performed better than HMM-LR (5),
though HMM-LR performed better than the simple
Viterbi decoder (1), probably because of the simple
duration control mechanism in HMM-LR.

3.3 Syllabic Duration Control and Bi-
gram Probabilities

Table 4 shows performances with syllable bigram
probabilities (6) trained by the entire lexicon of words
including the testing words, and (7) trained by the
lexicon excluding evaluation words, i.e. open data,
and (8) with the combination of (2) and (6). From
the results of (6) and (7), it is found that syllable
bigram probabilities improve the performance. Fur-
thermore, the combination of duration control and
bigram probabilities (8) resulted in ever higher per-
formance of 78.5% for syllable accuracy and 48.4%
for word accuracy.

4 CONCLUSION

Syllabic duration control in vocabulary-free speech
recognition (i.e. phonetic typewriter paradigm) was
discussed.  The duration control algorithm em-
ployed is based on time-token propagation with
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arbitrary-length unit control capability. In speaker-
independent experiments, syllabic duration control
significantly reduced the frequency of insertion er-
rors and increased the syllable accuracy from 47.7%
to 75.6%. Word accuracy was also increased from
19.5% to 41.7%. Using both duration control and bi-
gram probabilities, even higher performance was ob-
tained, i.e. 78.5% syllable accuracy and 48.4% word
accuracies. This algorithm also performed better in
comparison with the phoneme-synchronous HMM-LR
algorithm with simple phoneme duration control.

Future work includes developing more precise dura-
tion modeling techniques (e.g., gamma distribution,
log-normal distribution, etc.) instead of the normal
distributions currently being used, using of linguis-
tic constraints longer than bigrams, and combining
vocabulary-free speech recognition with lexicon-based
speech recognition.
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