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Abstract

This paper describes a novel technique to exploit dura-
tion information for low resource speech recognition sys-
tems. Using explicit duration models significantly in-
creases computational cost due to a large search space.
To avoid this problem, most of techniques using dura-
tion information adopt two-pass and N-best re-scoring
approaches. Meanwhile, we propose an algorithm using
word duration models with incremental speech rate nor-
malization for the one-pass decoding approach. In the
proposed technique, penalties are only added to scores of
words with outlier durations, and not all words need to
have duration models. Experimental results show that the
proposed technique reduces up to 17% of errors on in-car
digit string tasks without significant increase in computa-
tional cost.

Index Terms: speech recognition, duration model, nor-
malized duration, decoding algorithm

1. Introduction

Hidden Markov models (HMMs) have been successfully
applied to automatic speech recognition due to its flexi-
bility and computational efficiency, though they have a lot
of disadvantages. One of such disadvantages of HMMs
is that they cannot model speech durations appropriately.
Although the hidden semi-Markov model (HSMM)[1]
which models state duration explicitly has been proposed,
HSMM is not widely used for speech recognition because
search space of the HSMM is significantly larger than that
of the HMM.

In the past few decades, much effort has been made
to model phoneme or word durations in order to improve
speech recognition performance. One of the difficult
problems in exploiting duration information is that it is
highly affected by speech rates. To cope with this prob-
lem, one way is to estimate speech rate of input speech,
and then to normalize duration or to adapt duration mod-
els. Duration modeling depending on speech rates is also
included in this approach. For instance, Gadde[2] esti-
mated speech rates for each speaker and re-scored N-best
results using normalized word duration models. Wang et
al.[3] constructed duration models for slow, normal, and
fast speech rates and used them during decoding in paral-
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lel. The other way is to extract duration information ro-
bust to speech rate. Ariu et al.[4] proposed to model dura-
tion ratio between neighboring syllables, aiming at can-
celing variation of speech unit duration associated with
speech rate. Based on an assumption that speech rate
is stable in an utterance, Zhao et al.[5] proposed speech
rate dispersion which represents variance of speech rate
of speech units in a hypothesis.

Most of the above approaches, except for [3], obtain
N-best candidates and re-score them using duration infor-
mation. However, for real time speech recognition sys-
tems with limited resources, algorithmic delay of N-best
re-scoring is not favorable. Hence, in this paper, we pro-
pose a novel technique to apply word duration models to
one-pass decoding algorithm. In our technique, speech
rate is estimated incrementally, and word duration mod-
els are adapted based on the estimated speech rate.

The paper is organized as follows. Section 2 intro-
duces the proposed duration method. Section 3 shows
experimental setups and results of the proposed duration
method, followed by the conclusions in section 4.

2. Word duration modeling and
normalization

2.1. Word duration model based on Gamma distribu-
tion

In this paper, we use words as speech units for the
duration modeling. As the word duration model, the
Gamma distribution is adopted because it is reported that
the Gamma distribution matches the shape of duration
histogram[1].

The Gamma distribution G(x) is expressed by the fol-
lowing equation:
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where x denotes duration of word w, u, and v, de-
note mean and variance of duration of word w, respec-
tively. By taking logarithm of the Gamma distribution,
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log-likelihood L(x) of the duration model is obtained by:
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2.2. Normalization of word duration

In order to normalize word durations x, a normalization
coefficient b is introduced. The coefficient b becomes
smaller as speech rate becomes slower. Log-likelihood
of the duration model of ith word w; with the normaliza-
tion coefficient b is calculated as follows:
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where |b] is Jacobian. Assuming that the coefficient b is
constant in a hypothesis w;.y, total log-likelihood for a
hypothesis wy. is obtained by:

L(z1.n;b) =N log |b] + Z ( i 1) log bx;
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As described in [6], the optimal coefficient b for the hy-
pothesis wy. in maximum likelihood sense is obtained
by differentiating L(z1.5; b) and setting the result to zero
as:
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resulting in
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If we adopt the one-pass decoding approach, how-
ever, it is not possible to obtain all word durations in a
hypothesis for a whole utterance during decoding. Hence,
the coefficient b is updated word-by-word by accumulat-
ing the numerator and the denominator in Eq. (7) incre-
mentally. The coefficient b; for the i-th word in a hypoth-
esis is calculated based on statistics of preceding 7 — 1
words as follows:
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Figure 1: The block diagram of decoder using the pro-
posed duration model.

where b; is set to 1. Using this normalization coefficients
b;, log-likelihood of the duration model of word w; is
calculated as follows:

2
L(z;;b;) =log|b;| + (u““ - 1) log bjx; — Y bix;
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Note that the normalization coefficient b; is calculated for
each hypothesis.

2.3. Decoding with Word Duration Models

Figure 1 shows a block diagram of a speech recognition
system using the proposed duration modeling technique.
This system has a word start detector and a word end
detector which detect starting and ending points of hy-
pothesis words, respectively. Each hypothesis holds start
time of the current word and a normalization coefficient
accumulators used in calculation of Eq. (8). Note that
hypotheses do not have to keep the word duration his-
tory. When a hypothesis detects the word end label of
the current word, duration of the word is calculated from
current time and word start time held in the hypothesis.
Then word duration likelihood is calculated by Eq. (9),
and penalty is added to the score of the hypothesis based
on the likelihood as shown in Fig.2. At the same time,
accumulators of the hypothesis is updated, and the nor-
malization coefficient is re-calculated for the next word
by Eq. (8).

In this paper, penalty p; for a word w; is calculated
from duration likelihood as follows:

0. L(wi;b;) > t,
(10)

where c is the penalty coefficient. By setting the threshold
t appropriately, penalties are added only to words with
outlier duration. Furthermore, in this technique, not all
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Figure 2: Decoding with word duration models.

words need to have duration models because words with
appropriate duration are not given penalties. Note that
zeros are added to the accumulators in Eq. (8) if a hy-
pothesis word does not have a duration model.

2.4. Training of duration models

Word duration models are trained in an adaptive training
manner as follows:

1. Initialize word duration models using the unnor-
malized word durations of the training data.

. Calculate duration normalization coefficient b by
Eq. (7) for each utterance in the training data using
the current duration model.

3. Update word duration models using normalized
word duration.

4. Repeat 2 and 3 until convergence.

3. Experiments
3.1. Experimental conditions

Experiments were conducted in three languages, i.e.
American English (enUS), American Spanish (esUS),
and Canadian French (frCA). Table 1 shows the number
of evaluation sentences. Evaluation data were recoded in
cars under idling (enon) and highway driving (hw) con-
ditions. All sentences in the evaluation data were 10 digit
strings with symbols such as ‘star’ and ‘plus.” The num-
bers of utterances used for evaluation are shown in Ta-
ble 1. Word loop grammars for each language were used
for decoding. Only digit words had duration models,
and duration models for symbols were not constructed.
Word boundaries of utterances in the training data were
obtained via Viterbi alignment of HMMs. Penalty coef-
ficients ¢ and ¢t as well as word insertion penalties were
optimized for each language.

2964

Table 1: The number of utterances in evaluation data

enUS | esUS | frCA
enon | 1200 1695 | 1466
hw 1197 1678 | 1482
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Figure 3: Histograms of Coefficient b (enUS)

3.2. Distributions of normalization coefficients

Figure 3 shows histograms of coefficient b calculated
for each utterance. In this figure, “enon_ref” and
“hw_ref’represent histograms of normalization coeffi-
cients calculated from correct word alignments for idling
and highway driving conditions, respectively, and “enon”
and “hw” represent histograms of normalization coeffi-
cients calculated at the end of decoding. Averages of
“enon_ref” and “hw_ref” are 0.860 and 0.827, respec-
tively. This means that there is a significant mismatch in
speech rates between training and evaluation data; speech
rates of evaluation data is slower than that of training
data. Hence, it is considered that duration normalization
is necessary to reduce mismatch between duration mod-
els and actual word durations in evaluation deta.
Meanwhile, averages and standard deviations of dif-
ferences of b for each sentence between “enon_ref” and
“enon”, and “hw_ref” and “hw” were 0.027 and 0.049,
and 0.025 and 0.056, respectively, while standard devi-
ations of “enon_ref” and “hw_ref” are 0.122 and 0.117,
respectively. Consequently, differences of normalization
coefficients between correct sentences and recognition
hypotheses are sufficiently smaller than the distributions
of the coefficients, and the proposed technique is able to
successfully normalize durations of hypothesis words.

3.3. Speech recognition results

Table 2 shows sentence error rates (SERs) for enUS.
From this table, it can be seen that there was no im-
provement in performance without duration normaliza-
tion. This is due to mismatch in speech rates between
training and evaluation data. Meanwhile, the perfor-
mance improved by normalizing duration. Consequently,



Table 2: Sentence error rates (%) for enUS

enon hw
Without duration 11.50 | 18.55
With unnormalized duration | 11.33 | 18.63
With normalized duration 10.58 | 18.05
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Figure 4: Sentence error rates (enon)

4‘ O without duration

O with duration

|

B8
= 5 ¢ ©
‘o(_) [o°] o
L — s g
= ) r~
e} Lo 3
= <+ =
— —
enUS esUS frCA
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Figure 6: Relative error rate reductions
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speech rate normalization is useful for duration modeling,
and the proposed incremental normalization is useful in
improving recognition performance.

Figures 4 and 5 show SERs without and with the
proposed technique for three languages under “enon”
and “hw” conditions, respectively. In this figure, “with-
out duration” denotes SERs without duration models,
“with duration” denotes SERs with normalized duration
models. Figure 6 shows relative error rate reductions
(RERRs) for three languages. RERRs were calculated
from SERs without duration and those with normalized
duration. From these figures, it can be seen that the pro-
posed technique consistently improves performance for
all languages.

3.4. Calculation time

Calculation time with the proposed technique was mea-
sured using the “time” command on FreeBSD. Evalua-
tion data were all utterances in enUS. Relative increase
in calculation time with normalized durations was only
4% compared to that without durations. Hence, the pro-
posed technique does not significantly increase calcula-
tion time.

4. Conclusions

We proposed a new duration modeling technique with du-
ration normalization for the one-pass decoding algorithm.
In the proposed technique, normalization coefficients are
updated incrementally for each hypothesis, and penalties
are added only to scores of words with outlier durations.
Experimental results showed that the proposed technique
consistently improved recognition performance without
significant increase in computational cost even if there
was a mismatch in speech rate between training and test
utterances.
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