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ABSTRACT

In this paper we propose a new approach of speech
recognition based on an idea of Statistical Phoneme Cen-
ter. The Statistical Phoneme Center has several proper-
ties that are feasible to realize a high-reliable phoneme
extraction. First, in every phoneme we assume that there
is the fictitious center which can be estimated statisti-
cally. The center is determined by an iterative procedure
to maximize the local likelihood using a large amount of
speech data. Next, HMMs are trained for every segment
between the centers and are concatenated to make a word
HMM. The word recognition is realized by an optimal al-
gorithm considering the center likelihood. As the experi-
mental result, 97.7% recognition accuracy is obtained for
216 word vocabularies in the speaker independent con-
dition. The result demonstrates the effectiveness of the
proposed method.

1. INTRODUCTION

In the research of speech recognition, improving an
acoustic model is an essential problem. Recently, sev-
eral statistical methods including Hidden Markov Model
(HMM) and Neural Network are used generally as the
acoustic model. However, there is an difficult problem
in the speech pattern; it is fluctuated by various factor
and the distribution is overlapped between the categories.
Therefore, although these methods are very powerful, it
is desired further to improve the basic technique.

To realize a robust speech recognition system for large
vocabulary, speaker independent, and continuous utter-
ance, a subword usually used for the unit of an acoustic
model. In this case, the problems of the co-articulation
and allophone are unavoidable. So a phoneme extrac-
tion method which isn’t dominated by such problems as
well as possible is desired. Especially for speaker inde-
pendent condition, the recognition performance becomes
lower unless using the model which expresses variable en-
vironments.

In our previous studies, we investigated about a sta-
tistical technique of phoneme extraction aiming at the
mutual information between the acoustic information and
the phoneme category [1]. In the studies, we proposed a

method using an entropy function to describe about the

phonemic information in the speech signal. In this paper,
expanding the previous studies, we propose a new con-
cept of the center of phoneme. First, we discuss about
a problem to estimate statistically the center from the
acoustic feature. Next, to realize phoneme extraction,
we apply the center likelihood to a continuous phoneme
recognition. Finally, we investigate about SPC-HMM by
applying the conventional HMM technique to the segment
between the centers. ’
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2. STATISTICAL PHONEME CENTER

When a large amount of speech data and a phoneme
category are given, it is possible to determine a point sta-
tistically which includes the most stabilized information
of the existence of the phoneme. We call the point Sta-
tistical Phoneme Center (SPC).

The problem to associate the speech signal and the
phoneme categories has been considered over the past
years. Especially during the 1970s many researchers in-
vestigated the process of speech perception by hearing
experiments [2]. The idea proposed in several decades
ago was that every phoneme has the invariant cue that
expresses the typical characteristics. Until now, however,
the exact solution has not been obtained.

The idea of SPC discussed in this paper seems to be
analogous to the classical idea. But the novelty of this
study is to assume a fictitious center for each phoneme. It
doesn’t mean necessarily the most remarkable point that
exhibits the special property of each phoneme in classi-
cal sense. First, it is fictiously defined and determined as
well by a statistical procedure. Second, it is not related
directly to some physical characteristics as seen in spec-
trum but it reflects complex mixed properties found in
speech sound of considerably long time interval.

We define the SPC as following: @ Every phoneme
has its own SPC. @ SPC is determined simply by sur-
rounding acoustic information.

The advantages of considering the SPC are: @ Since
the SPC exists around the most possible region, more
stabilized phoneme extraction can be realized. @ Un-
natural settlement of phoneme boundary is not needed at
a training of an acoustic model. @ The likelihood that
expresses the phoneme existence can be calculated simply
for all frames.

2.1. Calculation of Phoneme Center Likelihood

When an acoustic vector sequence X: (t =0,1,...) is
obtained, the conditional probability p(y*|X:) can be de-
fined by collecting the event that y* (the SPC of phoneme
Y) exists at a time t.

Since we normally cannot calculate the probability
function from speech sample, the problem results in the
maximization of the right side of Bayes’s law.

p(y"1Xe) = p(Xely™)p(y™) /p(Xe) (1)

In this equation, p(y*) is a priori probability that the
phoneme Y occurs. This is based on a linguistic condition.
And p(X:ly*) is a conditional probability that acoustic
feature X is observed in the assumption of SPC y*. This
can be estimated by observing a large number of speech
data. Since p(X:) in the denominator is independent from
Y, it is unrelated to the maximization of the numerator.
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In the actual speech pattern, events to determine the
phonemics distribute around a time ¢. Therefore it is an
ideal to calculate a probability p(y*|..., Xi—1, X¢, Xe41, ...)-
The calculation of the probability is, however, not realis-
tic because it needs a huge amount of data and quantity of
calculation. So the calculation discontinues over I frame
from aiming point and the approximation that the acous-
tic features at every time is independent is imported.

p(y*l‘ ")Xt—lth)Xt+1)- -')
~ p(y | X, Xey oo, Xigr)

~ p(y 1 Xe-r) - p(071Xe) o p(yT | Xerr)  (2)

The y* which maximizes above probability provides
the result of phoneme extraction at a time ¢. And the
SPC of phoneme Y can be decided by using the local
maximum of the probability.

Here we define the SPC Likelihood that the SPC y* of
phoneme Y exists at a time ¢ as following. X; is a feature
vector at a time t and [ means considering frames.

L
S'(t,Y) = ﬂ‘lﬁ Y loar('1Xes)  (3)

k=—L
2.2. SPC Training Algorithm

To estimate the distribution of SPC for the training
data, it is necessary to provide the true point of SPC as a
teacher signal. However it is unknown for an initial data.
Therefore, we apply the following iterative procedure for
a large amount of speech data to determine the SPC.

@ Set initial point of y* based on the uttered text.
Estimate distributions of feature X;4; around y*.

©)

® Calculate the center likelihood S*(t,Y) for each
phoneme.

@

Move y* one frame toward the local maximum (within
=+ 100ms from y*) of the likelihood.
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An Example of SPC Likelihood

® Iterate @~ @ until y*’s convergence.

For a long vowel, we give a condition that the SPCs
are at an interval over 30ms. Figure 1 shows an example
of the estimated SPCs and their likelihood.

3. EXPERIMENTAL CONDITION

As for the experiments, we use multi-speaker (10 males)
word datain ATR Japanese speech database [3]. The data
were digitized at 12kHz, and 16 dimensional mel-cepstrum
and the linear regressive coefficients were calculated every
5ms, using a 21.3ms Hamming window.

The experiments in speaker dependent condition use
datasets by 3 speakers; and in the case of speaker inde-
pendent, the training is performed by 9 speakers and the
test is by another speaker. Each result shown later is the
averaged value.

We use 27 categories of Japanese phoneme; {a, i, u, e,
o,p,t,k, b,d, g, s,sh h {2z dj,ch ts, mn, N, w, y,],
r} and silence.

To calculate the distribution of p(y*|X;), we use di-
agonal Gaussian distribution (C1) and diagonal mixture
Gaussian distribution (C4; 4 mixtures). The number of
considering frames is decided as L = 3.

4. PHONEME RECOGNITION
EXPERIMENTS

4.1. Evaluation of SPC Convergence

To verify the proposed SPC, first, we investigate the
change of SPC and its likelihood when applying the iter-
ative procedure for a large amount of speech data.

For the training data, since the uttered text (phoneme
sequence) is given, the convergence of SPC is warranted.
To evaluate the convergence by the practical data, we ex-
amine the SPC likelihoods at each point of 20 times iter-
ation. The likelithoods for test dataset are also calculated.
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Figure 2. Convergence of the Center Likelihood

Figure 2 shows the results. Here closed means a result
for the training data and open means for the test data.
The figure shows that the SPC likelihood is increased and
is converged by the iteration for any conditions.

4.2. Phoneme Recognition Algorithm
Next, we apply the SPC likelihood to One Pass DP

based continuous phoneme recognition. Only a connectiv-
ity of two phonemes is considered as a top-down knowl-
edge [4]. The algorithm is following:

@ Symbols

S*(t,y) :
: optimal cumulative likelihood till ¢
¢ connectivity from phoneme § to y

G(t,y)
C(#,v)

SPC likelihood of phoneme y at a time ¢

(1 or0)
: array for back-track
: array for phoneme connectivity

B(t,y)
P(t,y)
@ Initialization

for all y:
B(0,y) = P(0,y) = 0;

G(0,y) = 5*(0,y)

@ fort=1,2,..,
@ for all y (phoneme category)
® Q:argmax{G’(t—l,k)‘C(k,y)}
G(t,9) = Gt~ 1,3) + 5 (t,9)
® B(i,y)=B(i-1y)
P(i,y) = P(i-1,y)

@ Back-track
§ = argmax G(I,y),
y

T (input frame)

;ifg=9y ,i—1 ;else
;ifg=9 9 ;else

1=1
while >0
output 7

y = P(i,§),

To evaluate the phoneme recognition accuracy, we

consider three kinds of errors; substitution, deletion, and
insertion. Then we define correct rate % = cor. [ (cor. +

1=B0,9), =y
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Table 1. Results of Phoneme Recognition

correct rate rec. accuracy

speaker C1 C4 CI C4
vowel 90.1 92.5 63.0 73.8

dep. cons. 82.0 84.1 49.9 58.4
all 86.4 88.8 56.1 66.0

vowel 79.3 84.5 51.5 64.8

indep. cons. 70.4 75.2 43.8 50.0
all 74.6 80.8 46.0 58.8

sub. + del.), and recognition accuracy = (cor. — ins.) /

(cor. + sub. + del.).

Table 1 shows the result. Compared with our previ-
ous method which showed 91.1% correct for dependent
speaker and 78.2% for independent speaker, these have
almost similar performance.

5. WORD RECOGNITION BY SPC-HMM

HMM has been proved considerably useful to realize
high performance in speech recognition. Here we attempt
applying HMM to the segments between SPCs. This unit
is almost equivalent to demi-syllable HMM [5]. In this
paper, we call the model SPC-HMM.

5.1. Training of SPC-HMM and Wordmodel

The SPC-HMM is trained to apply the Baum-Welch
algorithm after segmenting the SPCs by above mentioned
iterative procedure. Although a SPC-HMM is represented
by a series of two phonemes, the number of models is
more than the standard one. However, since Japanese syl-
lables have a combined consonant-vowel (CV) structure,
the model number is relatively small.

The SPC-HMM basically consists of CV and VC mod-
els. In addition, the longvowels (VV), geminated conso-
nants (CC), and silence units are defined. In this study,
we use 224 kinds of SPC-HMM created by 27 categorized
phoneme pairs.

Next, the SPC-HMMs are concatenated to make a
wordmodel [6]. The concatenating is performed consid-
ering the transformations such as the unvoiced vowel as
well. The connected point passes through the SPC. The
concatenation is realized by overlapping the last state of
the previous HMM to the first state of the next HMM.
Therefore, the last state of SPC-HMM has no self-arc.

5.2. Modified Viterbi Algorithm

Using the concatenated model of SPC-HMMs, word
recognition can be performed. At the evaluation, the SPC
likelihood should be used more actively. That means, a
part that includes very high likelihood contributes more
to successfully phoneme extraction.

Since the HMM likelihood and the SPC likelihood are
not independent, it is difficult to combine these two mea-
sures. In this study, we optimize them by adding the
weighted likelihood of the SPC to the local likelihood of
the HMM in the Viterbi algorithm.

The modified Viterbi algorithm is following. Though
we adopt the Viterbi algorithm here, it is also possible for
the Forward algorithm by the same manner.
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@ Symbols
a;; : HMM transition probability
bi(z:) HMM output probability
f5 1) cumulative score until state ¢, time ¢
Cij : boolean operator;
1 : when state j is the connected point of
SPC-HMM and i=j5 -1
0 : else
S*(t> i)
w : weighting factor for the SPC likelihood
@ Initialization
£1,0 =1

@ fort=1,2,..T
for:=1,2,..,n
f(i,t) = max [c,-,-w.S"(t, Y))
7
+£(5,t — 1) +log a;ibi(z)]
@ f(n,T) at alast time T provides the Viterbi likeli-
hood for the model.

Fi,0)=0 (i#1)

5.3. Word Recognition Experiments

First, the SPCs are estimated by 20 times iterative
procedure for the training data. As the output proba-
bility of SPC-HMM, we use; diagonal Gaussian distribu-
tion (MC1), and diagonal mixture Gaussian distribution
(MC4; 4 mixtures). Notice that these distribution are
different from them at SPC estimation. The state num-
ber is 4 (3 loops) for every segment. The wordmodels
for 216 Japanese words are created by concatenating the
SPC-HMMs.

For reference, we also test using a standard phoneme
HMMs (27 categories, 5 states, 4 loops) in the same con-
ditions.

Figure 3 shows the word recognition rate for the change
of the weighting coefficients w in the modified Viterbi al-
gorithm. The case w = 0 corresponds to that the SPC
likelihood isn’t considered (using only HMM likelihood).
With the increase of w, the contributed ratio of HMM
likelihood is bigger. The recognition rates have a max-
imum at w = 5 in both cases of distributions, then it
decreases again. In the case of this experiment, the opti-
mal combination of two likelihoods is given by w = 5.

Table 2 indicates the word recognition accuracies by
the standard phoneme HMM and the SPC-HMM when
w=0 and w = 5. According to the table, it is confirmed
that the performance of SPC-HMM is better than the
standard HMM for any conditions. And also the results
at w = 5 are better than them at w = 0.

6. CONCLUSION

In this paper, we proposed a concept of Statistical
Phoneme Center to realize a high-reliable phoneme ex-
traction, and showed an algorithm to estimate the SPC
by iterative training. As the experimental results of con-
tinuous phoneme recognition and word recognition, it is
demonstrated that the proposed method is effective for
stabilized phoneme modeling and word recognition.

In the future, we would like to investigate on (1) the
characteristics of SPC in the various environments, (2) the
analysis of SPC in a point of view of speech perception or
prosody; then the proposed SPC will be useful to make
clear the basic phonemics.
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Figure 3. The Word Recognition Accuracy for the
Change of SPC Likelihood Weighting

Table 2. Results of Word Recognition
speaker HMM MC1 MC4
standard model 93.5 96.3
dep. SPC-HMM (w = 0) 95.8 99.1
SPC-HMM (w = 5) 97.7 99.1
standard model 88.4 94.4
indep. SPC-HMM (w = 0) 90.7 95.4

SPC-HMM (w = 5) 96.8 97.7
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