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ABSTRACT

The equation of neural nets for stereo vision is applied ro
speech recognion.  We use Coupled Pattern Recognition
(CPR) equation which has been shown to organize depth
perception very well through comperition and cooperation.
We construct Gaussian probability density function(pdf)
for cach phoneme from a number of training data. The in-
put data to be recognized are compared to the pdf's and
the similarity measures are obtained for cach phoneme. The
CPR equation develops neuron activitics by recciving the
similarity measures as input. A recogunition is achieved
when the activities arrive at a stable states. The recogni-
tion rates for 25 Japanese phonemne are 7475 % in average
which is compared to 71.53 %. by Hidden Markov Model.
A certain technical improvement is applied to our neuron
model. by dividing data of a phoneme into two part. one
for the former frames. the other for the latter frames. A re-
markable imnprovement is obtained with average recognition
rate of 79.79 %.

1. INTRODUCTION

Recently many studies have been focused on large vocab-
ulary continnous speech recognition. The main issues are
divided into two technological problems. One is how to im-
prove good acoustic models snch as triphone models with
mixed Gaussian distribution and/or with tree based clus-
tering.  The other 1s how to reduce perplexity by using
language models such as n-gram or context free grammer.
It was reported recently that the former improvement was
much more effeetive than the latter[l].  An increase of
phoneme recognition rate by 1-2 % amounts to decreas-
ing perplexity by 10~20 % in langnage model.

In the present paper, we try to apply the equation of stereo

vision neural nets known to process a depth percerption to

speech recognition. In the sterco vision. a 3-dimensioned
scene is imaged from two different points. left and right
eves.  The local similarity(or disparity) between two 2-
dimensional images are processed through the equation of
nenral nets with competition and coorperation. resulting in
a clear depth pereeption[2.3.4.53]. I the speech recognition,
we consider that characteristic features of each phoneme are
stored in our memory through daily life training and that
the input speech data are compared with the memorized
data of cach phoneme and their similarity (or disparity)
measure s estimated for every phonemes.

We use the recent modified Coupled Pattern Recognition
cquation {CPR) for stereo vision[3.4.5] 1o process similar-
ities among phonemes. When the equation is applied 1o
phoneine recognition. it develops competition among activ-
itics of different phonemes and cooperation among those at
neighbouring frames and the process known as winner-take-
all seleets a specific phoneme as a recognized one.beating
others down to zero. We use a Gaussian probability deusity
function(pdf) (represented by a mean vector and a covari-
ance matrix of MFCC coefficients) to represent memorized
data of each phoneme in our brain and the similarities of an
put phoneme to the memorised ones are caculared. The
simulation 1s performed for Japanese phoneme database
supplied by ATR and AST{6.7]. It was shown that the neu-
ral net equation gave a clear recoguition to cach phoneme
cventually.

It was shown that the recognition rates was much raised
when each phoneme was devided into two parts. before and
after the mid flame position of a phouene data and irs
similalities were caleulated separately. The CPR 1s applied
to the similaritics with best 5 hivpotheses among 25 kinds
of phonemes. The average rates were 79.79 % for speaker
independent recognition and 81.00 % for speaker depen-
dent recognition wheih were compared to 71.53 % and 32.84
% by HM\Is. respectively.

2. SIMILARITY MEASURE AND
NEURAL NET EQUATION

The specch{phoneme) recognition systems by neural net
cquation 1s divided into three main processes:

(1) A nuwber of training speech data are stored aud class-
fied for cach phoneme. The data are supposed to be mem-
orized in the brain with a standard forin such as Ganssian
pdf of cepstrums for cach phoneme.

(2) An input phonemes is referred to these memorized
phoneme data and a similarity measure 15 obtained by cowm-
paring the input phoneme data with the memorized pdf of
cach phoneme,

(3) Supposc that there s a wenron activity £, in accor-
dance with the sinilarity measure A% to a certain phoueme
/a/ ar the frame wember n. The neural net equation pro-
cesses the activity € to move toward a stable poiut after



the equation veceives the similarity measure as an input and
a recognition is achieved wlen it reaches to a stable state.

The memorized data are expressed in terms of Gaussian
pdf for input o.
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where O, 1s a training data of a phoneme /a/. The
normalized similarity AL of input data O, at u-th fraane to
a certain phoneme faf is defined as
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where < V> means an average over phonemes.

A" = (3)

As a neural net equation we employ coupled pattern recog-
nition{ CPR) equation which was successful for recognizing
stereovision.  The CPR equation processes input similar-
ity measures for two 2-dimensional data from left and right
eves and arrive at a definite depth perception through cowm-
petition and cooperation processes. We use this equation
for a speech recognition by using similarity measures A,
between memorized pdf's and input phouneme data. CPR
cquation is given as
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where B.C.D.E are positive definite constaunts. oy re-

ceives not only similarity Ay but also influence of neigh-
boring activities £g,. The sccond term in af represents a
competition with activities £, of other phonemes and the
third term does cooperation amwong the same phonemes at
the neighboring frames v — 1l <= ut <= u + L.

The solution of the CPR equation are determined by the
input A and initail values of £'s. As stated later. however.
they converge to the same values which are independent of
thie initial condition if they start from positive values.

3. CPR EQUATION WITH
COOPERATION AND
CONPETITION

Similarity measures A are wput to CPR cquations (4)(5)(6)
ouly throngh o and which plays an important role iu the

equations. Figure 1 shows typical potential form for pos-
itive and jiegative values of a. In the potential for o >
0 given in figure L(a). € tends to go to zero throngh CPR

N P . K RN : YT
In the potential for o < 5= given in fignr

1(bh). € goes to a certain positive valie corresponding to

cquations.

the absolute minimmn of the potential if initial € is sef to a
positive value, We call a winner nenron when £ gets a pos-
itive value finally and a loser nenvon when it hecomes zero.
losing whole activity. In actual time depeudence. the situa-
tion 1s more complicated becanse a depends on neighboring
&'s and thus varies with time. Figure 2 shows an exawple
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Figure 1: Potential function

D=0.60. E=3.00. 1=4

of a similarity map where the inpnt phouewme is actually
pronounced as /n/ and the phonewes /n/.fm/ Jof [a]./w/
with best five similarities are selected. Figure 3 shows re-
sults of recognition after CPR equations are applied. /n/fis
a winuer for the frawmes 1-11. while /m/ is a winner for the
frames 12-15 in this example.

n m (o] g w
0.172669 0,007747 =0,179798 0,068170 =-0,317374
0.047739 0,021844 0,012022 0,106935 -0,377080

-0,053958 ~0,254189 0,174484 0,140137 =0,321096
~0.020677 =0,345811 0,166542 0,152011 =0,270617
90.071875 -0,109546 0.026478 0,047362 -0,181884
0.164128 =0.066376 -0,075502 0,000766 -0.187911
0.074848 0,021229 0.011177 -0,173780 -0, 040727
0.075048 -0,128097 0,029768 -0,138120 0,128273
0,151001 ~0,058196 -0n,134349 -0,094952 -0,014505
0.181342 -0,005437 -0,214245 -0,072309 -0,070694
0,132347 0,084662 -n,163194 -0,224362 =0,046461
0,052027 0,157427 0.039553 -0,173396 -0,324618
0,112184 0,316814 0,044812 -0,315088 -0,632532
0,088750 0.277318 0.008593 -0.223108 =0,520211
0,064446 0.061100 0.028512 -0.384859 0,038372

Figure 2: An example of a similarity map

We conclude /u/ is correctly recoguized in average. To
get an understanding for the processes dynamically. we no-
tice the potential form of figure 1 which is written for the
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n m o g
6.282858 =0.000000 =0, 000000 0.000000
6.044124 0.000000 0,000000 0.000000
5.854819 0.000000 0.000376 0.000001
5.706682 =0.000000 0.000000 0000000
5.582782 =0.000000 0.000000 0.000000
5.479568 =0. 000000 ©.000000 0,000000
5.21824% 0,000000 =0, 000000 0,000000
4,969046 =0, 000000 0.000000 0,000000
4,728297 0,000000 =0, 000000 =0, 000000
4,4778%5 0,000000 0,000000 0,000000
4,362889 0,000001 =0, 000006 =0, 000000
0,000006 3.56776¢ =0, 000000 =0.000000
0,000000 3.731247 0, 000000 =0.000010)

=0,000000 3.905251 =0,000000 =0.000000
=0, 000000 4,125674 0, 000000 =0, DO0NOO

Fignre 3: Recognition results nsing CPR equation

typical valnes of o. The CPR equation let £'s move to the

local minimun.
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Figure 4: Tune dependent behaviors for o
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Figure 5: Time dependent behaviors for €

Since the stable solution for the equation is decided by
the minima of the potential. the simulation shows that the
solitions are uniquely determined as the minima of cither
fignre 1{a) or figure 1{b). independent of the initial values
of €5 as far as we set the initial values of £'s as positive def-
inite in order to avoid to go to the local minimum for £ <0
in figure 1(b). Weset all £'s=1 in the following discnssions.

Figure 4.5 show time dependent behaviors for o's and £'s.
at the 5-th frame for phouewme /u/./m/.Jo/./g/./w/ when

the similarity map of figure 2 is input. Tnitially. only the dif-
ference anfong phonemes comes from a’s i CPR equation.
where input A's are different. In onr parameter settings.
whole a’s start from the positive values as shown in fig-
ure 4 and whole €'s begin ro decrease from 1 as showu in
figure 5 due to the potential form in figure 1(a) for a >0.
Then. o for /n/ with the biggest A begins to take nega-
tive values as the competition term decreases. When o
becomes negative. the activity £" turns to inerease accord-
ing to the potential form fignre 1(h). Figure 5 shows £"
turns to increase. At this stage it is noticed that the co-
operation term in a” helps to reduce a” and accelerate
" in increasing.  a’s for other phonemes. on the other
Lhand. begin to increase(Figure 4) because of the inerease
of thetr competition terms due to increasing . Therefore.
&'s of other phonemes continue to decrease and fiually goes
Thus. the phoneme /u/ is recognized

to zevo(Figure 3).
In conclusion. cooperation and

through CPR equations.
competition in CPR equation play a good role to make a
definite recognition as shown in Figure 3.

4. TECHNICAL IMPROVEMENT
AND EXPERIMENTAL RESULTS

To make Gaussian pdf for cach phoneme from training darta.
we extracted labeled phonemes from ATR data[6] composed
of 4000 words spoken by 10 male speakers repeatedly and
from ASJ data of 500 sentences[7] by 6 male speakers. [n-
put data for recognition experiment were composed of two
kinds. one from speaker dependent{SD) data nsed for rrain-
ing and the other from new data of 216 words spoken by 3
male speaker indepeudent(SI). The speech data were ana-

lyzed as follows:

16kHz.16Bit.

Sampliug rate

Pre-emphasis 0.97
Window 16 msee Hamming window
Frame period 5 ms

10 order M[FCC
+10 order delta MFCC

Feature paramecters

Table 1: Analysis of speech signal

To compare onr neuron model with the conventional
model, the phoneme recognition experiment was performed
for Hidden Markov Model(HMM) with single mixture and
three states. by using exactly the same data as was used
for the neural net equation. We took 25 simple labeled
phonemes from ATR data for recognition. The recoguition
results are shown in table 3 wlere onr nenron model(N
Modell) gives recognition rate 7 % less for SD data and 3
% higher for SI data than the AN wodel.

We consider to iuprove our nenron model. If we look at the
phoncme data. it is noticed that there arve considerable dif-
ferences in the characteristic features of cepstrum dara be-
tween those of former half part and latrer half part of frane
data. Therefore. we decide to divide cepstrum data into
two parts. the former half and the latter half of phoneme
data. We make two Ganssian pdf's for cach phonewe sep-



Inlmt data which are similarly divided into two
Ill\ ar l‘ll fl\ « ll“l‘\}\()‘]l“‘lg }\.nf I\F f‘l" (- ANLS
pdf’s svpm',\f(-l_\ and a similarity map is obtained. —\ft(l
CPR cquation processed these shinilarity maps. the result-
ing recognition is shown in table 3(N Model2). where we see
Our nenron wodel

arately.

a remarkable improvemnent is obtained.

gives recognition rate 8 % higher than the HMM does in

average.

5. CONCLUSION AND DISCUSSION

The cquation of neural nets for sterco vision was apphed
to speecht recognion. We used CPR cguation which has
been shown to organize depth perception very well through
competition and cooperation. We construeted pdf for cach
phoneme from a number of training data. The input data to
be recognized were compared to the pdf’s and the similarity
measures were obtained for each phoneme. The CPR equa-
tion developed neuron activities by receiving these similar-
ity weasures as input. The recognition rate for 25 Japancse
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phonemes were o 1n average W hich was compared
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71.53 %. by
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dividing (1«1t(1 of a

b
was d})})ll(‘(l to our neuron m()(l(l by
phoneme into two part. one for the former frames. the other
for the latter frames. A remarkable improvement was ob-
tained with average recognition rate of 79.79 %

Competition and cooperation mechanisi had an important
For the uext task of
the neuron model. we have to proceed to develop a systemn
for continuous speech recognition. Although conventional
technigques used for HMM's will be cmployed for the nen-
ron model. we have a new situation characteristic of C"PR
istineished ¢ of ko Jel

shed part of the model 15

role in raising the recoguition rates.

the cooperation among neighboring frames. In the present
we treated frames as static coodinates. In the real
time recognition. however. frame should be treated as time
Thus. we have two kinds of time variables. One is
frame number and the other is the one from CPR equation.
Therefore. we may have interesting sitnations where two
time variables compete each other. Tt seems to resemble to

paper.

variable.

a belt convevorized system for automobile building. where
there are two time variables competing each other. One is
belt conveving time and the other is automobile building

mu(- It scems that our goal is how to ;.,tt a correct recog-
ol . .

tion.

speech data with (o()p(m\h()n and compet

Kinds of data | Kinds of Model | Recognition rates
SD data HNI 82.84
” N Alodell 76.08
v N Model2 81.00
ST data HMN 71.53
4 N MModell LTS
4 N Model2 79.79

Table 2: The dependent(SD) and

speaker indepewdent(SI) recognition

rates of speaker

[ )

[o}]

Phoncme | HAIXN | N Modell | N Model2

NG 53.46 80.38 85.44
a 92.55 05.03 95.24
b 76.62 79.70 81.01
ch 84.62 86.15 87.69
d 069.84 7344 §1.38
¢ 64.77 85.98 80.77
f 04.29 10.07 0.7
g SrAd | 3035 63.64
h 63.46 50.62
i 69.16 02.21
1 97.01 04.03 97.01
k 59.25 70.13 69.70
m 61.90 4717 94.72
n 14.30 12.50 16.29
0 70.58 92.18 05.27
p 64.00 15.24 1286
T 62.34 14.26 19
s 89.01 85.32 71
sh 96.05 80.26 82.89
t 4.35 35.48 36.56
ts 065.22 86.96 86.96
n 04.78 18.82 67.06
W §4.38 63.64 75.76
¥ 61.36 7045 65.91
877 87.76 85.71

[ ALL [ 7133 ] 7475 [ 7979 |

Table 3: Recognition rates of test dara
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