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ABSTRACT

This paper describes a speaker-independent 212 word
recognition method using dynamic features and averaged
features of the speech spectrum based on a two-dimensional
mel-cepstrum(TDMC) of a spoken word and o large scale
neural network "CombNET-II”. TDMC is defined as
the two-dimensional Fourier transform of mel-frequency
scaled logarithm spectra in the frequency and time do-
mains. CombNET-II has a four-layered neural network
with a comb structure. It consists of two parts of neural
networks. The first part roughly classifies an input pat-
tern into a category group and the second part precisely
classifies the input pattern into a specified category.

In this paper, the ezperiment of speaker-independent
word recognition for 212 Japanese words uttered by 10
male speakers is carried out. In the experiment, dynamic
features and averaged features based on TDMC are used
as the input pattern of CombNET-II. A recognition accu-
racy of 95.5% can be obtained. This method reduced the
amount of calculation to about 1/6 as compared with k-nn
classifier.

Keyword: word recognition, neural network, spectral
features of speech

1. INTRODUCTION

For speech recognition, dynamic features as well as
averaged features and instantaneous features as repre-
sented by pitch, spectral envelopes, etc., play an impor-
tant role. It has been reported that several methods using
instantaneous and dynamic spectral features were effec-
tive for speaker-independent word recognition and speaker
recognition[1]-[4].

We have proposed a large scale neural network,
?CombNET-II” which has a four-layered neural network.
It consists of two parts of neural networks. The first part
of CombNET-II is a stem network which learns by a self-
growing algorithm and roughly classifies an input pattern
into a category group. The second part of CombNET-II
consists of many branch networks which learn by a back-
propagation training algorithm. FEach branch network
precisely classifies the input pattern into a specified cat-
egory. The calculation amount is reduced by CombNET-
II, because CombNET-II applies a two-step classification
method by the stem network and the branch networks.
CombNET-II has been demonstrated to be effective for
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classifying 2965 printed Chinese characters and 1000 Chi-
nese spoken words[5}[6].

We have also proposed TDMC as a parameter which
represents spectral features of speech. It consists of dy-
namic features and averaged features of a time sequence
of mel-log spectra in the analyzed interval. It has been
found that TDMC is very effective for speaker-dependent
word recognition[6][7].

In this paper, in order to study the effectiveness of dy-
namic features and averaged features based on TDMC and
CombNET-II, two experiments of speaker-independent
word recognition for medium vocabulary are carried out.
In the first experiment, dynamic features and averaged
features based on TDMC are used as the input pattern
of k-nn classifier. In the second experiment, dynamic fea-
tures and averaged features based on TDMC are used as
the input pattern of CombNET-II.

2. TWO-DIMENSIONAL
MEL-CEPSTRUM

In this study, an analysis time window with N sample
length is applied to the digitized speech of every L sam-
ples. Let S(k,m) be the mel-frequency scaled logarithm
spectrum of kth mel-frequency samples in the mth frame
of speech signal. A two-dimensional mel-cepstrum C{(g, p)
is defined as the two-dimensional Fourier transform of
the mel-log spectra S(k,m) in the mel-frequency(k) and
time(m) domains as follows.

M~-1N-1
Clgp)= > > S(k,m)W " W,™ IMN 1)
m=0 k=0

(W) = ezp(—j2x [N), Wy = exp(—j2r/M))
and
' M-1

Clg,p) = Y clg,m)Wo™ /M (2)

m==0

where M is the number of frames in the analyzed inter-
val. Eq.(2) shows that TDMC C(q, p) is the Fourier trans-
form with respect to frame number of a conventional one-
dimensional mel-cepstrrm c(g, m). We can control time
resolution and frequency resolution of S(k, m) by parame-
ter p and g, respectively. In order to use a linear time scal-
ing method for time-normalization, each utterance for a
spoken word is divided into the same number of M frames.
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A Blackman time window is applied to the speech of ev-
ery L samples where L is the frame period. If T is the
length of the utterance, then the frame period is equal to
T/(M -1).

Input speech is sampled at 10 kHz with 12 bits. The
beginning and the ending points of each utterance are
determined by inspection. From the previous study, the
length of window [V is set to 25.6 ms, the number of frames
M is set to 64, the parameter ¢ is set to 12 and the param-
eter p is set to 3, respectively. The length of the utterance
T depends on a spoken word, and it changes from 260 ms
to 1470 ms, therefore the length of frame period L changes
from 4.1 ms to 23.3 ms. The number of TDMC coefficients
is given by (¢*(p+p+1)), let p = 3 and g = 12, then the
number of TDMC coefficients is 84.

Average features based on TDMC are the real parts of
C(g,0) (1 < ¢ £ 12). Dynamic features based on TDMC
are the real parts of C(g,p) (1 < ¢ < 12,1 < p < 3) and
the imaginary parts of C(g,p) (1 < ¢ < 12,1 < p £ 3).
The absolute values of averaged features are larger than
those of dynamic features. As the parameter p increases,
the absolute value of dynamic features |C(g, p)| decreases.
In order to uniform the absolute value of dynamic fea-
tures and averaged features, we normalized TDMC using
weights shown in Table 1.

Table 1: Value of weights vs. the order of parameter p.

weight
P real part | imaginary part
1 2.2 2.0
2 2.8 2.5
3 3.8 3.4

These weights were calculated by the average rate of stan-
dard deviations between C(g,0) and C(g,p) (» =1,2,3).
Because it is enough to utilize some of the TDMC re-
gions, the necessary regions of TDMC for (p < 3) are
reduced to about 1/9 of the original one.
In this study, TDMC coefficients are used as the input
pattern for k-nn classifier and CombNET-II.

3. COMBNET-I1

Fig.1 shows a basic structure of CombNET-II. The first
part of CombNET-II forms the first layer as a stem net-
work. It is a vector quantizing(VQ) network using a Self-
Growing Learning Algorithm[5]. The second part forms
many three-layered networks form 2-4 layer as branch net-
works. The number of branch networks is the same as the
number of neurons in a stem network. Each branch net-
work has a three-layered feedforward neural network and
it learns automatically using a back-propagation training
algorithm. The first VQ network roughly classifies an in-
put vector into a category group by means of the best-
matching criterion. Then the branch network precisely
classifies an input vector into a specified category.
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Fig.1: Basic structure of CombNET-II.

The amount of calculation in branch networks depends
on the number of interconnections between layers. There-
fore, it is possible to reduce the calculation amount in
training step.

3.1 Self-Growing Learning Procedure

The self-growing learning procedure consists of two
processes. The first process generates the initial state of
the feature space of all input vectors. The second process
rearranges the state of the feature space by all input vec-
tors several times, so at last the feature space of the input
vector is divided into many sub-spaces which consist of
similar input vectors.

In the first process, at first the first neuron is created,
the synaptic weight m, is set to the first input vector x,.
Set the inner potential(the number of vector patterns) of
the neuron as g; = 1 and category potential(the number of
vector categories) by = 1. Then repeat the following steps
for each input vector. Find the best matching neuron n.
which has the largest similarity measure sim(zr, m.) as
follows.

sim (&, M) = max sim(Tg, M;) (3)
sim(zr, mi) = Tk - mi /(2] - |ma]) (4)

If sim(zg,m,) < ¢ (the threshold of similarity), then cre-
ate new neuron, otherwise increase the inner potential g,
and the synaptic weight m, is updated as follows.

me=me+ (2 —mC)/gc (5)

If the category of an input vector x; is a new one, then
increase h.. If the category potential h. is greater than
the division threshold h;p, then the neuron n. is divided
into two neurons.
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In the second process, if the best-matching neuron n,
is different from the best-matching neuron nc in the previ-
ous cycle, increase the inner potential g, as g.+1, decrease
the inner potential gc as gc — 1 and modify the synaptic
weight of the neurons n, and nc as follows;

! = 4 (@ — m)/g. ©)
me=m;— (T —M)/ge+1 (7)

Then category potential is checked as the first process.
This procedure is repeated until no more neurons are cre-
ated and updated. After learning process of the stem net-
work is completed, the input feature space is partitioned
into sub-spaces according to the best-matching criteria
of the synaptic weight vector of neurons. The synaptic
weight vector m; becomes a template which represents
the common feature of an input data group.

After the self-growing learning procedure is completed,
many neurons are created in the region where many in-
put vectors gather. Consequently, the input vectors are
divided into as many groups as the number of the created
neurons in the stem network.

o Reference Vector « Input Vector

Fig.2: Vector quantization by stem network
in a feature space.

3.2 Back Propagation Learning Procedure

After the self-growing learning procedure is com-
pleted, each branch network trains the relationship be-
tween TDMC coefficients and a category name by a back-
propagation training algorithm. Each branch network
learns not only all category patterns classified in this
branch network, but also some other VQ templates ex-
cept its own VQ template to improve the training.

o Reference Vector +« Input Vector

Fig.3: Discriminating border by branch networks
in a feature sub-space.

If there are L neurons in the stem network, all input
patterns are classified into L category groups. Therefore,
each branch network only learns about 1/L of all data
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and number of output unit is about 1/L category, so the
calculation amount is reduced to about 1/L? as compared
with the method which uses one branch network only.

3.3 Recognition Procedure

In the recognition procedure, at first select some can-
didate neurons of stem neurons which get higher matching
scores, then calculate the output values of branch network
which correspond to selected stem neuron. Furthermore,
the output value ; of the ith neuron of the stem network
is combined with the output value 6p; of the ith branch
network by a combination coefficient r. The final output
0; of ith neuron is given as follows.

8 = ()" % (B0:) 77 (8)

Thus, an input pattern is classified into the category
which gives the maximum value 6 (= max¥;).

When a stem network gives a wrong neuron as the
best-matching for an input pattern, the input pattern
flows into the wrong branch network. In this case, the
branch network sometimes gives a high output value and
gives a wrong category. This occurs because this branch
network did not learn the category of this input pattern.
Therefore, each branch network learns all categories by
means of other VQ templates. If the output neuron cor-
responding to other VQ templates in this branch network
gives the maximum value, this branch network is rejected
in the recognition step.

4. EXPERIMENTS AND RESULTS

Two experiments of speaker-independent word recog-
nition were carried out. In this study we used a part
of the “Tohoku University and Panasonic isolated spoken
word database”. It consists of phonetically balanced 212
Japanese words uttered by 10 male speakers. Data of 9
speakers were used for training data and the remaining
data of 1 speaker were used for testing. We carried out 10
combinations.

4.1 k-nn classifier using TDMC coefficients

In order to study the effectiveness of TDMC coef-
ficients for word recognition, speaker-independent word
recognition experiments using k-nn classifier were carried
out.

Table 2 shows the experimental results when a candi-
date parameter k changes from 1 to 5. As seen in Table 2,
the best recognition accuracy was 96.2% when candidate
parameter k = 1 or 2. Therefore, TDMC coefficients are
effective for speaker-independent word recognition. How-
ever, the amount of calculation and necessary storage for
training ang recognition are large.

Table 2: Recognition accuracy vs. a candidate parameter k.
I k | 1 [ 2 [ 3 [ ¢4 [ 5 |
[Accuracy(%) H 96.16 ] 96.16 [ 96.06 ] 95.06 ]795.11 ]
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4.2 CombNET-II using TDMC coefficients

In order to study CombNET-II for medium vocabu-
lary, speaker-independent word recognition experiments
were carried out. The average number of the training
data was about 1876 words. The training conditions of
stem network were r;p = 0.3 and Ay, = 20. After the
training step in the stem network is compieted, the aver-
age number of VQ neurons generated in the stem network
was 44. The average number of category data classified
into each neuron was about 10.

Table 3 shows the number of the neurons which each
word was classified into. As seen in Table 3, stem network
adaptively created several neurons for the large variation
of the feature vector of speech. The average number of
the created neurons was about 2.

Table 3: The number of neurons which each word
was classified into.

[ number of neurons || 1 | 2 | 3 [ 4 ]5[6]
[ numberofword {8276 |35[12[5]2]

The training conditions of each branch network were
as follows; the momentum was 0.9; the learning rate was
0.2; the training procedure was finished when the mean
square error decreases less than 0.04; according to the
TDMC coeflicients used in this study, the number of the
input unit was 84; the number of hidden units was 50 and
the number of output units was about 11( 10 + 1(for the
VQ vectors)), respectively. All branch networks finished
training in less than 80 times.

If we select top five stem neurons in recognition step,
the probability that input pattern is classified into correct
neurons was about 99.5%. So, we selected five candidate
stem neurons in the recognition step.

The calculation amount of k-nn classifier is propor-
tional to the number of templates, and the calculation
amount of CombNET-II is concern with number of stem
neurons, number of candidate stem neurons, number of
hidden units and number of output units.
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Fig.4: Recognition accuracy vs. a combination parameter r.

Fig.4 shows the experimental results when combina-
tion coefficient r changes from 0.0 to 1.0. As seen in Fig.4,
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the best recognition accuracy was 95.5 % when parameter
ris 0.74 or 0.75.

5. CONCLUSIONS

A speaker-independent word recognition method
which uses dynamic and averaged spectral features and a
large scale neural network, “CombNET-II” is proposed. In
this paper, spectral features based on a Two-Dimensional
Mel-Cepstrum were used as the input of CombNET-IL
TDMC consists of dynamic features and averaged spec-
tral features. CombNET-II consists of a VQ network as
a stem and many three layered networks as branch net-
works. A stem network learns by a self-growing algorithm
and it roughly classifies an input pattern into one of the
neurons in a stem network. Each branch network learns
by a back-propagation algorithm and it precisely classifies
an input pattern.

The first experimental results of speaker-independent
word recognition for 212 words using TDMC coefficients
and k-nn classifier showed an accuracy of 96.2%. The
second experimental results of speaker-independent word
recognition for 212 words using CombNET-II showed an
accuracy of 95.5%. In this study the calculation amount
of CombNET-II is about 1/6 compared with that of k-
nn classifier in recognition step. Therefore, CombNET-II
and TDMC coefficients are effective for medium vocabu-
lary spoken word recognition.
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