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Abstract

A speaker-independent isolated word recognition system is
described which is based on the use of intra-word local and
global structural features. The local features are incorpo-
rated into the system with using matrix quantization of seg-
ment patterns that are obtained by dividing a speech word
pattern into partial patterns of equal frame length of about
4. Then global features are incorporated by making use of
the correlations between segments. On a data base with a
vocabulary of 212 words spoken by 20 speakers (10 male and
10 female), the system shows higher performance in recog-
nition accuracy and processing speed than the system using
whole-word template based dynamic time warping (DTW)
algorithm.

1 Introduction

Although recent studies on speech recognition have made
great progress with the aids of stochastic models such as Hid-
den Markov Model (HMM) [1], speaker independent task is
still difficult to realize. Many approaches to overcome the va-
riety of speakers have been tested. One approach is speaker
adaptation [2] and another approach is to use new feature
parameters which are robust under the variety of speakers.
Dynamic features such as vector-field of spectrum pattern
[3], two-dimensional cepstrum [4], delta-cepstrum [5] and seg-
ment (matrix) quantization [6] [7] are considered one of the
robust features. But these dynamic features are making use
of only local and short period speech pattern information.
Therefore, if global structural features could be incorporated
into the system, recognition performance is expected to be
improved. So the authors have been trying to make use of the
correlations between segment patterns so that global struc-
tural features including dynamic features of intra-word pat-
tern can be effectively utilized.

It must be noted that similar approaches are used in
phoneme and word symbol recognition by the name of bigram
and trigram. But the difference is that they use relations be-
tween symbols such as phonemes and words. On the other
hand, our approach uses relations of partial speech patterns.

The block diagram of our system is shown in Fig. 1. Word
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Figure 1: Block diagram of word recognition system

region, at first, is detected automatically from input speech
data and linear time frame alignment is performed. Every
feature vectors of time frame length of 4, which are extracted
from word pattern, are tread as a segment and then matrix
quantized (MQ) to capture local dynamic features. Global
structural features are represented in two ways in the system,
One is by the use of joint probabilities between segments and
the other is by the use of multiple-template method which
imposes some restrictions on possible segment connections.

2 Stochastic Segment Models

2.1 Recognition Algorithm

Let X = (%,X3,...,%X7) denote a feature vector sequence
of an input word speech in which word region has already
segmented. Where each x;, ¢ = 1,...,T is a frame vector
of 10th order mel-cepstrum coefficients. Although the frame
length T varies under different words, different speakers and
different manner of utterances, linear time warping (LTW) is
carried out for every input word speech and X is transformed
into Y of equal frame length L. Then time aligned speech
data Y is divided into the M non-overlapping regions S;, ¢ =
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1,..., M of equal frame length L/M:
Vo= (u® ... ul®)

where u® represents a word partial pattern for segment
Si.
Let U be a random variable for word partial pattern
of the i-th segment S;,7 = 1,2,---,M. The probability of
observing partial pattern u) at segment S; can be written
as Pr(U%) = u®|S;) and Pr(u®) for short. The probability

of observing a sequence of partial patterns u®, u® ... w0
from word W, can be written as follows.
pr(u(n,u(zg e U(M)IWT)‘ (1)

Then word recognition of the system is defined as finding a
word candidate W* which satisfies the following expression

w* :argrr‘}éxxPr(eru(l’,...,u(M)). (2)

The right-hand side term is rewritten by applying Bayes the-
orem:

Pra® .. u™M W) Pr(W,)

PT‘(WTIU(I),,..,U(M)): Pr(u(1)7”.,u(M))

Assuming equal apriori probabilities Pr(W,) through the
whole words, (2) can be reduced to

W = arg max Pru®, ..., u™ W) (3)

But it is not feasible to calculate this expression, ie. (1), under
limited size of data, memory and CPU capacity, we have to
suppose some dependencies between segments to simplify the
model.

The most simple one is the model which assumes that all
segments are independent each other, and the expression (1)
reduces to

Pru® .. u® W) Pru®w,) - Pr(u®)|wr)

It

M
H Pr(u(i)lWT)

=1
The 2nd. one is the model that assumes simple Markov

process where each state corresponds to a segment, then we
have

Pr(u®, ... u®™w,)

= Pr(u®|W,)Pr(u@u®, w,) - Pru®™[u™-1 w,)

(4)

Furthermore, if we could estimate all joint probabilities:
Pr(u® u®), 1 <1 < j < M, Dendroid Distribution Model’
could be used. In the dendroid distribution model, simple
Markov model is regarded as the specialized one of it. Under
this model, Pr(ul®), ..., ul™) can be obtained by finding the
minimum spanning tree, where each segment is regarded as
a tree node.
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Pria®, . MW, =

max Pr(u®™)|W,) Pr(u®2ul), w,) Priut) a2, w,)

.. -Pr(u(k"2)|u(k"1),WT) (5)
where k denotes a series of tree edge pairs:

k= ((klla k12)7 (k217 k22)a Tty (knla kn2))

Since those models described so far treat each segment as
a state of the stochastic models, they are not expected to be
robust ones. Therefore we introduce a new model by using
a number of joint probabilities between segments. We define
a new correctness measure Ry, which represents reliability
that the input speech is word W,.

uMy = ] Pr(u®,uw,) {6)
(ij)ew

Rw,(u(l), ey

where W denotes a set of segment pairs to be considered and
the maximum set is the one which has the all possible segment
combinations. Therefore recognition word W* is defined as
follows.

W* = argr%xxRWr(u(l),...,u(M))
— (OIRNE))
= argmax H Pru®,uW W) (7)
(i,.5)ey
2.2 Training Algorithm

There could be two choices of probabilistic distribution mod-
els to realize those stochastic models described above. One
is a continuous distribution model and the other is a discrete
distribution model. In the continuous model, parametric ap-
proach is used where distribution such as normal distribu-
tion is assumed and parameters of the distribution are esti-
mated. On the other hand, discrete model does not require
any assumptions of distribution and accuracy of the model
is arbitrarily determined by the number of centroid vectors
(MQ level). In this experiment, we chose discrete distribution
model.

It is required for a discrete distribution model to inter-
polate distribution when size of learning data is not enough
to train the model. We use a multiple-labelling technique,
which is used in "Fuzzy-VQ’ [8].

Accuracy of vector quantization is a parameter of quan-
tizing level L and the more L increases, the lesser distor-
tion of quantization decreases. On the other hand, due to
the limited size of learning data, estimation reliability of
the joint probabilities of segment-pairs decreases dramati-
cally when L increases. To overcome this problem, we use
'Segment-Dependent Matriz Quantization’ where partial pat-
tern of each segment is quantized by using a codeword which
is corresponding to its segment, ie. codebooks/codewords are
designed for every segments. By this method, almost equal
quantizing distortion can be obtained with lower quantizing
level compared with that of ordinary matrix quantization.
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2.3 Recognition Experiments

Three types of recognition experiments (described bellow) are
carried out using a database of vocabulary 212 words uttered
by 20 speakers (10 male and 10 female). Each recognition
test is done by using so-called “rotation method”. For in-
stance, among 20 speakers, data from 19 speakers are used
as training data, and remains from 1 speaker are used as test-
ing data. Therefore, 20 combinations are tested for these data
and recognition accuracies described bellow are the averaged
accuracies obtained from these 20 combination tests.

1. Minimum distortion word matching with segment de-

pendent MQ (MDM-SDMQ)
2. DTW(Dynamic Time Warping) word matching
3. Stochastic Word Models

(a) Model1  : Markov Model (Eq.4)
(b) Model 2 : Dendroid Model (Eq.5)
(c) Model 3 : Joint Probability Model (Eq.6)

Experimental results are shown in Table 1, where DTW
means word matching with dynamic time warping with slope
restriction 1/2 ~ 2 and L = oo means that word reference
templates are used directly to calculate distances with in-
put pattern, ie. word template matching without MQ. Three
types of segment pairs Yo, U1, ¥, of Model 3 are defined as
follows.

1. Self segment pairs only
U= {(5,0)i=1,2,...,M}

2. Adjacent segment pairs only

U= {E)li=14+1,i=1,...,M -1}
3. All possible segment pairs
Uo={(, )1 <i<j, i=2...,M}

It can be seen from this results that Model 3 with ¥,
shows the highest recognition accuracy among the stochas-
tic models. And it can be said that segment pairs not only
the adjacent ones but also the other possible pairs are very
important for word recognition.

Table 2 shows the relations between recognition accuracies
and L (MQ level) for MDM-SDMQ and Model 3 under the
condition that the number of speakers is increased up to 58.
It can be seen that recognition performance becomes better
as L increases and the performance is not affected very much
by increasing the number of speakers.
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Table 1: Performance comparison (20 speakers)
L: quantizing level

Recognition Percent Correct
Methods Top | 2 3 10
L=16 [89.7]96.0]97.5]99.3
MDM-SDMQ L=32 1923]97.2|982(99.5
(L=oc0) | 93.6 | 97.4 | 98.3 | 99.5
DTwW (L=co) | 94.8 | 98.1 | 99.0 | 99.9
Model 1 (Markov) L=16 [93.997.3]|98.5]99.5
Model 2 (Dendroid) | L=16 |94.8|97.8 | 98.5 | 99.6
Model 3 (W) 92.7 | 97.3 |1 98.5 | 99.6
Model 3 (¥,) L=16 | 94.4|97.7]|98.4 |99.5
Model 3 (W,) 95.4 | 98.4 {1 99.0 | 99.7

Table 2: Recognition performance (58 speakers)

L: quantizing level

Recognition Percent Correct
Methods Top | 2 3 10
L=16 | 88.7|94.5196.0 | 98.6
MDM-SDMQ | L=32 |90.4 |95.0]96.6 | 98.6
L=128 1 92.0 | 96.0 [ 97.0 | 98.8
(L=oo) [ 92.6 | 96.6 | 97.1 | 98.8
L=16 |94.7|97.6 | 98.3]99.3
Model 3 (¥,) | L=32 |95.6|98.1|98.6[99.2
L=64 |96.2|98.298.7(99.2

3 Segment Constrained Multiple
Template Model

Model Definition

The stochastic model Model 3 described above shows good
recognition performance, but it requires a lot of memories of
about O(L?*). Therefore some other models should be used
in place of Model 3 when we increase L to improve its perfor-
mance. One approach is to apply a clustering technique to re-
duce the number of segment pairs by merging similar segment
pairs together. Similar method is used in triphone models and
it is called as generalized triphones [9]. Another approach is
to simplify the stochastic model by replacing the joint prob-
abilities with restricted two-segment pair templates. This is
a kind of multiple template method. But the difference is as
follows: Most of word based multiple template methods have
n templates for each word, but in the method we present
here, each segment has n templates for each word and tem-
plates which can connect with the template of the preceding
segment are restricted. Fig. 2 shows an example of MQ code
sequences of a word for K speakers. It can be seen from this
figure that code numbers are different among the speakers,

3.1
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Word codebook for single template

(O[5 [2[HM[1]0]i0][8]0][6[11]7]

Code sequences for K speakers
113161141191 [11]0] 8 |11] 7
209519107491 ]|8[0]8 157
3|S5 y5|12114(1 79818961150
4195 |12{0)5 |9 f10]0]0|6]15]13
519151910 (127111100 1{0(19] 3] 3
6(9 (13120179108 |08{13] 3
K959 ]14]4(9}10]8]0(16|11]7

Figure 2: An example of MQ code sequences

but similar sub code sequences can be found across speakers.
We carried out word recognition test under following three
restrictions for inter-segment connections.

RO) Free Connections:
Every segments are supposed to be independent each
other and they have multiple templates per word.

R1) Locally Constrained Connections:
Adjacent segments are supposed to be dependent each
other and their dependencies are expressed as possible
segment code pairs table for a word. Any segment code
pair which is not in the table can not construct candi-
date word.

R2) Tight Connections:
All segments are supposed to be dependent and word
code book is constructed by multiple code sequences.
This is an ordinary multiple template method for word
recognition.

Using above segment restrictions, word recognition is defined
as finding a word candidate which has the smallest accumu-
lated distance. From the viewpoint of restrictions from train-
ing word samples, R0 is the weakest restrictions and R2 is the
strongest restrictions. So R1 which is newly presented here
is the intermediate one. Recognition comparison is shown in
Fig. 3. Rl shows the highest recognition accuracies among
the three followed by R2 and R0O. Moreover, we have had
results that the accuracies of R1 can be improved if we apply
multiple-labelling technique described in 2.2 to R1.

4 Conclusions

Two types of segment based isolated word recognition models
which make use of correlations between segments have been
investigated. One is stochastic segment model based on the
use of joint probabilities between segments. The other is
segment constrained multiple template model. Experimental
results showed that the use of correlations between segments
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Figure 3: Recognition results for segment constrained multi-
ple template models

is important for word recognition. And both of them showed
good recognition performance compared with that of DTW
matching.
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