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ABSTRACT

The steady part of a phoneme becomes short or is

sometimes even lost as its utterance speed increases or

in natural conversation. Thus, a robust recognition

model can be constructed by focusing on the glide

passage parts in speech instead of on the phonemic

stationary parts. On the other hand, the trajectories

in feature space are generally curved. If an increase

in likelihood corresponds to an increase in the degree

of recognition accuracy, it is desirable that the curve-

like trajectories are transformed into straight lines. In

addition, an increase in the degree of recognition ac-

curacy can be expected since degeneration of the fea-

ture space can be avoided by imposing the constraint

that the distance between the centers of distributions

is large. The results of computational evaluation tests

on CV syllable glides for 50 ms showed syllable recog-

nition rate of 87.1%.

1. INTRODUCTION

The steady part of a phoneme becomes short or is

sometimes even lost as its utterance speed increases

or in natural conversation. Therefore, the recognition

accuracy decreases when utterance speed increases[1].

Although many speech recognition systems focus on

the steady part of a phoneme, It is possible that posi-

tive use of the glide part will increase the recognition

accuracy. If we interpret the glide part as a trajectory,

triphone, segment model [2, 3] or trajectory model [4]

can be used for recognition of the glide part. How-

ever, if suÆcient data are not available, it is diÆcult

to use these methods because they require many data

when many parameters are estimated. We feel that a

model should have as small a number of parameters as

possible if the number of sampled data is limited.

If human utterance is optimal mechanism with re-

gard to movement of articulation points, we believe

that the trajectories in feature space corresponding to

their movements are optimized. Generally, the trajec-

tories in the feature space are curved. When the tra-

jectories are considered to be the shortest paths, they
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Figure 1: A conceptual �gure showing transformation

of curve-like trajectories into straight lines.

can be interpreted as being geodesics in the feature

space, and the feature space is a non-Euclidean space.

If we have a transformation function that transforms

curve-like trajectories into straight lines, the likelihood

of an observation vector can be increased when we use

the hidden Markov model. In addition, if we also con-

sider the distance between phonemes when deriving a

transformation function, it is possible to improve the

recognition accuracy.

In this paper, we propose a abovementioned trans-

formation and we show the e�ectiveness of our recog-

nition method for Japanese CV syllables using HMM

with a mono-normal distribution.

2. THE TRANSFORMATION OF

A COORDINATE SYSTEM

We assume that the degree of recognition accuracy

increases when the likelihood increases. Then it is

desirable that the trajectories of the glide part are

straight lines. Therefore, we consider a constraint

condition that transforms curve-like trajectories into

straight lines.

It is assumed that the glide part between the

phonemes =Pi= and =Pj= is transformed into a straight
line. In addition, the amount of movement for every

unit of time is constant for any direction in the trans-

formed space. Figure 2 is a conceptual �gure based on
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this scheme in a two-dimensional plane. We assume

that the relationship between the amount of movement

and a coordinate is

�x̂ =

�
cos g(x) � sin g(x)
sin g(x) cos g(x)

�
f(x)

�
cos �ij

sin �ij

�
:

The glide part in the transformed plane is a straight

line and forms an angle of �. Hence, � is a function of

only the previous and following phonemes. As it ro-

tates after expanding and contracting the unit vector

on the transformed plane by f(x), it becomes equal to
an estimated di�erential vector on the feature plane.

Hence, if the functions f; g and � are determined, a

vector �eld, a(x; y), on a feature plane will also be

determined. A coordinate system can then be con-

structed by solving the line ow equation

dx

a1(x; y)
=

dy

a2(x; y)
:

We expand this consideration into an n-dimensional
space. An estimated di�erential vector in a feature

space is de�ned by

�x̂ = R1 � � �Rn�1f(x)e
ij ;

where

e
ij =

0
BBBBB@

cos�ij1 � � � cos�
ij
n�2 cos�

ij
n�1

cos�ij1 � � � cos�
ij
n�2 sin�

ij
n�1

cos�ij1 � � � sin�
ij
n�2

...

sin�ij1

1
CCCCCA
;

Rk = (rk;mn);

rk;mn =

8>>>><
>>>>:

cos(gk(x)) (m = n;m = 1; k + 1)

1 (m = n;m 6= 1; k + 1)

� sin(gk(x)) (m = k + 1; n = 1)

sin(gk(x)) (m = 1; n = k + 1)

0 (other);

f(x) = Maxf
NX
i

aix
2
i +

NX
i

bixi + c; "g;

g(x) =

8><
>:

2� (
PN

i bixi + c � 2�)

�2� (
PN

i bixi + c � �2�)PN

i bixi + c (other)

:

We adopt the square error between observed and esti-

mated values,

J (1) =
X
s2S

PsX
j

(�x̂s;j ��xs;j)
T (�x̂s;j ��xs;j);

as a criterion. Hence, S and Ps are a set of utterances
and the number of frames on each utterance, respec-

tively.
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Figure 2: Changes in the distributions on a trans-

formed plane due to a di�erence in the densities of

the axes of coordinates.

We described a method by which trajectories are

transformed into straight lines. However, there is pos-

sibility that this method causes the transformed space

to degenerate into a low-dimensional space. The de-

generation of a space is not necessarily connected with

a decreasing degree of recognition accuracy. However,

if the number of data is suÆcient, the separability of

distributions increases when the space does not de-

generate. Therefore, we add the constraint conditions

that the feature space does not degenerate and dis-

tance between the distributions of phonemes is large.

The distribution of phonemes is relatively at com-

pared to the shape of a normal distribution, because

kurtosis of the one of the phonemes is negative. There-

fore, we aim to improve recognition accuracy by us-

ing transformation-sharpening distributions. In other

words, the density of axes of coordinate axis near the

center of the distributions is made sparse and the den-

sity of the coordinate axis at the circumference is made

dense by the transformation. Figure 1 is a concep-

tual �gure based on this scheme in a two-dimensional

plane. Since the density at the circumference in Fig-

ure 1 (b) is dense compared with that in Figure 1 (a),

the distance between distributions becomes relatively

large after a transformation. Although it is a simple

method, we adopt the following criterion:

J
(2)
ij = maxff((�i + �j)=2)� (f(�i) + f(�j));�0:05g:

Here, �i is the center of the phoneme =Pi=. The follow-
ing equation is the criterion for increasing the distance

between phoneme distributions:

J (2) =
X
ij2M

(p(i) + p(j))J
(2)
ij

dij
p
N

;



dij = (�i � �j)
t��1i (�i � �j):

where �i and p(i) are the covariance matrix of =Pi=
and the output probability of phonem =Pi=, respec-
tively. Consequently we compute f; gm and � which

minimize a criterion

J = J (1) + wJ (2):

A tangent vector at point bfx will be obtained if

e = (0; . . . ;
i

�1; . . . ; 0) is substituted for equation ??. We

interpret its tangent vector as the i-th coordinate axis

in the transformed space. When a ow line through

an arbitrary point x0 is de�ned by f(t) (f(0) = x0),

the distance between x0 and y in the transformed co-

ordinate system is de�ned by

y =

Z t0

0

f(t)dt:

We expand this consideration into an n-dimensional
space. When an arbitrary point x0 is �xed at the origin

point, a coordinate of y is de�ned by a combination of

si that satis�es the equation system

8>>><
>>>:

x1 =
R s1
0

f1(t1)dt1
...

xn�1 =
R sn�1
0

fn�1(tn�1)dtn�1
y =

R sn
0

fn(tn)dtn

:

An abovementioned method requires a large com-

putation cost. Reducing the dimensions of the feature

space is e�ective method for reducing computational

cost. In this study, we compute the vector used in or-

der to degenerate the feature space using the following

equation:

�P
i �

P
j 6=ix

t
ij�ixij = 0;

where

�i = ((x1 � � �xi)t��1i (x1 � � � bfxi))

xji = (x1 � � �xi)t(�j � �i):

3. EXPERIMENT

The data are the 50-ms durations of the glide parts

of 71 Japanese CV syllables in 52,400 words uttered by

10 males in an ATR speech database. A total of 47,160

words are used for learning data and 5,240 words are

used for test data. The total number of syllables is

11,184. The experimental conditions are shown in

Table 1. We performed three experiments, using a

space degenerated to 8-dimensional space, a degener-

ated space transformed to an 8-dimensional space, and

Table 1: Experimental conditions

Sampling frequency 10 kHz

Analytical method 12-order LPC

Frame length 25.6ms (256 samples)

Shiftting 2.5ms (25 samples)

Preemphasis 1 - 0.95 z�1

Window Hamming

Feature vector 12-order LPC cepstrum

+ 12-order � cepstrum

Table 2: Experimental results

Transformation Dimension Accuracy

use 8 87.1%

non-use 8 80.3%

non-use 12 83.1%

a non-degenerated 12-dimensional space. Three-state

left-to-right HMM models with no skipping were used.

The experimental results are shown in Table 2. The

recognition accuracy using the transformation method

was better than that when the transformation method

was not used. Figure 3 shows a comparison of the

recognition accuracies of transformed space and non-

transformed space in an 8-dimensional space. The ab-

scissa axis is the recognition accuracy for every syllable

using transformation and the ordinate axis is that non-

using transformation. However, syllables that have

less than 10 test data are not shown in the Figure

3. Many points are above the diagonal line, indicat-

ing that the accuracy of many syllables is improved by

using transformation.

We use two criteria: an increasing linearity of tra-

jectories and an increasing distance between distribu-

tions. We investigate which of those two criteria ef-

fectively contributed to an increase in the degree of

recognition accuracy.

The �rst investigation is the linearity of trajecto-

ries. The following value was used for evaluation of

linearity:

L(g) = �Ng

s �Ps
i

1

Ps
; d(l(n)s ;x

(n)
s;i )=ds:

where Ng; Ps; ls;xs;i; d(_) and ds are the number of ut-
terances of syllable g, the number of frames of utter-
ances s, the regression line of utterance u, the fea-

ture vector of utterance s at time i ,the function for

calculating the distance between a line and a point,

and the distance between the start and end frames at

utterance u, respectively. Figure 4 shows a compari-

son of the linearity of transformed space and that of

non-transformed space in an 8-dimensional space. The
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Figure 3: Changes in the degree of recognition ac-

curacy due to coordinate transformation using an 8-

dimensional space.

abscissa axis is the linearity for every syllable using

transformation and the ordinate axis is that not using

transformation. Many points are below the diagonal

line, indicating that the linearity of many syllables is

improved by using transformation. An increase in the

degree of linearity is thought to indicate an improve-

ment in recognition accuracy. The second investiga-

tion is the increasing distance between distributions.

However, we consider that the recognition accuracy

is actually related to the normality of distributions.

Therefore, we investigated the normality of data for

every state of HMM. The following value was used for

evaluation of linearity:

S(g)
s = �Ng

u �Pu
i p(i)v(i)2

�
((�

Ng

u �Pu
i p(i))� 1)3D(D + 1)

(�
Ng

u �Pu
i p(i))3

;

where

v(i) = (Xi � �Xg;s)
T��1g;s(Xi � �Xg;s):

Here, D; �Xg;s and �g;s are the dimensions of the fea-

ture space, center of state s and the covariance matrix

of state s, respectively. Figure 5 shows a compari-

son of the normality of transformed space and that of

non-transformed one in an 8-dimensional space. The

abscissa axis is the normality for every syllable and

state of HMM using transformation and the ordinate

axis is that not using transformation. Many points are

distributed near the diagonal line, indicating that the

normality of many states of HMM was not changed by

transformation. Consequently, we consider that the in-

creasing degree of linearity causes improvement in the

degree of recognition accuracy, because the normality

did not change.

4. CONCLUSION

Since it is known that the steady part of a phoneme

becomes short in continuous speech, we attempted to
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Figure 4: Change in the degree of linearity of the

glide part due to coordinate transformation using 8-

dimensional space.

-100

-50

0

50

100

150

200

250

300

350

400

-100 -50 0 50 100 150 200 250 300 350 400
normality (8-dimensional non-transformed space)

no
rm

al
ity

 (
8-

di
m

en
si

on
al

 tr
an

sf
or

m
ed

 s
pa

ce
)

Figure 5: Changes in the degree of normality due to

coordinate transformation using 8-dimensional space.

recognize syllables in continuous speech by focusing

on the glide parts in speech. The transformation of

curve-like trajectories into straight lines improves the

degree of recognition accuracy.
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