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Abstract

Generally, the recognition rate of an automatic speech
recognition (ASR) system depends largely on the discriminability of
the feature vectors representing the input speech signal. To
improve the recognition rate, it is therefore, desirable to increase
the discriminating power of the feature vectors.

In this thesis, we propose a linear transformation of the
feature vector which aims to augment the recognition rate of the
ASR by increasing the discriminating power of the feature vectors.
By making use of the relative entropy of each phoneme (the unit of
recognition), the proposed method tries to shorten the distances
between within—class feature vectors, while lengthening the inter—
class distances of the feature vectors. The method is based on the
observation that as the relative entropy between two classes of
feature vectors becomes larger, the dissimilarity increases, and so
does the discriminating power between the classes. The proposed
transformation matrix of the feature vector is derived as follows:

Firstly, the objective function i1s defined as a function of the

Vi



divergence which is the average of relative entropy between
classes. Then, the objective function 1s maximized to give the
optimal linear transformation matrix by an iterative learning
algorithm, the natural gradient ascent method.

To examine the effect on the discriminating power of the
proposed method, two sets of experiments are performed using the
TIMIT corpus: a simple phoneme classification experiment using
Euclidian distance measure and a recognition experiment by an ASR
system. The results are compared with those of the well known
methods, such as PCA, LDA and Li's method and shown at least

0.28% of improvement.
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Figure 3.2 Principal component analysis
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¥ 5.1 TIMITY &4 Hol&
Table 5.1 TIMIT phone table

Phone Example Phone Example

1y beat en button

ih bit ng sing

eh bet ch church

ae Bat jh judge

X roses dh they

ax the b bob

ah butt d dad
uw boot dx butter

uh book g gag

ao about D pop

aa cot t tot

ey bait k kick

ay bite z Z00

oy boy zh measure
aw bough \% very
oW boat f fief

1 led th thief

el bottle S Sis

r red sh shoe

y yet hh hay

A wet cl (unvoiced closure)
er bird vel (voiced closure)
m mom epi (epinthetic closure)
n non sil (silence)

0(t), 0 = 10(t — 2),0(t —1),0(t), 0o(t + 1),0(t + 2]},

0=<t<T (51)




21(5.1)9 o(t) = tWAl Zdo 13 Y =+ 26 ¢S MFCC A4

Ol 1L, 0(t),,, = tHA ZH A /9 F ZH AN EAHEE HolA

TR 652k = 1304k SAME0 L, Ti= F T sl
A A WY Se A AFCAE TIMIT 858 tlolE 9

7} Sao] Tl 54 W) o 154 AEE HA¥ WE WY wo Fd

of Abgatar, UM A 85%¢ TIMIT HIAEE HolEle SAWES ¥

~E Ho]EE ARgsilth o] AFelA 15%° suE SAYE:=

S

TIMITE &7 dolH 24249 54 A4 dde EYE b4, 7F 540

(training) ¥4 ¥ HAE (test) ¥Fo =2
w8 SAMEHY HJPoeriy A g 34
HAE QLS shg oA F3 A3 W ddE HAHE 5
Bl gl Agste] FHAHPse He It SYHAHHE S ¢
olo] HAESR SAHE/VF SeAHY X dHH30s o, 257 48

AN
Mol &2 zZtzZbe] sk A (centroid) ¥ FZFEYydl A (Euclidean

o



distance) & 78 Y=, A7t 7P ke 24 19 dHolHE A4sks

e @i, 4 (6.2) 9 2o

k = arg min X, — M, 5.2
g:':i,...,-&-sli * Ju'” ( :]

A (5.2)9 x. = tWA HAES SAUEE, po (WA 529 A,

ke x 9 A 7 AR S k) NS teha,

i training
training data /
set ;
Y
dlSCI‘lmlr‘laI’lt test
analysis /
P S
test data : | transformation | ! clustering
> ; : > :
set matrix W engine

...............................................................

7% 5.1 WA WE W Zeage BE tholo] 13
Figure 5.1 Block diagram of discriminative transformation and
clustering
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(9) (h) (i)

1Y 5.2 BE Aszhe] ERWE S &
Figure 5.2 Distribution of feature vectors of vowels




2% 5.3 B A5 5AME ] ¥
Figure 5.3 Distribution of feature vectors of vowel and consonant
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% 5.4 PCAE A&t B3 Aszte SAWE
Figure 5.4 Distribution of feature vectors of vowels after
transformation by the PCA

_52_




100

-100
1o

100

-100
1o

1o

% 5.5 PCAE A&t B39 2520 SAWE
Figure 5.5 Distribution of feature vectors of vowel and consonant
after transformation by the PCA
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% 5.6 LDAE A&t S FEIte] SEAWE S #x
Figure 5.6 Distribution of feature vectors of vowels after
transformation by the LDA




% 5.7 LDAE A&t B A5 SEAHWE S #x
Figure 5.7 Distribution of feature vectors of vowel and consonant
after transformation by the LDA




A0 0 00

7% 5.8 Li WS AL B Ase EARME By
Figure 5.8 Distribution of feature vectors of vowels after
transformation by the Li’'s method

_56_




79" 59 Lio WS 483 B3 A5 SAHH]
Figure 5.9 Distribution of feature vectors of vowel and consonant
after transformation by the Li’s method
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(d) (e) (f)

79 5.10 Ae e A 2o Aazie] SAuEe] Bx
Figure 5.10 Distribution of feature vectors of vowels after
transformation by the proposed method
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79 5.11 Aokt WS A L9k 5y A5 EAHES ¥
Figure 5.11 Distribution of feature vectors of vowel and consonant
after transformation by the proposed method
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o8l HAg stk o] 2 EdAE 29 5.49 559 T AEEAY
Bk S Abole] A delAal, 4 Fa Ui #AR fhadsls

= ¢ g 303, 1% 5.63 579 AY WAZAYI 1™ 599 5.10
o] Li®l YR Y= o4 Aol AE7F "ol Ras AR o
Utk 53] 19 5.119 (a), (o), (@), (e), MDolAM= 7IEHe] t& W
=oll 19
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::2

S0 W] ol ANHATE & 5 vk

[‘

3* 5.3 54 @99 SYAEHA A9
Table 5.3 Clustering result of phone unit

2191 13 =¥ 26 =¥
. Fisher Hit Error Fisher Hit Error
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Figure 5.12 Phone recognition procedure
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Table 5.4 Recognition rate of e phone on 13 dimensional feature

vectors
e Li’ s Proposed
Phone MFCC (%) | PCA (%) | LDA (%) method (%) | method (%)
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ae 60.6 61.2 62.9 63.3 63.2
ah 49.6 49.6 49.1 50.1 49.2
ao 62.4 61.9 69.8 70.5 70.8
aw 45.9 46.3 51.5 50.5 53.3
ay 49.4 o57.4 66.1 65.2 66.5
b 67.5 59.7 72.8 73.6 73.4
ch 71.0 66.2 75.7 78.2 78.7
d 4.3 48.7 64.6 65.1 63.0
dh 60.2 60.5 51.9 53.9 53.4
dx 43.8 5l.2 75.3 74.1 76.7
eh 36.8 40.6 45.5 46.0 43.6
el 58.8 56.4 61.8 62.5 63.8
en 57.1 48.7 59.1 59.2 59.2
er 60.9 60.8 64.0 64.2 64.5
ey 58.6 64.2 65.6 66.8 67.5
f 81.2 79 83.4 84.1 83.0
g 55.6 4.9 64.1 64.1 66.4
hh 64.5 65.1 76.1 75.0 75.0
ih 40.7 42.8 57 53.6 52.9
1y 50.9 54.9 64.4 64.4 64.5
jh 59.8 58.7 63.0 64.3 60.9
k 76.2 78.6 71.8 73.9 76.0
m 63.9 57.5 65.9 66.8 68.0
ng 64.7 60.3 64.0 64.4 64.4
ow 23.8 33.5 33.3 33.6 34.1
oy 47.2 47.0 63.9 63.1 62.5
) 69.2 75.0 69.5 71.4 71.4
r 64.3 61.9 67.7 68.5 69.2
S 74.4 79.3 380.9 81.3 82.7
sh 72.4 75.7 85.5 86.2 84.9
sil 86.6 83.9 93.8 93.7 93.6
t 56.8 58.0 64.8 60.2 61.8
th 62.9 57.5 47.7 46.9 48.6
uh 27.9 36.4 43 43.5 43.3
uw 47.6 47.3 56.7 o57.4 58.5
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Table 5.5 Recognition rate of each phone on 26 dimensional feature
vectors

O Abm



Rl Li" s Proposed
Phone MFCC(%) | PCA (%) | LDA (%) method (%) methpod (%)
ae 67.5 66.8 70.6 71.3 72.3
ah 53.4 56.7 53.0 53.2 54.0
ao 75.7 71.3 74.2 74.5 75.6
aw 69.2 63.4 62.9 64.5 63.6
ay 74.8 74.6 78.4 79.6 79.7
b 76.2 68.9 78.6 78.4 78.2
ch 76.1 70.6 75.7 76.1 73.6
d 70.9 64.3 64.5 65.7 68.2
dh 53.9 60.3 57.3 58.2 58.9
dx 67.5 7.7 83.3 82.5 82.2
eh 40.7 41.8 46.2 46.0 46.5
el 67.1 66.3 65.9 67.0 66.7
en 62.3 64.9 63.9 64.6 64.8
er 67.3 64.9 61.0 62.5 63.3
ey 74.9 76.0 7.4 77.9 77.2
f 85.3 84.4 82.8 82.9 83.7
g 75.1 72.2 72.6 73.2 74.3
hh 81.9 2.7 83.9 85.0 84.4
ih 50.5 50.3 61.2 60.0 61.4
1y 75.8 70.9 73.9 74.3 74.8
jh 66.7 59.9 71.1 68.8 70.2
k 75.6 82.0 74.1 76.0 77.6
m 73.4 70.6 72.1 72.2 74.3
ng 74.3 72.0 76.8 75.8 75.4
oW 49.9 45.1 47.1 48.8 48.1
oy 78.5 66.7 71.7 71.4 73.5
p 76.3 4.7 71.5 71.9 72.6
r 2.7 67.6 75.0 73.6 72.8
S 82.5 81.8 78.6 80.7 81.3
sh 85.8 85.7 85.9 86.5 85.1
sil 93.6 90.5 94.8 95.0 94.6
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t 64.7 63.7 68.0 65.1 65.9
th 58.4 57.1 48.5 53.1 48.8
uh 31.4 41.5 42.8 44.2 45.0
uw 57.3 55.8 56.2 57.6 58.2
v 68.8 64.9 62.0 62.0 62.4
W 81.9 79.6 77.3 78.0 80.3
y 80.9 78.7 78.0 78.5 78.8
z 65.2 67.5 71.7 65.2 66.2
Ht 69.33 67.80 69.50 69.78 70.11
¥ 5.59 1% 5.1494 %= QAEo] ¥ 5 A= 25 H
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Figure 5.13 Recognition rate of each phone on 13 dimensional
feature vectors
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Figure 5.14 Recognition rate of each phone on 26 dimensional
feature vectors
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Table 5.6 Recognition rate of phone on 13 dimensional feature

vectors
Correct(%) | Accuracy (%) Hit Insertion| Total
MFCC 56.05 45.77 35259 6472 62901
PCA 53.83 44.64 33857 5781 62901
LDA 63.59 54.41 40000 5774 62901
Li 63.71 54.73 40074 5650 62901
Proposed 63.83 55.14 40147 5464 62901
QA& (%)
70 ;
s JIl)eiso 63.71
65 . / . $ 6383
60
55 — .;173 ;
54.41 ’
50
45 -
45.77 44.64
40 | - - I
MFCC PCA LDA Li Proposed
—4—Correct(%) == Accuracy(%)

2% 5.15 132kl SAME o digk 54 A4 E
Figure 5.15 Recognition rate of phone on 13 dimensional feature
vectors
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Table 5.7 Recognition rate of phone on 26 dimensional feature

vectors
Correct(%) | Accuracy (%) Hit Insertion| Total
MFCC 66.65 56.95 41922 6101 62901
PCA 63.80 54.51 40132 5843 62901
LDA 67.85 59.28 42679 5389 62901
Li 67.92 59.43 42720 5338 62901
Proposed 68.01 59.71 42779 5219 62901
QA E(%)
70
66.65 ——— —g 68.01
67.85 67.92
63.8
59.71
60 —-
l\./.sg.zs 59.43
55 56.95 451
50
MFCC PCA LDA Li Proposed
—4— Correct(%) == Accuracy(%)

2% 5.16 262k SAME O digk 54 A4 E
Figure 5.16 Recognition rate of phone on 26 dimensional feature
vectors
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