AEHE JIX| S8 71B1AIZ} ARHMME O B3t BIXIAE 637

2el3 712 & 7PE X171 ARHMM<
°)-§-% A1

oM™ A8 N 2

2 o}

CDHMM(continuous density hidden Markov model)s} 4= MAPE(maximum a posteriori estimation) WY&
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Speaker Adaptation Using ARHMM Varied
Number of Branches in Each State

Kwang-Tae Kim' - Jeong-Il Seo'" - Jae-Keun Hong '

ABSTRACT

It is made the speaker adaptation model by adjusting both the mean and the variance of the Gaussian state
observation densitics of a CDHMM to use the MAPE method. However, we can’t use the MAPE method in
ARHMM because the components of LPC vector are used as the feature veclor of ARHMM. Therefore, in this
paper, we propose a speaker adaptation method of ARHMM (o adapt the speaker adaptation model having one
branch in each state after it is divided the iﬁpnt utterance, which is spoken to an adapted speaker, into states by
Viterbi algorithm and then make a typical vector using modified k-means algorithm. In addition we have
experimented another method in which cach state is represented by several branches. If the training data is insuf-
ficient, this method is not proper to train. So we vary the number of branch in proportion to the number of
frame stayed in each state, and make to absorb the characteristics of speaker’s pronunciation speed and duration
by using the distribution of the state duration adapted to the speaker. When testing 15-word Korcan domestic
name isolated word model, using the proposed method, the recognition performance was found to reduce the
error rate of speaker-independent systems more than 50%.
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(Fig. 2) The biock diagram of speaker adaptation algor-
ithm with variable branches.
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(Table 1) The recognition rate (24) of speaker indepen-
dent & dependent system.

53 3459 AP 4
M1 77.33 100.00
M2 77.33 100.00
M3 75.33 97.33
M4 87.33 96.00
M5 84.67 94.67
Fl 82.00 100.00
F2 89.33 92.00
F3 82.00 98.65
F4 88.67 100.00
F5 56.00 89.23
i ANE 80.00 98.80
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(Fig. 3) The recognition rate of speaker adaptation sys-
tem in proportion to the number of the averave
branches(%).
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(H 2) XN & Wol ol ixHEe| B 1A #(%)
{Table 2) The recognition rate of speaker adaptation

(£ 3) 749 3AAFAA 223§ g 8 P Ay
& (%)
(Table 3) The recognition rate of speaker adaptation sys-
tem using 4 states

system (%)
Tokens EXP1 EXP2 EXP3
1 6541 90.89 90.96
2 86.00 92.75 91.67
3 89.90 94.29 93.52

Tokens EXP1 EXP2 EXP3
1 65.41 88.81 90.15
2 86.00 91.25 92.75
3 89.90 92.48 94.29

& =AM Add $YE o) 83 ARHMME
1039 stAge] A A48 & A& BT
7AA & Mol o AE (2™ 3 Yehi, A
AdgoiM e BF AN #E (E 2)o Yehiih

EXP] : MLE(maximum likelihood estimation) ¥4
(Speaker Dependent Model)

EXP2: @ 9] 7HA & ZHe WY

EXP3: o3 79 7tA A4, o714 HF7HA £ M
€42 9.

(29 29 vehd uis} gol 4719 BE 7HA
714 o b3 ' A4 EE JeERITh (E 2)4A4
o) F3HE 2E 98 o v EXP29) o]
M S48 E ¥ F . MLES AFS o 3 ¥y
£ AL EXPIME $8 EE #7148 e Q)
A@o) €old ¥ ¢ 4 Ud. MLEZ F3% 34+ 3
& 3 ol /HA e 4 B § AB e 49
AE3AS & Ad2 Y F ] A&l o
# 7l 7HA& T EXP3 WP EE £71 1Y
W@ A3 E EXP2 o v S8 A4
%o %4& JehliAe £ ol 447t &
S AdF 1749 AR Re2E S8 Ao ¥
A vehd & &€ 1A

ALY PP ol 83 et Fg A
Hg 4Y¢ @ AT (X A Yeifict 718
A AAEY A2 JH4E 42 )3 7HA
FE302 A

(E 3)o1A el ug} o) o J9] HA# Z
£ EXP3 o] 743 $U € 4+ Atk cle ¥
A doled £71 & Ay 7t }E dde
dg A9 7N E AHE3E Byl @ A9 A E
g3t g ac siae] 848 B 443 Y

¢+ AeE2 AYYFol +34A

g2 3 7Hg A 4ol ¢ SlE 82 MS, A48
AF 713 Hgo) I He ¥A FL, /M3 ol I
< & 34 F5e) A& A2 (R 4, 5, 6)° e}
A

(E 4 85X} mse| elal @
{Table 4) The recognition rate of M5 speaker.

Tokens EXP1 EXP2 EXP3
1 61.48 91.11 92.59
2 85.83 95.83 95.00
3 91.43 93.33 97.14

(X 5) HA} F12] QA&

{Table 5) The recognition rate of F1 speaker.

Tokens EXPI1 EXP2 EXP3
1 71.85 97.78 100.0
2 91.67 100.0 100.0
3 95.24 100.0 100.0

(E 6) 81Xt ;59 AR

{Table 6) The recognition rate of F5 speaker.

Tokens EXP1 EXP2 EXP3
1 45.93 74.07 74.81
2 7833 84.17 76.67
3 84.76 88.57 83.81

Ao WM E EXPIY o] Fe £9 E&L
2 FAW EXP2Y PYRT AAFO| £4% B4}
JEe g A9 7 +# Ze Pl B
3 244 4% UEN 4 AdE A& 2 3%



ZAEE A g 2ol AXTL & Py ulHA
EXP229| o] F19] E& 178U W& AL 2E A
%ol 7t3 $+39

22 Y& CDHMM 2 & 334 W) A48
(E 7ol Yepith. CDHMMAME EE 4o] 3
Aglol o8 719 7HAE AHE3e ol ¥ A9
A& M3t iR Q44 %ol $4EAT
CDHMM M 7H4-2 X & Bd3 242 33
o JPHe2 Jehez @ A9 71§ A g e o
o) 4% o A9 71A & AHgghe $iol Y
F en o e X g2 HAE 349 B3 L
o A3 ZUY & U7 GEoj.

(E 7) CDHMMOI A SX1XE Yol ol BF oAl
(%)
(Table 7) The recognition rate of speaker adaptation
system in CDHMM (%3).

Tokens EXP1 EXP2 EXP3
1 76.0 88.4 94.4
2 88.7 834 97.7
3 953 91.0 98.0
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