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ABSTRACT

In this paper, we studied the speaker adaptation methods that improve the speaker independent recognition
system. For the independent speakers, we compared the resulits between bigram and back-off bigram, MAP and
MLLR. Cause back-off bigram applys unigram and back-off weighted value as bigram probability value, it has the
effect adding little weighted value to bigram probability value. We did an experiment using total 39-feature
vectors as featuring voice parameter with 12-MFCC, log energy and their delta and delta-delta parameter. For this
recognition experiment, We constructed a system made by CHMM and tri-phones recognition unit and bigram and
back-off bigrams language model.

o] W% ¥ g4 (speech recognition) 2

I.4 & ool TaE 2aleld AuZNe 88 . ale)d

BEES 22 ol J1AYL ‘217‘1551 W31

4 ko] ALgEl e B4 A F o) e Jale) Hae ojuacl 2= %Ejﬂ
]"’d 2l etk &, A2 oAb ®9 Wagad e ald daedalsle] e

Aue) o) ol SAE OB ME 2 maaw g ST SHAdE o},z] M

¥

i

* Z)EoE HA1A 249 hychol @kimpo.ac. kr)
=PHE ¢ 030109-0317, Yzl : 20034 39 17
¥ & g7 20024% JEeish SA49FID AehEsarEAs Ze gy s dTEgs

8684

www.dbpia.co.kr



T=E/Back-off bigramE <] &3 d-&F A%e9] = “—1%:’]] v‘"&@' ?i:r_"

g 24F 59 =27 vleky Ao el
Bpake] Abel Holl ok elige] gl ole}
452 oldl SAdolale] Fa- W9t dAe) al
7hel el wis] A% g pEte] 9 elwldt
Al A AT iR S gkare
=& Algsle alAES Folei oAyl A &
NIEGEER

o =FelMde a4 ekme|EFer CHMM
(continuous hidden Markov model)-& AM83}
o] FAY  codebookE WMER, 9de] =d®
back-off bigram2 &3l =& 47 vhgal
MAP(Maximum a posteriori)2t MLLR
(Maximum Likelihood Linear Regression)
ol 8atel HMM2] Zebule 28471 w2
HaaF Bl Hg gye|FS sl
23kl S el Al olojRE L =]
A A3k back-off bigram?, 344y =H&d
AR)ES, 4ol s AAAY W AY o], 5%
ol e Ao 2o 2 5 oy AR 2 =FE
38t

K e

I 9% &4 94 Axd

2.1 84xE 3

EFIE AR 200 EMlA 309 2
WA} 4] s} g2Hel hEld 5 AlEE 4
Fhedch Al dE AE AR ohe Sy gt
o F 410239 &4 doler] AHeEe] Heh %
= 24 vdelel= 16 kHzel sampling ratceet
16 bits?] si4tw=® =8ste] Database® A3}
Qub ZAWEHZE 12X MFCCH® 14k
Fnergy, ~t2|v o|&& 13 v|2F deltarls 2
23} 138 delta-delta?l &5 & 3932 ASE

sHgshsie

2.2 SAMuHH

vlo| 25 F3 wdE SA4MEE A/D HEIE
5 o]4 vlelE] R waskdc},

Pre-emphasis ¥H2 32ms Hamming
window® Akg3talsl, Overlape 16ms®E 35l
th ARl A delelde 127 MECC, 1A
Energye ZHhe] delta-Cepstrum 2 delta-
Lnergy, delta-delta-Cepstrum. delta-delta-
Energy Alsg Akaside}’™

¥ 1. Iy &
Table 1. Parameter Value.

Parameter Value
Pre-emphasis constant 0.95
Window size Hamming Windowing
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12-th order MFCC +
1-th order energy + D
+ DD = 39-th order
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Left to right model
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Fig. 1. Continuous speech recognition system.
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Table 3, Word recognition rate of bigram after
adaptation processing.

Acc(%) | MAP “%%P MLLR MDI;;R
514 A | 57.35 6474
oA B | 61.12 63.36
512 C | BB 41 | 58.69 | 62.16 | 63.68
%7 D | 56.72 65.24
#74 E | 5984 62.87

E 4. AL% ¥2) back-off bigram ®elalAg
Table 4. Word recognition rate of back-off
bigram after adaplalion processing.

Acc(%) | MAP lxgg’ MLLR M;E“PR
A A | 63.15 68.90
32 B | 6432 | 65.86
s ¢ | 63.81 ) 63.43 [ 67.35 | 68.14
374 D | 62.25 | 69.71
27 E | 63.64 | 58.8
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