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Abstract

There is a growing interest in speaker verification,
which verifies someone by his/her voices. This paper
explains the ftraditional text-dependent speaker
verification algorithms, DTW and HMM. This paper
also introduces SVM and how this can be applied to
speaker verification system. Experiments were
conducted with Korean database using these algorithms,
The results of experiments indicated SVM is superior to
other algorithms. The EER of SVM is only 0.5% while
that of HMM is 5.4%.
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3o, 2 AAAFYHA vy AFgAe ARl
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AAZF Wy og= DTW(Dypamic Time Warping){1],
HMM(Hidden Markov Model){2], VQ(Vector
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2013, VQ% GMME S A Adlo] Bo] o=
ol

B =RdAt binary classifier® H2 23 w3 ¢}
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2.1 DTW (Dynamic Time Warping)
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2.2 HMM (Ridden Markov Model)

HMM2 tiX3Q Ay 2dz Exuer) g8
XZ 7}A = random HE g 7P @l HMMS $4)
A g BA SAYEY dsE 59808 74
Fat7] diel, dutgo g DTWRT & A5S
Bl WhHe) AladEke] gk die] Qul7). & =
M= NS dElE 7FAH skip path7} §13= left-to-

right HMM & A}8-3H5it)

HMM2 BEHol8E A9 #5319 g5U=gs
B, 2181 2I|AHEE 22 TAHY, A@)H ol
vhebd 4= it

A={A,B,n}={q,

ij>

b,m; i,j=LA ,N} 3)

A Ao $EgUEs gen g
M

b()=P@©,1q, =)= c,,NOsn,.R,) @
m=}

7] A

N1 R ;) =20 R, [

1 y ®)
X CX] "2"(01 _”l‘jm)TRjrln(“I ‘H,-,,.)}

°)3, M2 Gaussian mixtured] W, 4, 9 R, & 2
Z AE j9 miA Gaussian®] Bz FEAF o)
o, dv 53 9E) Ade)rt.

o, 2d weivel {A,B,z} = THdolE
likelihood, P(O[A) & HUZ st #4424, Baum-
Welch 533 qu2Fe o83t 78 & gon,
I F34e A6 2]

T, =v,0) (©)

a, ==t Q)

T
_Zv,(j)
I;'J(k) - .u;,:vk (8)
ZY. )
o714
Y, () =P(q, =i|O,A) ®

£, /)=Pg, =i.q,, =j|O,A) (10)

olt}.

- 410 -



III. SVME o] £3F 3ol A AH)
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B RBF (Radial Basis Function) network
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B Two-layer perceptron
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