Vol.2010-SLP-84 No.27
oooooooooo 2010/12/21

IPSJ SIG Technical Report

gobooboobotoobuobboobobon
goooon

O o o oft O O O 0Of? oooo oofs
O 0 0 12 0O O O ot

go0ooooooooooOoOoOObOOO0OO0O0oOoooooooooooooOOOoDOOn
goo0o0oooooooOoOoOoO0O0O000oooooooooooOOoObbO0ono
gooooooooooooOoOOOO00o0o0oOoooooooooOooOoOObbOOOO
gooooooooooooOobOOoOo0oOoooooooooooooOOoboboOooo
g0o00o0oooooooooOoOoOoOoOo0000oooooooooooboobobb0obo
goooooooooooooooooooooooooooooooobooOoOog
gdobooooooooooooboOoOoo0ooooooooooooOoObObboOoOoo
gooooooooooOoOoOoOoOooOo0oOooooooooooOOObOOOOOOOo
obooooboobooOooooOo0ooOoOoO0ooOoOoO0OO0OOO00O0O0000b0Ob0000
gooooooooooooono

Investigation on optimization in speaker recognition

using multiple kernel learning

TETSUJI Ocawa, Tt HipErrsu Hino,™? Nima REYHANI, 3
NoBORU MURATAT? and TETSUNORI KOBAYASHI™

We investigated the relation between the optimization algorithm for multiple
kernel learning (MKL) and the speaker recognition performance. Most of the
kernel methods applied to speaker recognition systems require a suitable kernel
function and its parameters to be determined for a given data set. In contrast,
MKL eliminates the need for strict determination of the kernel function and
parameters by using a convex combination of element kernels. In the present
paper, we focused on the optimization criterion and algorithm applied to MKL.
We compared an MKL algorithm based on conditional entoropy minimization
(MCEM) with a conventional maximum-margin-based MKL algorithm in terms
of speaker recognition accuracy; the MCEM-based system reduced the speaker
error rate as compared to the maximum-margin-based system.
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MCEM: Multiple kernel learning algorithm based on conditional entropy minimization

Input: A set of kernel functions {ks (mi,m)}f:h training data D={a;}i,, ; €R"™,

class labels {y:}1, y;: € {1}, and a regularization parameter ¢ for KFDA.

Initialization: Calculate kernel matrices {Ks}le using D. Initialize the combina-
tion coefficients B8(®) = {ﬂgo)}le of element kernels by random values such that
S5 8% =1 and BO >0,

Repetition: Until convergence, from ¢ = 1:
a optimization step: Solve a KFDA minimization problem for fixed 8¢~ to

obtain a®:
min [aT(Vw(,B“*l)) +(K)a| s.t. o' Vya = const. 9)
[
B optimization step: Minimize the conditional entropy of the classification

function f(x; a®, B) for fixed a® to obtain B8™®):
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Fig.1 An iterative algorithm for minimizing class-conditional entropy.
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Fig.2 Conceptual image of iterative optimization in MCEM algorithm. Dotted lines express the
class-conditional entropy, and solid lines express the upper bounds of the class-conditional
entropy (i.e., the objective function in KFDA).
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Table 1 Experimental conditions for feature extraction.

sampling frequency 16 kHz
frame length 25 ms
frame shift 10 ms

analysis window Hamming window

1—0.97z"1

pre-emphasis
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Table 2 Speaker error rates (%) for GMM, SVMs with a single kernel, and SVMs with multiple
kernels. In Exp. 1, each pair of 20 speakers was classified. In Exp. 2, 20 speakers were
classified.

System Exp. 1 Exp. 2
GMM (UBM-MAP) 3.0 42
RBF k(x, z’)=exp(—0.01 - || — x'||?) 1.0 0.046
RBF k(x, 2’') =exp(—0.05 - || — z'||?) 12.0 12.6
SVM RBF k(x, 2" ) =exp(—0.1- ||z — 2’||?) 27.1 4.4
(single kernel) Polynomial | k(z,2’)=(zTa’ 4+ 1)2 2.5 0
Polynomial | k(z,2’)=(z"a’ +1)3 1.9 0
Linear k(x, 2 )=a =z’ 5.7 0
SVM RMKL 1.6 0
(multiple kernel) MCEM 1.4 0
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Fig.3 Mean values of learned combination coefficients for element kernels such as RBF kernels with
o = 0.01,0.05, and 0.1, polynomial kernels with d = 2 and 3, and a linear kernel in the
R-MKL-based system (a) and MCEM-based system (b).
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