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Speaker verification system robust to speaking style variation

using multiple kernel learning based on conditional entropy
minimization

TETsuJ1 Ocawa, ! HipEITsu HiNo,"2 NoBORU MURATA 2
and TETSUNORI KOBAYASHIT

We developed a new speaker verification system that is robust to intra-speaker
variation. There is a strong likelihood that intra-speaker variations will occur
due to changes in speaking styles, the periods when an individual speaks, and
so on. It is well known that such variation generally degrades the performance
of speaker verification systems. To solve this problem, we applied multiple ker-
nel learning based on conditional entropy minimization, which impose the data
to be compactly aggregated for each class and ensure that the different classes
were far apart from each other, to speaker verification. Experimental results
showed that the proposed speaker verification system achieved a robust perfor-
mance to intra-speaker variation derived from changes in the speaking styles
compared to the conventional maximum margin-based system.
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MCEM: Multiple kernel learning algorithm based on conditional entropy minimization
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Fig.1 MCEM: Multiple kernel learning algorithm based on conditional entropy minimization. V,,
and V', denote the within-class cavariance matrix and between-class covariance matrix, re-
spectively, in the feature space.
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Fig.2 Conceptual image of iterative optimization in MCEM algorithm. Dotted lines express class-
conditional entropy, and solid lines express upper bounds of class-conditional entropy (i.e.,
objective function in KFDA).
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Table 1 Types and SPLs of noise exposed to subjects.

Notation | Type of noise SPL (dB(A))
car in-car noise 60
dep in-department-store noise 60, 70, 75
pin pink noise 60, 70, 75
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Table 2 Experimental conditions for acoustic 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 3 Kernel functions and parameters used in this study.

k(z,z’) parameter
RBF exp(—ol|lz —2'||?) o =0.01,0.05,0.1
polynomial (T2’ +1)¢ d=2,3
linear zTax’ —
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Table 4 Equal error rate (EER) (%) for the speaker verification systems using the RMKL-based
SVM and MCEM-based SVM under various conditions in the speaking styles. “Improve.”
is represented by an EER improvement rate (%) produced by the MCEM-based system
compared to that produced by the RMKL-based one.

Speaking style RMKL MCEM

Training Test EER EER Improve.

data data (%) (%) (%)

NC NC 6.25 5.86 6.24

pinLC75 pinLC75 8.00 7.67 4.13

Average 7.13 6.77 5.18

NC 9.25 8.14 12.0

carLC60 9.97 9.50 4.71

pinLC60 9.75 8.75 10.26

pinLC70 8.44 7.25 14.10

NC + pinLC75 pinLC75 8.72 8.25 5.39

depLC60 9.25 8.06 12.86

depLC70 9.25 8.50 8.11

depLC75 9.83 9.00 8.44

Average 9.31 8.43 9.48
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