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Acoustic Model Adaptation using Random Projection

MARIKO YosHiL ! TETsuya TakiGucHit?
and YASUO ARIKI™?

This paper proposes a novel model adaptation method for speech recogni-
tion based on random projection. Random projection has been suggested as a
means of dimensionality reduction, where the original data are projected onto a
subspace using a random matrix. Moreover, as we are able to produce various
random matrices, there may be some possibility of finding a transform matrix
that is superior to conventional transformation matrices among these random
matrices. In this paper, we adapt linear transformation to an acoustic model
using random projection. Its efectiveness is confirmed by word recognition ex-
periments on noisy speech.
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Fig.1 Examples of RM, 12 dim.
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Fig.2 Examples of RM, 36 dim.
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Random Transformation
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Fig.3 Overview of Random Transformation on speech feature
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Fig.4 Block diagram of random-transformation-based features evaluated in this paper
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Random Transformation on HMM

Test data
Speech feature H Random matrixR

Training data
Speech feature l—'l HMM l—'l Random matrixR H Recognition H Result |
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Fig.5 Overview of Random Transformation on features and HMM
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ROVER-based Random Transformation on HMM
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Fig. 6 Overview of Random Transformation on features and HMMs, and conbine them using
ROVER module
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Table 1 Feature Transformation using Random Projection

) MFCC(12dim.)— > RP(12dim.)
(2) MFCC + A+ AA(36dim.)— > RP(36dim.)
(3) Gavor(60dim.)— > RP(36dim.)

(4) Gavor + A + AA(180dim.)— > RP(36dim.)
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Fig.7 Word Accuracy of Random Transformation for MFCC and MFCC+A + AA
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Fig.8 Word Accuracy of Random Transformation for Gavor and Gavor+A + AA
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Table 2 Comparison of recognition accuracy for the number of random matrices.

Numver of RP RP
Random Matrices based on ROVER Min. Mean Max.
20 72.14 70.86 71.80 | 72.49
40 72.37 70.86 71.92 72.49
60 72.30 70.86 71.89 | 72.49
80 72.32 70.86 71.88 | 72.62
100 72.34 70.52 71.89 | 72.73
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Table 3 Comparison of recognition accuracy for the number of random matrices.

Numver of RP RP
Random Matrices based on ROVER Min. Mean Max.
20 78.11 77.84 78.03 78.27
40 78.16 77.78 78.02 78.27
60 78.18 77.78 78.03 78.27
80 78.20 77.72 78.02 78.27
100 78.21 7772 78.03 78.27
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