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ABSTRACT

An efficient algorithm for clustering of GPDFs(Gaussian Probability Density Functions) in a speech recognition
model is proposed in this paper. The proposed algorithm is based on CNN with the divergence as its distance
measure and is applied to a speech recognition. The algorithm is compared with conventional Dk-means
(Divergence-based k-means) algorithm in CDHMM(Continuous Density Hidden Markov Model). The results show
that it can reduce about 31.3% of GPDFs over Dk-means algorithm without suffering any recognition
performance. When compared with the case that no clustering is employed and full GPDFs are used, the prposed

algorithm can save about 61.8% of GPDFs while preserving the recognition performance.
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Procedure main()
Read M, N (M. luster 4=, N: data 5 )
Initialize cluster weights for mean and variance
k:=2, epoch ‘= 0
for (k <= M)
while (input file is not empty)

Apply a data to the network
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if k=M
split the most erroneous group by
adding a small vector to the weight for
the group
endif
k = k+1
endfor

output cluster weights for mean and variance

end main()
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