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Gaussian Mixture Selection Using Context-independent HMM

for Efficient Acoustic Computation

AKINOBU LEE,t TATSUYA KAWAHARA' and KIYOHIRO SHIKANOf

We address a method to efficiently select Gaussian mixtures for fast acoustic likelihood
computation. It makes use of context-independent models for selection and back-off of cor-
responding triphone models. Specifically, for the k-best phone models by the preliminary
evaluation, triphone models of higher resolution are applied, and others are assigned like-
lihoods with the monophone models. This selection scheme assigns more reliable back-off
likelihoods to the un-selected states than the conventional Gaussian selection based on a VQ
codebook. It can also incorporate efficient Gaussian pruning at the preliminary evaluation,
which offsets the increased size of the pre-selection model. Experimental results show that
the proposed method achieves comparable performance as the standard Gaussian selection,
and performs much better under aggressive pruning condition. Together with the phonetic
tied-mixture (PTM) modeling, acoustic matching cost is reduced to almost 14% with little
loss of accuracy.
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Fig.1 Gaussian Mixture Selection using context-
independent HMM.
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Table 1 Average cluster size for SGS.

thres avg. num of Gauss.
0.9 887
1.1 1503
1.3 2325
1.5 3356
1.7 4588
1.9 5997
2.1 7548
2.3 9198

num of clusters = 1119
total num of Gaussians = 32000
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Table 2 Comparison of methods with tied-state triphone.

GS #Gauss. total word
method Gser Gpre %Gauss %err.
no GS 15772 100.00 4.5
SGS 2.1 6672 1119 49.40 4.5
1.7 4132 1119 33.29 5.2

1.3 2222 1119 21.18 6.2

0.9 971 1119 13.25 15.7

GMS 48 6660 690 46.60 5.1
24 3712 690 27.91 5.9

8 1468 690 13.68 6.4

4 824 690 9.60 8.6

SGS param.: cluster distance threshold
GMS param.: num of monophone states to select
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Fig.2 Selection performance of SGS and GMS.
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Fig.3 Comparison of selection models.

03 OO00bOOooooboooooa
Table 3 Computational cost of monophones for selection.

total computed
model #Gauss. #Gauss. rate
16mix 2064 690 | 33%
8mix 1032 465 | 45%
4mix 516 300 | 58%
2mix 258 191 74%

04 PTMUIOOO GMSOODO
Table 4 Effect of GMS on PTM.

#Gauss. total word

method Gsel Gpre %Gauss %err.

PTM 8192 - 100.00 5.9
+Gprune 1724 - 21.05 5.9
+GMS 434 690 13.61 6.0

selection model: 16 mix. monophone, select 16-best states
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Table 5 System performance.

word time
Yoerr. | (xRT)
without GMS 9.6 1.06
7.8 1.42
with GMS 7.8 0.99

model: PTM, CPU: Pentium 850 MHz, OS: Linux
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