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ABSTRACT

In this paper, we studied the speaker adaptation methods that improve the speaker independent recognition
system. For the independent speakers, we compared the results between bigram and back-off bigram, MAP and
MLLR. Cause back-off bigram applys unigram and back-off weighted value as bigram probability value, it has the
effect adding little weighted value to bigram probability value. We did an experiment using total 39-feature
vectors as featuring voice parameter with 12-MFCC, log encrgy and their delta and delta-delta parameter. For this
recognition experiment, We constructed a system made by CHMM and tri-phones recognition unit and bigram and

back-off bigrams language model.
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Table 1. Parameter Value.
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Table 2. Recognition results of mixture coefficient
for practice data.t

mixture 7l | Corr. Acc. WER
274 80.88 75.61 24.39
47 86.60 83.31 16.69
64 91.15 89.03 10.97
874 93.89 | 92.45 7.55
1074 95.67 95.83 4.37
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Table 3, Word recognition rate of bigram after
adaptation processing.

Acc(%) | MAP 1\%‘:; MLLR MSéJ_‘,Er_‘R
7 A | 57.35 64.74
54 B | 61.12 63 36
3}AL C | 58.41 | 58.69 | 62.16 | 63.68
7 D | 56.72 65.24
57 B | 59.84 62.87
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Table 4. Word recognition rate of back-off
bigram after adaptation processing.

Acc(%) | MAP I\%‘g MLLR Mié“_l_L;R
%% A | 6315 68.99
5t B | 64.32 65.86
34k C | 63.81 | 63.43 | 67.35 | 68.14
33 D | 62.25 69 71
5 E | 63.64 68.8
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