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Abstract: Language model is an important part in the speech recognition system, the current mainstream technique is
n-gram model. However, n-gram language model still has some shortcomings: the first is poorly to describe the
long-distance information of a sentence, and the second is to arise the serious data sparse phenomenon; essentially they
are the two important factors influencing the performances of the model. Aiming at these defects of n-gram language
model, the researchers put forward a recurrent neural network (RNN) modeling technique, with which, the training for
the English language model has achieved good results. According to the characteristics of the Chinese language, the
RNN method is used for training the Chinese language model; also a model combination method to combine the ad-
vantages of the two models is proposed. The experimental results show that: the perplexity of RNN model has a certain
decline, there is also a certain decline on the system recognition error rate, and after model combination, the recognition
error rate reduces much more on the Chinese phone speech recognition, compared with the n-gram language model.
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Fig.1 The basic block diagram of Chinese speech recognition system
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Fig.3 The processing flow of Chinese corpus
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Table 1 The performance comparison between RNN and 3-gram language models

. n-gram(KN3 RNN
R 2T s B p— gram( WEI){/% PPL WER% PPL FF%%/% WER R [%5%/%
100 166.3 42.09 1583 40.2 481 4.49
200 166.3 42.09 157.6 40.1 5.23 472
300 166.3 42.09 156.6 40.08 5.83 477
400 166.3 42.09 155.4 39.96 6.55 5.06
500 166.3 42.09 154.5 39.87 7.1 5.27
600 166.3 42.09 155.2 39.93 6.67 5.13
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Table 2 The comparison of recognition performance after combination of two models

" RNN-+r-gram n-gram RNN . .
SRR 5 n- LENFEZ/% 5 RNNAHEL N REA/%
[ E 0 A WER'% WER' WER% 5 n-gram ML FER/% 5 AR LT B/ %

100 39.23 42.09 40.2 6.79 241
200 39.14 42.09 40.1 7 2.39
300 38.6 42.09 40.08 8.29 3.69
400 38.62 42.09 39.96 8.24 3.35
500 38.56 42.09 39.87 8.38 3.28
600 38.59 42.09 39.93 8.31 3.35
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