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A Method of Multi-Scale Forward Attention Model for
Speech Recognition

TANG Hai-tao,XUE Jia-bin, HAN Ji-qing
(School of Computer Science and Technology , Harbin Institute of Technology ,Harbin , Heilongjiang 150001 , China)

Abstract. Attention-based model is a popular model in speech recognition,however it has a disadvantage that the at-
tention-based model may produce abnormal scores. To solve this problem, this paper first proposes a forward attention mod-
el, which adopts normal attention score at the previous moment to smooth the abnormal score at the current moment. Then,
the model is optimized to add constraint factors to the attention score at the previous moment to achieve the purpose of adap-
tive smoothing of the above abnormal scores. Then,a multi-scale forward attention model is proposed on the above model.
This model introduces a multi-scale method to model the speech primitives of different levels,and then fuses the target vec-
tors of different levels to solve the outliers of attention score. In the experiment, SwitchBoard is adopted as the training set
and Hub5’ 00 as the test set. Compared with the baseline system,the Word Error Rate (WER) of the proposed system de-
creased by 14. 28% relatively.
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F 1 REIKREIRF I ZRETE 2R A9 AT i)

R SW(%)|CH(% ) |SW +CH(%) | time(h)
Au_200 13.3 | 24.8 19.4 141
Au_100 13.1 | 24.6 19.2 156
Au_50 12.8 | 24.1 18.7 177
Au_25 126 | 23.5 18.5 180

For_Att_200 12.8 | 24.6 19.2 145
For_Ati_100 12.7 | 24.3 19 148
For_At_50 12.5 | 23.8 18.6 151
For_Att_25 12.2 | 22.6 18.3 211
ForTA_Att_200 12.5 | 24.4 19 158
ForTA_Att_100 12.4 | 24.1 18.8 193
ForTA_Att_50 12.3 | 23.5 18.4 195
ForTA_Au_25 12.1 23 18.1 202
Mul_Head_Att 12.1 | 23.6 18.4 198
Mul_Scale_Att 11.9 23 18 204
Mul_Scale_For_Att 1.7 | 22.8 17.8 210
Mul_Scale_ForTA_Att | 11.4 | 22.6 17.5 218
Att_none®! 13.1 | 26.7 — —
Au_LSTM! 1.8 | 25.7 — —
Att_windowing %} 16.2 | 29.1 22.7 —
Au_2DLSTM!] 12.9 | 26.4 — —
CTC_none! '] 24.7 | 37.1 — —
CTC_ngram!'?) 19.8 | 32.1 — —
CTC_RNNI'2] 14 25.3 — —
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