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Problem statement
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Key idea
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Method

* The framework of adversarial teacher-student learning for unsupervised adaptation of the

acoustic model
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Method
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Method

* Long Short-Term Memory (LSTM) DAL
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Dataset

e CHIME-3 (The 3" CHiME Speech Separation and Recognition Challenge)
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Result

 Unadapted Systemd} T/S SystemOf| A{ 2| WER(%) ‘3= H| !

System Adaptation Data BUS | CAF | PED | STR] | Avg.
Unadapted - 2793 | 2493 | 1853 | 21.38 | 23.16
/S clean-noisy 16.00 | 15.24 | 11.27 | 13.07 | 13.88
clean-noisy, clean-clean | 1596 | 14.32 | 11.00 | 13.04 | 13.56
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Result

 Advesarial teach-student WAR(%) ‘d& H| 1l

System Conditions BUS | CAF | PED | STR | Avg.

2 environments 1524 | 13.95 | 10.71 | 12,776 | 13.15

Adversarial 6 environments 15.58 | 13.23 | 10.65 | 13.10 | 13.12
T/S 87 speakers 1497 | 13.63 | 10.84 | 12.24 | 12.90

87 speakers, 6 environments | 15.38 | 13.08 | 10.47 | 12.45 | 12.83

Word Error Rate(WER) : 578 214 d&5& LIEI = X|&. QIAIEl Aot | HH 7+ Xo| 5



Conclusion
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