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Attention-based Single Channel Speech Dereverberation in

Noisy Condition
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Abstract: The human auditory system can focus on the content of interest according to the attention mechanism. Motivated

by this, in this paper, we propose an attention-based single channel speech dereverberation method. The proposed method is an en-

coder-decoder structure based on long-short term memory (LSTM). First, the encoder is used to encode the mixed speech signal into

high-level representations. Then these representations are used to compute the attention. Therefore, the proposed method can pay

more attention to the anechoic speech, while neglecting or reducing the attention to noise and reverberation. Finally, the target mask

can be acquired by the decoder. Our experiments are conducted on the TIMIT dataset. Experimental results show that the proposed

models achieve better performance than weighted prediction error (WPE) and LSTM based baselines. Compared with the LSTM

baseline, the proposed method produces a relative improvement of 4.2% for PESQ measure, and a relative descending of 8.9% and

11.4% for CD and LLR measures. Especially for unseen noise case, the performance of the proposed method can be more promi-

nent.

Key words: attention mechanism; speech dereverberation; noise reduction; long-short term memory; weighted prediction er-

ror



