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Time Domain Speech Separation Using Auxiliary Pitch Information

WANG Kai, LI Minghe, HUANG Zhihua, HUANG Hao

(School of Information Science and Engineering, Xinjiang University, Urumqi Xinjiang 830017, China)

Abstract : In most speech separation methods, only the mixture is used as the input. Pitch-aware architecture
injects pitch information into the original mixture to improve the separation result, which was originally applied in
time-frequency(T-F) domain. Based on the fact that speech separation in time domain has achieved much better
performance than that in T-F domain, we investigate into the effectiveness on the utilization of auxiliary pitch
information in time domain speech separation. Firstly, a pre-separation module is trained to generate pre-separated
sources, from which pitches are extracted. The extracted pitches are then spliced with the original mixture as the
input to a post-separation module. We evaluate different pitch trackers and training strategies. It is shown that,
for training the post-separation module, the combination of pre-training on ideal pitches and then fine-tuning
on estimated pitches extracted from pre-separated sources using RAPT gives the best result, achieving 0.5 dB
improvement over the Conv-TasNet baseline. This indicates that the auxiliary pitch information which has shown
effectiveness in T-F domain speech separation is also applicable to time domain speech separation.

Key words : speech separation; single-channel; pitch tracking; time domain
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