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1. Introduction
Background and Motivation

• Mapping and masking are two common learning targets used in speech dereverberation, and they have different effects in different scenarios.

• It is not suitable to use linear processing to deal with nonlinear, and the study of correlation between the mapping and masking is still insufficient.

• Many systems are now training according to the mean squared error (MSE) criterion, the MSE of spectrograms in different regions is different.

We propose in this paper:

• Design the minimum difference masks (MDMs): to classify T-F bins, which are nearest to the labels in spectrograms.

• Design a nonlinear spectrograms fusion system: to recombine spectrograms into one spectrogram.
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3. Nonlinear Spectrograms Fusion
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4. Experiments Results

• Real masks worked better than binary masks, indicating that soft
masks are more suitable than hard masks.

• An active feature complimentary between spectrograms and MDMs.

5. Enhanced Spectrograms

• Interference usually comes from high frequencies, the MDM-4O ap-
proach had an excellent ability to suppress high-frequency interfer-
ence.

6. Conclusions and Future Work
Conclusions We use spectrograms from the first stage and MDMs from the second stage to fuse the best parts of spectrograms. And this mainly
improved both the speech quality and speech-to-reverberation modulation energy ratio.

Future Work We will analyze the spectrogram and use the time-varying information in the spectrogram for fusion. Moreover, feature fusions for other
speech tasks will also be explored, such as MFCC, for automatic speech recognition.
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