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Multi-resolution DenseNet based acoustic models for reverberant speech recognition
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Abstract

Although deep neural network-based acoustic models have greatly improved the performance of automatic speech
recognition (ASR), reverberation still degrades the performance of distant speech recognition in indoor environments. In
this paper, we adopt the DenseNet, which has shown great performance results in image classification tasks, to improve the
performance of reverberant speech recognition. The DenseNet enables the deep convolutional neural network (CNN) to be
effectively trained by concatenating feature maps in each convolutional layer. In addition, we extend the concept of
multi-resolution CNN to multi-resolution DenseNet for robust speech recognition in reverberant environments. We
evaluate the performance of reverberant speech recognition on the single-channel ASR task in reverberant voice
enhancement and recognition benchmark (REVERB) challenge 2014. According to the experimental results, the
DenseNet-based acoustic models show better performance than do the conventional CNN-based ones, and the
multi-resolution DenseNet provides additional performance improvement.
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Figure 1. Example of convolution and max pooling in CNN, convolutional neural network: CNN
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Table 3. Experimental results on REVERB challenge 2014 evaluation set
Experimental condition SimData RealData
P Rooml1 Room?2 Room3 Average Rooml Average
\ v
Acoustic model Near Far Near Far Near Far g Near Far g
CNN 5.74 6.74 7.28 12.42 8.16 15.00 9.22 24.66 26.06 25.36
VDCNN 4.88 5.54 5.81 8.80 6.34 10.26 6.94 19.35 20.26 19.81
DenseNet 5.00 5.20 5.29 8.15 6.18 8.90 6.45 18.62 19.51 19.07
MR-DenseNet 447 5.12 5.22 7.43 5.71 8.73 6.11 17.66 18.50 18.08

reverberant voice enhancement and recognition benchmark: REVERB, convolutional neural network: CNN; very deep convolutional neural network:

VDCNN, multi-resolution DenseNet: MR-DenseNet
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