Simplifying very deep convolutional neural network
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Architectures

» analyse to what extent 2D convolutions are suitable for robust speech
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Experimental setup

» static FBANK 11 x 40 feature map input
» minibatch SGD using Adam
» “Xavier' initialization for the weights

» batch normalization o o .
| . - Using convolutional layers
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Conclusions

Results: Aurora4

» Pooling layers are not necessary to achieve state-of-the-art results for
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» Our model consisting solely of fifteen 2D conv layers with the same kernels
Model A B C D AVG  WERSs [%] for different sizes throughout the network and a single softmax classification layer gives
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