Regularized Binary Network Training
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BNN Overview

Binary networks are a quantized
version of full precision neural
networks, where the weights and
activations are limited to binary
values, for example {-1, 1}. At training
time, as binary operations are
discrete and not differentiable
approximations are used in the
backward pass. Naturally, there is a
discrepancy between the quantized
network and the full-precision
counterpart encouraging research in
reducing this gap.
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Additionally, a modified backward
straight through estimator SwishSign
IS used.
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