Supplementary Materials for: Discrete Model Compression with Resource
Constraint for Deep Neural Networks

A. Derivation of Regularization Gradient

The detail derivation of regularization gradient is given
below if T' # pT*:

C. Acceleration

The cpu run time of different models are shown in Tab. 2}
The input is a mini-batch of 4 images.
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line is due to the definition of (@s)l and (@s)l =

k- k- ngij‘l -17g; - w; - hy. The result of the fourth line
is because of STE: % =1,if,. € [0,1]. If7 = T,
then Rioe = 0, and 0 can be used as the subgrident of this
point. Thus, we have the sub-gradient given in the paper:
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B. Detailed Choice of p

Architecture | ResNet-34 | ResNet-50 | ResNet-101 | MobileNetV2
p 0.55 0.38 0.42 0.50

Table 1: Choice of p for ImageNet models. p is the re-
mained FLOPs divided by the total FLOPs

In this section, we will give the detail number of p. In
a CNN, we do not prune the first layer, the last layer and
residual connections in ResNet. As a result, the actual re-
mained FLOPs may not equal to p. We list the choice of p
for ImageNet models in Tab. E} For CIFAR-10 models, the
unpruned FLOPs is quite small, thus, p is the same as the
remained fraction of FLOPs.

ferentiable. Our method, on the other hand, does not modify
the gate function and use STE to handle gradient calcula-
tion. Thus, the approach of making gate differentiable is
different. Moreover, in their framework, the gate calcula-
tion is deterministic. Consequently, they can not sample
sub-networks as we do. Their work also applies a form
of constraint to limit the resource of the pruned neural net-
work.
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