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Introduction

Filter pruning can reduce redundant parameters of large networks while
preserving accuracy.
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Sparse regularization

Sparse regularization criteria can remove unnecessary parameters
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The structured sparse regularizations

The structured sparse regularization for structured pruning 1s defined as follows:

R(WY) = z r(W})
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Typical structured sparse regularization for structured pruning

« Group lasso regularization!!][?]

1o (W) = W, = /z W

« Exclusive sparse regularization[3][4]
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The structured sparse regularizations

Grouping of the structured sparse regularization

Convolutional filters in layer [
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Continued...

The hierarchical squared/square rooted group sparse regularization!’!

Rgq (Wl) = Z (Z r(ng,k)>
JEG \kEK

Convolutional filters in layer [
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Proposed Method

The feature-wise filter pruning algorithm for deep convolutional neural networks

1. Train a large network as the 1nitial network.
2. Train the network with the hierarchical group sparse regularization based on the feature-
wise grouping to find unnecessary filters connected to input channels by enforcing their

weights to be zero.
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The feature-wise group sparse regularization is defined as R(W') = Z r(W;,)

j=1
3. Prune the filters with smaller influence on the classification loss with the random sampled

Convolutional filters of layer [ Convolutional filters of layer [ + 1
Validation data ﬁw F/W Output channels
Tnput channel ] Output channels L/‘ of layerf +1

4. Train the obtained compact network from scratch. %;7




Continued...

Train from scratch
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Experimental setting

Networks and datasets

* VGG14 and ResNet20/32 on CIFAR-10

* VGG14 and ResNet20/32 on CIFAR-100

* VGG14 and ResNet18/34 on TinyImageNet-200
Sparse Regularization

* Hierarchical squared group L1/2 regularization
Comparison Method

* FPGM-mix®l (one of the state-of-the-art method)
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Results
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Number of Channels

Results

vVGGl4 The numbers of the pruned channels in each layer
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Results
ResNet18/20
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Top-1 Test Accuracy
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Results
ResNet32/34
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Conclusions

* Proposed a new with the hierarchical group sparse
regularization based on the

* The strategy of the of the filters by searching the filter
with the minimum loss increase.

* The performance of the pruned network 1s better than the state-of-the-art
pruning method, especially when
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Thank you
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