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Goal

Reduce the storage and computation cost of a DNN
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Filter Pruning
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Which filters to prune?



Our method

CUP: Cluster Pruning

Our Idea: Prune similar filters
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How many clusters?
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Results

Benefit 1: Single hyper parameter control over pruning amount

Flops Reduction Parameter Reduction Test Accuracy
(Higher is better) (Higher is better) (Higher is better)
10x 100x 94%
BX o 9%B%  1.45% drop
6X 4.8x 60x 92%
Ix 40x 91%
20
2x "1 00%
07 08 09 1.0 1.1 0.7 08 09 10 1.1 0.7 08 09 10 1.1
Threshold ¢ Threshold ¢ Threshold ¢

19



Results

Benefit 2: Non uniform pruning with a single hyper-parameter t

# Filters post pruning (Lower is better)

5007 ™ Original VGG-16

Lietal. [2]
400 g CUP(t=0.9)

300
200

= il

1 2 3 4 567 8 9101112 13
Laver Index
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Results

Benefit 3: Training time reduction through train time pruning.

Training Time

o
Method Retrain? Top-1 (%) FR (X) (GPU Hours)
§ Resnet-50 - 7586 100 660
I SFP [14] X 7401 1.73 61.8
GM [15] X 74.13 2.15 62.2
I CUP-RF (ours) X 74.34 2.21 51.6

~15 hours saving with 2x compression

21



Results
Benefit 4: State-of-the-art compression

Model Method Retrain? FR (%) Acc. (A%)
Top-1 Top-5
GM [DS] v 1.71 -1.87 -1.15

COP [29] v 1.75 -2.48 -
CUP (Our) /S =175 -1.00 -0.79

-----------------------------------------------------------------------------------------------------

SFP [14] X
GM [15] X
CUP-RF (ours) X . .
L1 [2] v 1.31 -1.06 -
v
v

GM [15]
CUP (ours)

ResNet-50| ResNet-34| ResNet-18

SFP [14] X

GM ¢15] X 1.69 2.13 -0.92
CUP-RF (ours) X =P 1.71 -1.61  -0.89
SFP [14] v/ 2.15 -14.0 -8.20
MP [30] v/ 2.05 -1.20 -

CUP (ours) v =247 -117 -0.81
SFP [14] X 1.71 -1.54  -0.81
GM [pﬂ X 2.15 2.02 -0.93
CUP-RF (ours) X =220 147  -0.88




Conclusion

CUP: Cluster pruning framework
* Prunes a DNN by clustering similar filters.

Benefits of CUP

» Single hyper-parameter control over pruning amount.
* Enables non uniform pruning across layers.
* Train time savings.

Extensive evaluation on large DNNs & datasets
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