
CUP: Cluster Pruning for 
Compressing Deep Neural Networks

IEEE Big Data, 2021

Rahul Duggal Cao Xiao Richard Vuduc Polo Chau Jimeng Sun
Georgia Tech Amplitude Georgia Tech Georgia Tech UIUC



Goal

Reduce the storage and computation cost of a DNN

F (x; W)    F (x;  )   ≈ Wcompressed

Such that |Wcompressed | ≪ |W |
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Which filters to prune?
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Results
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Threshold t

Flops Reduction
10x
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(Higher is better)
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Parameter Reduction
(Higher is better)
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1.45% drop

94%
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Test Accuracy
(Higher is better)

Benefit 1: Single hyper parameter control over pruning amount
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Results

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

Benefit 3: Training time reduction through train time pruning.

~15 hours saving with 2x compression
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Results
Benefit 4: State-of-the-art compression
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Conclusion
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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

Thank you!


