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The Need for Model 
Compression

• Success of Deep Neural 
Network Models 

• Vast datasets, GPU for training 

• Production environment 

• Deep neural nets need lots of 
computational to make 
inferences

Question: less cost for deployed models?



Methods for Model 
Compression

• Weights quantization (or even 
binarization) 

• Model distillation 

• Weights pruning



Weights Pruning

• Learn the connectivity via 
normal network training 

• Prune the low-weight 
connections 

• Retrain the sparse network

Han, Song, et al. "Learning both weights and connections for 
efficient neural network." Advances in Neural Information 

Processing Systems. 2015.
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Neural Machine Translation 
Models via Pruning

See, Abigail, Minh-Thang Luong, and Christopher D. Manning. 
"Compression of Neural Machine Translation Models via 

Pruning." CoNLL 2016 (2016): 291.



Pruning RNNs

• Vanilla RNN 

• LSTM 

• GRU

• MNIST Dataset 28x28 

• Hidden states = 128 

• RMSprop with fixed learning 
rate 0.001 

• PyTorch on AWS GPU server
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• 95% pruned - accuracy loss 
smaller than 1% 

• LSTM and GRU more resilient 
to pruning - additional 
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Pruning RNNs
• Retraining closes the gap 

• 95% pruned - accuracy loss 
smaller than 1% 

• LSTM and GRU more resilient 
to pruning - additional 
redundancy in gates 

• More layers - more can be 
pruned for LSTM & GRU 
(RNN?)
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1 Layer GRU - 95% Pruned 
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Summary

• On MNIST, RNN, LSTM, GRU can be pruned by 
95% without significant accuracy loss 

• LSTM and GRU have more redundancy than RNN 

• Hidden to hidden layers have more redundancy


