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Deep Convolutional Neural Networks
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Model Depth Parameters Size Accuracy

AlexNet
(Krizhevsky et al., 2012)

8 62.3 × 10$ 269 MB 57.2 %

VGG-16
(Simonyan et al., 2014)

16 138.4 × 10$ 528 MB 71.5 %

ResNet-50
(He et al., 2016)

50 25.6 × 10$ 102 MB 75.2 %

Inception-V3
(Szegedy et al., 2016)

159 23.9 × 10$ 96 MB 78.0 %

DenseNet-201
(Huang et al., 2017)

201 20.2 × 10$ 81 MB 77.3 %

Image Classification Accuracy on ImageNet  



Rate-distortion Optimized Coding Framework
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20× compression ratio on deep CNNs, 4.3×/2.8× speedups on TPU/Eyeriss



Channel-wise Bit Allocation
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Rate Distortion Optimization
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(Additivity Property and Lagrangian Formulation*)

*Wang Zhe et al. Optimizing the Bit Allocation for Compression of Weights and Activations of Deep Neural Networks. ICIP 2019



Dead Zone Quantization
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Distribution of Quantization Values
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The Decoding Challenge

Wang Zhe et al. Rate-distortion Optimized Coding for Efficient CNN Compression 9

Quantized
Weights codes codes Quantized

Weights
Encoding Write Decoding

Offchip Memory Onchip Memory

Compute Unit

Offline Online



Huffman Coding vs Tunstall Coding
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If ! ≥ K$:
! → K$ , ! − K$

Modified Tunstall Coding
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Preprocessing

K$ = 2

Ramon Llados-Bernaus and Robert L. Stevenson. Fixed-length entropy coding for robust video compression. TCSVT 1998
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Retraining with STE

Wang Zhe et al. Rate-distortion Optimized Coding for Efficient CNN Compression 12

Bengio et al., Estimating or propagating gradients through stochastic neurons for conditional computation. arXiv 2013 
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Effectiveness of the Coding Ingredient
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Comparison with State-of-the-Arts on ImageNet
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Method Bit Rate Comp. Ratio Size Accuracy

ResNet-50
Original 32-Bit - 102 MB 75.5 %

INQ
(Zhou et al., 2017)

5-Bit 6.4 × - 74.7 %

LQ-Nets
(Zhang et al., 2018)

2-Bit 16 × - 75.1 %

Coreset
(Dubey et al., 2018)

- 16 × 6.5 MB 74.0 %

DeepCABA
(Wiedemann et al., 2019)

- 17 × 6.1 MB 74.1 %

EPR
(Okay et al., 2020)

- 17 × 5.9 MB 73.5 %

Ours 1.6-Bit 20 × 5.1 MB 75.1 %



Results on ResNet-18, ResNet-34, and MobileNet-v2

Model Bit Rate Comp. Ratio Size Accuracy

ResNet-18 32-Bit - 46.7 MB 69.0 %

Compressed 1.6-Bit 20 × 2.3 MB 68.7 %

ResNet-34 32-Bit - 83.0 MB 73.0 %

Compressed 1.6-Bit 20 × 4.9 MB 72.3 %

MobileNet-v2 32-Bit - 13.2 MB 71.0 %

Compressed 3.2-Bit 10 × 1.3 MB 70.2 %
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Evaluation on TPU and Eyeriss
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https://eyeriss.mit.edu/

TPU Eyeriss

Memory Bandwidth 12.5 GBytes/sec
Computing Performance 96 TOPs

Memory Bandwidth 1 GBytes/sec
Computing Performance 34 GOPs



Inference Speed
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Time Breakdown
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Conclusions

• Bit allocation, dead zone, and Tunstall coding all benefit the compression
• Decoding may slow down the processing if not efficient 
• Tunstall decoding is about 10x faster than Huffman decoding
• Our approach obtains 20x/10x compression on ResNet/MobileNet
• The compressed models can bring up to 4.3x/2.7x speedups on TPU/Eyeriss
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Contact: mark.wangzhe@gmail.com

mailto:mark.wangzhe@gmail.com

