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DNN on resource-constrained devices

Face verification Self driving* VR/ARSpeech recognition

*Image from https://www.roboticsbusinessreview.com/unmanned/consumer-acceptance-of-self-driving-cars-soars-study-says/

https://www.theverge.com/2016/11/8/13562288/facebook-ai-filter-prisma-mobile-app-caffe2go
https://www.roboticsbusinessreview.com/unmanned/consumer-acceptance-of-self-driving-cars-soars-study-says/


DNN Compression: maximize accuracy within 
resource constraint

Inference energy

Accuracy (Recall, IoU, etc.) 10%

Inference latency

Model size

Hardware 
Resources



The overall objective
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Jointly consider pruning and quantization
Each layer can have different bitwidth / sparsity

Bitwidth of 𝑊(")

Pros: 
• Directly formulated from the original problem
• No introduced hyper-parameter (no need to set layer-wise sparsity / bitwidth)



DNN compression framework
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Alternatively update 𝑊, 𝑉, and 𝑈
0-1 knapsack

Multi-choice knapsack



Experiment Results

• Table: Comparison across different compression methods on 
ImageNet.



Table: Comparison results on LeNet-5@MNISTs.

Table: Comparison results on CIFAR-10. 



Summary

• We automatically allocate the layer-wise sparsity and bit-width and
jointly prune and quantize a DNN with the given model size budget.


