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DNN on resource-constrained devices

What can |
help you with?

Face verification Speech recognition Self driving™

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

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

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
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Experiment Results

* Table: Comparison across different compression methods on

ImageNet.

Model Method ‘ Automated Pruning Quantization NZ% Ave. bits Comp. rate Acc.-1] Acc.-5]
MobileNet Uniform Baseline [17] X v X 61% - 1.6x 2.50%  1.70%
Uniform Baseline [17] X v v 61% 8 6.6% 4.10% 2.90%
Deep Compression [11] X X v - 2 16x 33.28% 25.59%
HAQ [42] v X v - 2 16x 13.76% 8.03%
Ours v X v - 2 16x 7.10%  4.40%
Deep Compression [11] X X v - 3 10.7x 497%  3.05%
HAQ [42] v X v - 3 10.7x 324% 1.69%
Ours v X v - 3 10.7x 1.19% 0.76 %
‘ Ours v v v 42% 2.8 26.7 x 441% 2.61%

AlexNet Constraint-Aware [3] v v X 4.9% - 20 2.57% -
Deep Compression [11] X v v 11% 5.4 54x 0.00% -0.03%

CLIP-Q [41] v v v 8% 3.3 119x -0.70% -
Ours v v v 7.4% 3.7 118x -1.00% -1.15%

Ye et al. [53] X v v 4% 4.1 210 0.10% -
Ours v v v 5% 3.1 205 x -0.08% -0.56%
MnasNet Fixed-Bitwidth v v v 50% 4 16x 3.14% 1.86%
Ours v v v 50% 3.7 17.1x 1.66% 0.92%
Ours v v v 30% 3.0 35.6 5.82% 3.23%
ProxylessNAS- ‘ Fixed-Bitwidth v v v 50% 4 16x 317%  1.73%
mobile Ours v v v 51% 3.8 16.8x 213% 1.16%
Ours v v v 31% 2.9 35.6x 521%  2.84%




Table: Comparison results on LeNet-5@MNISTs.

Method Automated NZ% Avg. bits Comp. rate Acc.]

Deep Compression [11] X 83% 53 70X 0.1%
BC-GNJ [33] X 0.9% 5 573 x 0.1%
BC-GHS [33] X 0.6% 3 771 x 0.1%

Ye et al. [53] X 0.6% 2.8 1,910x  0.1%
Ours v 1.0% 1.46 2,120x  0.0%

Table: Comparison results on CIFAR-10.

Model Method | Pruning Quantization NZ% Ave. bits Comp. rate Acc.)
ResNet-20 | ReLeQ [50] X v 2.8 11.4% 0.12%
Ours X v - 2 16x 0.00%

Ours v v 46% 1.9 35.4x 0.14%

ResNet-50 | AMC [14] | v X 60% . 1.7 -0.11%
Ours v X 50% - I -1.51%

Ours v v 4.2% 1.7 462 x -1.25%

Ours v v 3.1% 1.9 565 x -0.90%

Ours v v 2.2% 1.8 836 x 0.00%




Summary

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



