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Overview: N:M Sparsity
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Take Weight Importance into Account
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Multi-Axis Query
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Overview: Sparsity Strategy
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Problem.2 Unstable Incremental Sparsity Strategy
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Purpose: Smoother training process.



Incremental Sparsity Strategy
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Our sparsity strategy achieves a smoother training process.



Results ResNet50 Pareto

~
(00]

~
(o))

~
TN

ImageNet Top-1 Accuracy (%)
~
N

20l ,,' -@- Baseline

J/ —k— MaxQ (Ours)
J/ -0o- LBC

68F Bi-Mask

/ -e- SR-STE

é -®- T-Mask

66— - - L -

1:16 14 2.8 2:4 4.8

N:M Sparse Pattern



Results ImageNet1K

Model Method N:M Top-1 Epochs  FLOPs  Params
Baseline - 74.6% 120 3.67G  21.8M
ASP 1:4 70.9% 200 1.01G  5.85M
SR-STE 1:4 73.8% 120 1.01G  5.85M
LBC 1:4 73.7% 120 101G 5.85M
R 4
esNet3 MaxQ 14 742% 120 101G 5.85M
ASP 2:4 73.9% 200 1.90G 11.2M
SR-STE 2:4 74.3% 120 1.90G 11.2M
LBC 2:4 741% 120 1.90G 11.2M
MaxQ 24 74.5% 120 1.90G 11.2M
Baseline - 77.3% 120 411G 25.6M
ASP 2:4 77.4% 200 2.12G 13.8M
SR-STE 2:4 77.0% 120 2.12G 13.8M
LBC 2:4 77.2% 120 2.12G 13.8M
MaxQ 24 77.6% 120 2.12G 13.8M
ASP 1:4 76.5% 200 1.11G  7.93M
SR-STE 1:4 75.3% 120 1.11IG  7.93M
ResNet50 LBC 1:4 75.9% 120 1.11G  7.93M
MaxQ 14 773% 120 1.11G  7.93M
ASP 2:8 76.6% 200 1.1IG  7.93M
SR-STE 2:8 76.2% 120 1.11G  7.93M
LBC 2:8 76.5% 120 1.11G  7.93M
MaxQ 2:8 71.2% 120 1.11G  7.93M
ASP 1:16  71.5% 200 044G 3.52M
SR-STE  1:16 71.5% 120 044G 3.52M
LBC 1:16  71.8% 120 044G 3.52M
MaxQ 1:16  74.6% 120 044G 3.52M
Model Method N:M Top-1 Epochs FLOPs Params
Baseline - 79.8% 300 4.6G 22.1M
DeiT-Small ~ SR-STE 2:4 75.7% 300 2.5G 11.4M
LBC 2:4 78.0% 300 2.5G 11.4M
MaxQ 2:4  78.5% 300 2.5G 11.4M

Model Method N:M Top-1 Epochs  FLOPs  Params
Baseline - 71.9% 120 578M 4.23M
ASP 2:4 70.4% 200 302M 2.66M
: SR-STE 2:4 71.5% 120 302M 2.66M
MobileNetVl -\ xQ 24 721% 120 32M  2.66M
ASP 1:4 65.4% 200 164M 1.88M
SR-STE 1:4 67.8% 120 164M 1.88M
MaxQ 1:4 68.5% 120 164M 1.88M
Method Top-1 Sparsity ~ FLOPs  Params S U
Baseline 77.3% 0.0 4.10G 25.6M - -
RigL [10] 74.6% 80 0.92G 5.12M X v
GMP [46] 75.6% 80 0.82G 5.12M X v
MAP [2] 75.9% 80 - 5.12M X X
STR [27] 76.2% 81 0.82G 5.12M X v
SR-STE 75.3% 1:4 1.13G 7.97TM o/
LBC 75.9% 1:4 1.13G 7.97TM v  /
MaxQ 77.3% 1:4 1.13G 7.97TM o/
SR-STE 76.2% 2:8 1.13G 7.97TM o/
LBC 76.5% 2:8 1.13G 7.97T™ v 7/
MaxQ 77.2% 2:8 1.13G 7.97TM o/
DNW [42] 68.3% 95 0.20G 1.28M X X
RigL [10] 70.0% 95 0.49G 1.28M X v
GMP [46] 70.6% 95 0.20G 1.28M X Vv
STR [27] 70.4% 95 0.16G 1.24M X X
OptG [43] 72.5% 95 0.22G 1.28M X X
SR-STE 71.5% 1:16 0.44G 3.52M o/
LBC 71.8% 1:16 0.44G 3.52M v o/
MaxQ 74.6% 1:16 0.44G 3.52M o/




Results COC02017

Model Method N:M mAP
Baseline - 37.4
SR-STE 2:4 38.2
LBC 2:4 38.5
F-RCNN
MaxQ 2:4 38.7
SR-STE 1:4 37.2
LBC 1:4 37.3
MaxQ 1:4 37.7

Object Detection

Model Method N:M Box mAP Mask mAP
Baseline - 38.2 34.7
SR-STE 2:4 39.0 35.3
LBC 2:4 39.3 354
M-RCNN
¢ MaxQ 2:4 39.2 35.5
SR-STE 1:4 37.6 33.9
LBC 1:4 37.8 34.0
MaxQ 1:4 38.3 344

Instance Segmentation



Efficiency

Model N:M  Method Train speed Top-1 FLO.PS
(Train)
BS=128  BS=256
- Dense 798 884 77.3% 1x(3.2e18)
SR-STE 642 854 77.0% 0.83 %
2:4 LBC 373 487 77.2% 0.72 x
MaxQ 507 732 77.6 % 0.91 %
ResNet50
SR-STE 625 862 76.2% 0.74 x
2:8 LBC 382 512 76.5% 0.53 %
MaxQ 514 743 77.2% 0.86 %
SR-STE 628 852 71.5% 0.69 x
1:16  LBC 364 538 71.8% 0.38 x
MaxQ 502 725 74.6 % 0.81x

Train Speed: SR-STE > MaxQ > LBC

Performance: MaxQ > LBC > SR-STE



Friendly to Quantization (ResNet50-2:4
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Thank you!
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