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Sackground

® \/\i[de network (naving more channel) yield good accuracy

® —However It consumes more FLOPS
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—esearcn guestion
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Core [dea: Structured Vveignt by Projection

® —calze wide network with structurally sparse activation oy Implicit projection

Input activation Structured sparse activation
(Implicit) \
Input Activation Sparse
Projection Non-zero activation Indices
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GPU compatible

e [ncrease wide for M X without increasing FLOP on commercial G

e |tlize SparselensorCore developed for sparse-weignt

Input activation Structured sparse activation
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SpAarse proection mechanism

® [put-dependsent Implicit sparse projection

® \/\\c do not actually make sparse activation by directly computing the Index for nonzero

Input activation Structured sparse activation

(Implicit)
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Projection

‘ S Structured Activation Sparsification
I I I A B © DENSO IT LABORATORY,INC. All Rights Reserved



S SAS petter than SVWS

® B0th SAS and WS Increase network width while keeping the same

® \/nich Is better, given the same
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Note: SAS consume M X memory for weight than SWS
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“relminary expernment: Exoress|

Veness Dy [raectory Lengin

Trajectory Length: Longer length (complicated shape) indicates more expressiveness

“On the Expressive Power of Deep Neural Networks” https://proceedings.mir.press/v/0/raghul/7a/raghul7a.pdf

ICML2017
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https://proceedings.mlr.press/v70/raghu17a/raghu17a.pdf

Iralectory Lengtn: Evaluation resut
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Input (I=1.0)  ReLU (I=0.89) M=2 (I=1.2) M=4 (I=3.8) M=8 (I=5.2)  M=16 (I=6.3)

(D17

Input (I=1.0)  ReLU (I=0.89)  M=2 (1=0.99)  M=4 (1=0.99) M =8 (I=0.99) M = 16 ({=0.99)

Activation Sparse

Weight Sparse
Same FLOPS/Same Memory  Same FLOPS/M X Memory

[ SAS vields longer trajectory indicating more expressiveness ]
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—esut on CFART0/100

[ A B B 1= o

8 ReLu M=2 M=4 M=8 M=16 O ReLu M=2 M=4 M=8 M=16

— (a) Train summary -

: :

L o

6 0.94 - '/:—-—Fﬁ—: L ¢ E—L) .
.90 r l l 1
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—t — Better accuracy without increasing FLOPS
/ S ® Better than SWS for the FLOPS (and sparsity)

T T R Note: SAS consume M X memory for weight than SWS
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OAS Summary

® \\lo explore the utlization of projected structured sparsity in activation

® |ncreasing the width of NN by sparse projection Increases capacity
while keeping the same FLOPS

® BSctter than SWo In terms of FLOPS/accuracy tradeoft
(SAS consumes more memaory for weignt)

® —lure WOorK
® ovelop library to buld SAS neural network

® Combination wit guantization
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