Dynamic Sparse Training of
Diagonally Sparse Networks

Abhishek Tyagi*, Arjun lyer+, Christopher Kanan*, William H. Renninger+, and Yuhao Zhu*
*Department of Computer Science

+The Institute of Optics




Motivation

- Training and Inference Acceleration

- Reduces the number of FLOPs
without degrading accuracy

- Reduces Network Size

- Leads to smaller memory footprint

- Interestingly

- Better Generalization and
Interpretability




Challenge: Speed vs Accuracy
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Small World Connectivity
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Diagonal Sparse Matrix Formulation
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Diagonal Sparse Matrix Formulation
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Diagonal Sparse Matrix Formulation
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Diagonal Sparse Matrix Formulation

Importance Factor
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Diagonal Sparse Matrix Formulation
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End-To-End Training
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Forward Pass )
Pg V
. B 8 b
bl VV3r°:F." )
lzr& v, M T
BN J . ®
J!

20



End-To-End Training
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End-To-End Training

Forward Pass
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End-To-End Training

Forward Pass
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End-To-End Training

Forward Pass
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Forward Pass

K

>R /R AR

v
TopK(a,t,s)

fFl_ Wi

Diags to BCSR

] T 1 | faum
- EE B N m
EE B ® umE EEE
Il it ime ®
|| [™ um | |5
m o =I=I T
Sl 0 J
2 (c)
Backward Pass
Diags to BCSR )
C lq =
L] H B ) @
N EE 0 2
H BE 8 <+ %
. o =
m B IIH 0 =
1 &
(h) (9) (f)

Output

CUDA Kernel

25



Inference Speedup (x)

Results: VIT-B/16 on ImageNet-1K
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Inference Speedup (x)

Results: VIT-B/16 on ImageNet-1K
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Results: VIT-B/16 on ImageNet-1K
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Takeaways
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DynaDiag Delievers Unstructured Diagonal Sparsrcy + Custom Kernel
Sparsity Accuracies Accelerates Training and Inference
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DynaDiag Closest To The Ideal Combination of Speed and Accuracy.
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