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» Sub-bit Neural Networks (SNNs): The first method that simultaneously compresses and accelerates
BNNs in a quantization pipeline with moderate accuracy drops.
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Algorithm 1 Training: forward and backward processes of
Sub-bit Neural Networks (SNNs).
1: Require: input data; full-precision weights w; threshold 6;
learning rate 7).
2: forlayer: =1 — L do

» Optimization method:

 Random Kernel Subsets Sampling
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20:  Check repetitive binary kernels in m* and substitute these
corresponding kernels in p* with random new kernels.

~
o

0 250 500 750 1000 0 250 500 750 1000
Epoch Epoch

Yikai Wang, Yi Yang, Fuchun Sun, Anbang Yao. Sub-bit Neural Networks: Learning to Compress and Accelerate Binary Neural Networks. ICCV 2021.




S (o od YA 5s5i Sub-bit Neural Networks: Learning to Compress and Accelerate Binary Neural Networks

Bit-width | #Params Bit-OPs | Top-1 Acc.

Method W/ | omiy | © %)
o ResNet-18 #Params Bit-OPs Top-1 Acc.
» Experiments il recision [ 35737 | ASSE ] As08 T 080 My | © @
RAD 5] i/1 10.99 0.547 50,5 RoaNei 18
IR-Net [23] 1/1 10.99 0.547 OIS e
Epoch 1 (random subsets) Epoch 50 Epoch 250 Vanilla-SNN | SNN | 0.67/1 | 7.324 15 | 0.289 (15 | 89.7 | 91.0 33154
5 Vanilla-SNN | SNN | 0.56/1 | 6.103 1sx) | 0.164 33x) | 89.3 | 90.6 XNOR [24] 1/1 10.99
" NS 1 Lypr 16 Vanilla-SNN | SNN | 0.44/1 | 4.882 ¢.3x) | 0.097 s6x) | 883 | 90.1 BNN+[12] 1/1 10.99
"""" IR-Net¥ 23] 7| 1/3277]771099 | 1752 T 929 Bi-Real [21] 1/1 10.99
: Vanilla-SNN | SNN | 0.67/32 | 7.324 15x) | 9.236 o) | 924 | 92.7 XNOR++ [2] 1/1 10.99
o i Vanilla-SNN | SNN | 0.56/32 | 6.103 wsx) | 5.239 ¢3x) | 92.0 | 92.3 IR-Net [23] 1/1 10.99 1.677 58.1
g ‘ Vanilla-SNN | SNN 0.44/32Res;§tszzggx> 3.106 6 | 91.6|91.9 Vanilla-SNN [ SNN | 0.67/1 | 7324 asx) | 0.8830sx, | 557|563
g 5. Layers Layer 8 Layer 8 Fal precision 7% §5i 5567 §i% Vmgla-SNN | SNN 0.56/1 6.103 1sx) | 0.501 ¢3x) | 54.6|55.1
& DoReFa [13] /1 0267 0.040 793 _Vanilla-SNN | SNN |  0.44/1 | 4.882cax) | 0297 ssx) | 525|530
IR-Net [23] 1/1 0267 0.040 86.5 BWN [24] 1/32 10.99 53.64 60.8
. Vanilla-SNN | SNN | 0.67/1 |0.178 1sx) | 0.040 | 83.985.1 HWGQ[17] 1/32 10.99 53.64 61.3
: Vanilla-SNN | SNN | 0.56/1 | 0.148 15, | 0.034 02, | 827 | 84.0 BWHN [11] 1/32 10.99 53.64 64.3
1 128 256 384 512 1 128 256 384 512 1 128 256 384 512 Vanilla-SNN | SNN | 0.44/1 | 0.119 @z3x) | 0.025 wex) | 82.0 | 82.5 IR-Net [23] 1/32 10.99 53.64 66.5
Binary kernel index Binary kernel index Binary kernel index DoReFa [;7,3] 732 0267 1283 90.0 FIeXOR [15] 0.80/32 8.788 (13 53.64 63.8
Epoch 500 Epoch 750 Epoch 1000 PR }% 0T | s FIeXOR [ 1] 0.60/32 | 6591 a7x) |  53.64 62.0
;. m— — — Vanilla.SNN | SNN | 067/32 | 0178 ws) | 1283 | 8871900 Vanilla-SNN | SNN | 0.67/32 | 7.324 55 | 2826a9x) | 63.7|64.7
A ayer .= Vanilla-SNN | SNN | 0.56/32 | 0.148 s+, | 1.099 12+ | 87.8 | 88.9 Vanilla-SNN | SNN | 0.56/32 | 6.103 asx) | 16.03 z3x) | 62.8]63.4
Vanilla-SNN | SNN | 0.44/32 | 0.119 c.3x) | 0.822 wex) | 87.1 | 87.6 Vanilla-SNN | SNN | 0.44/32 | 4.882e3x) | 9.504 ssx) | 60.1]60.9
X VGG-small ResNet-34
e o RML WGt o p b ey Full precision | 32/32 | 14624 | 3866 | 25 . Fullprecision | 32/32 | 67488 | 22566 | 33
g LAB [9] 1/1 4.571 0.603 87.7 Bi-Real [71] /1 21.09 3.526 622
g 5 |Layers Layer 8 Layer 8 XNOR [24] 11 4.571 0.603 898 IR-Net [27] 1/1 21.09 3.526 62.9
3 Fpalee Lo 451 0603 89.9 Vanilla-SNN | SNN | 0.67/1 | 14.06 a5+ | 1.696 21x) | 60.6 | 61.4
5] 1/1 4571 0.603 90.0 :
IR-Net [23] 11 4571 0.603 0.4 Vanilla-SNN [ SNN | 0.56/1 | 11.70asx | 0965 a7 | 59.5]60.2
0 IR-Net* [27] /1 | 4571 | 0.603 91.3 I R e S
‘ Vanilla-SNN | SNN | 0.67/1 | 3.047 15x) | 0.194 1) | 903 | 91.0 IR-Net [77] /32 21.09 11283 70.4
1 128 256 384 512 1 128 256 384 512 1 128 256 384 512 Vanilla-SNN | SNN | 0.56/1 | 2.540 wsx) | 0.113 53 | 89.8 | 90.6 Vanilla-SNN | SNN | 0.67/32 | 14.06 asx) | 5427 cax) | 67.5]68.0
Binary kernel index Binary kernel index Binary kernel index Vanilla-SNN | SNN | 0.44/1 | 2.032 23x) | 0.074 s1x) | 89.2 | 90.0 Vanilla-SNN | SNN 0.56/32 1171 asx) | 30.88 7% 66.3 | 66.9
v nle&lv[]s]NN 016/73/232 ' 30‘1;71 ] 21(;9;3"0 """" 0 32|-§24 Vanilla-SNN | SNN | 0.44/32 | 9372 cs) | 18.59 1) | 64.565.1
H 1 H H 1 anilla- y d 15x) b (31x) d 8
Visualization of how binary kernel subsets change during T R | 5D | D | Sty | Gl S
the training process of a 0.56-bit SNN. Vanilla-SNN | SNN | 0.44/32 | 2.032 e3x) | 2.368 s1x) | 91.3 | 91.9

Results on the CIFAR10 dataset. Results on the ImageNet dataset.

Yikai Wang, Yi Yang, Fuchun Sun, Anbang Yao. Sub-bit Neural Networks: Learning to Compress and Accelerate Binary Neural Networks. ICCV 2021.




Thanks for your listening!

Yikai Wang, Yi Yang, Fuchun Sun, Anbang Yao. Sub-bit Neural Networks: Learning to Compress and Accelerate Binary Neural Networks. ICCV 2021.




