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AdderNet

Forward:

Table 2. Classification results on the CIFAR-10 and CIFAR-100 datasets.
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(a) Visualization of features in AdderNets (b) Visualization of features in CNNs
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fp16 fp32
cuDNN F(2x2,3x3) CuDNN F(2x2,3x3)
N hsec TFLOPS | msec TFLOPS | Speedup N\ msec TFLOPS | msee TrLOPs | SPecdup
T1 1252 312 | 555 703 | 226X T 1458 268 | 5.53 706 | 264X
2| 2036 383 | 9.89 789 | 2.06X 2| 2094 373 | 9.83 794 | 2.13%
4 | 104.70 149 | 17.72 881 | 591X 4| 104.19 150 | 17.50 892 | 5.95%
8 | 24121 129 | 33.11 943 | 728X 8 | 241.87 129 | 32.61 957 | 7.42x
16 | 203.09 3.07 | 6579 949 | 3.09X 16 | 204.01 3.06 | 62.93 992 | 3.24X
32 | 237.05 527 | 13236 943 | 179X 32 | 236.13 529 | 123.12 10.14 | 1.92X
64 | 394.05 6.34 | 266.48 937 | 148X 64 | 395.93 631 | 242.98 1028 | 1.63X
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Difficulties: the distributive law in multiplication is not valid for the 11-norm

In Multiplication
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In Adder Op
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Optimal Transform Matrix: solve the feature unbalanced problem
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Optimal Transform Matrix: solve the feature unbalanced problem
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Optimal Transform Matrix: solve the feature unbalanced problem
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L2-to-L1 training: mitigate the gap of Winograd AdderNet and original AdderNet
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L2-to-L1 training have similar weights distribution to L2 trainir
L2 and L2-to-L1 training have higher accuracy and lower los:




Experiments

Table I. Results on CIFAR-10 and CIFAR-100 datasets

Model Method #Add CIFAR-10 Accuracy CIFAR-100 Accuracy
Winograd CNN 19.40M  19.84M 92.25% 68.14%
ResNet-20 AdderNet 80.74M 91.84% 67.60%
Winograd AdderNet 39.24M 91.56% 67.96%
Winograd CNN 31.98M  32.74M 93.29% 69.74%
ResNet-32 AdderNet 137.36M 93.01% 69.02%
Winograd AdderNet 64.72M 92.34% 69.87%

Table 2. Results of Winograd AdderNet ResNet-18 with different

training epochs on ImageNet dataset

Table 5. Ablation Study on Our Proposed Methods

Mod A

{5-t0-£{-norm

CIFAR-10  CIFAR-100

Accuracy | Top-1  Top-5
150 epochs | 66.2% 86.8%
250 epochs | 66.5% 87.0%

Comparable accuracy on ImageNet
(Top-1 accuracy of AdderNet is 67.0%)
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Complexity / Energy Consuming

The total additions of original AdderNet are

N % Xp x Xow x Cin x Cour x 9 X 2. Only requires about 4/9 additions of original AdderNet
The total additions of Winograd AdderNet are

Xn Xy i , i _
N x ‘)h' X X (Clout X Cipy x 16 X 24+Ciy X34+Clhye X8) &= N x Xj, x X X Clps X Ciyy X 8.
Table 2. FPGA Simulation Results of original AdderNet and Winograd AdderNet
Method Module #cycle Hardware Resource  Total Energy Consuming (Equivalent)’
original AdderNet total 7062 7130 50.4M
padding 900 31 0.03M
input transform | 3136 433 [.36M
Winograd AdderNet calculation 3140 6900 21.7M
output transform | 3136 309 0.97M
total - 7673 24.0M

I Since the ratio of hardware resource usage is close to 100%, we use the hardware resource overhead to approximate equivalent
power consumption.
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