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Self-Knowledge Distillation Compression Algorithm
Based on Filter Attenuation

Xiong Liyan, Huang Jiawen, Huang Xiaohui, Chen Qingsen
(School of Information and Software Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: [Objective] To address the severe performance loss after model pruning,a compression algorithm
based on filter attenuation and self-knowledge distillation is proposed. [Method] This method utilized a filter at-
tenuation mechanism to preserve the information of redundant filters, thereby minimizing the model difference
before and after pruning, and reducing the performance loss caused by pruning. Meanwhile, an annealing attenua-
tion function was introduced during the pruning process to dynamically change the attenuation of filters, enabling
a fast and efficient search for the optimal substructure of the model and improving the convergence speed of the
model. Additionally, self-knowledge distillation was employed for knowledge transfer between the pre-trained
model and the compressed model. [Result] The results show that this compression algorithm improves the model
accuracy by 0.12 percentage points while reducing the FLOPs of the VGG-16 model by 37.3%. [Conclusion]
This method provides a more stable and efficient model compression approach for convolutional neural networks.
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Tab.1 Parameter settings of the model

Tab.2 Experimental results of ResNet

Parameter Value
Epoch 250
Batch size 128
Learning rate 0.01
Pruning rate 0.3
Momentum 0.9
Optimizer SGD
Weight decay le-4
Dropout 0.5
Activation function ReLU
Initial temperature 10
Distillation temperature 5
Balance value of loss 0.9

Depth Method Params/M  FLOPs/M  Acc/%
20 PFS[12] — 24.7 91.14
20 PGMPF([13] — 19.3 91.14
20 FPGM[14] 0.19 24.3 91.09
20 LPSR[15] 0.19 24.3 91.62
20 FD 0.17 22.0 92.06
20 FD-SKD 0.17 22.0 92.17
32 MIL[16] — 47.0 90.74
32 SFP[17] 0.32 40.3 90.08
32 FPGM[14] 0.32 40.3 91.93
32 FD 0.32 40.3 92.45
32 FD-SKD 0.32 40.3 92.85
56 WACP[18] 0.35 46.3 93.17
56 NISP[19] 0.49 71.6 92.99
56 DAIS[20] — 36.4 93.53
56 AFPrune[21] — 60.8 93.45
56 FD 0.30 32.4 93.47
56 FD-SKD 0.30 32.4 93.62
110 AFPrune[21] — 116 94.08
110 FPGM[14] 1.22 121 93.85
110 LFPC[22] 1.03 101 93.07
110 HRank[23] 1.07 106 93.36
110 FD 1.22 121 93.98
110 FD-SKD 1.22 121 94.15
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Tab.3 Experimental results of VGG-16

Method Acc/% Acc drop/% FLOPs/%
SFP[17] 93.33 0.57 37.3
HRank[23] 93.43 0.53 46.0
FiltDivNet[24] 92.79 0.72 30.2
CHIP[25] 93.86 0.10 41.9
PFEC[26] 93.40 0.15 65.8
WACP[18] 93.86 0.10 36.8
AFPruner[21] 93.67 0.23 40.4
CLR-RNF[27] 93.32 0.58 259
FD 93.94 -0.04 373
FD-SKD 94.02 -0.12 37.3

R4 TRRBETHIBER

Tab.4 Experimental results of different decay rate

Decay rate  Epochs Baseline/% Acc/% Difference/%
0.20 762 92.63 92.70 0.07
0.02 208 92.63 92.32 -0.31

0 83 92.63 91.89 -0.74
FD-SKD 100 92.63 92.64 0.01
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