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Contrastive Learning based Self-Distillation for Lightweight Single
Image Super-Resolution Network
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o AR 7IHS AAS wAF RS gL Sgelhet B Hlgo] Bt & =idAMe wAF B glo] Xajds B
R0 7 353ay] g i &4 7k A7bSF(self-distillation) 7] <¢] CLSD(Contrastive Learning based Self-Distillation)
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Abstract

Convolutional neural network-based single image super-resolution (SISR) involves numerous parameters and high computational
costs to ensure improved performance, limiting its applicability in resource-constrained devices such as mobile devices. Knowledge
distillation (KD), which transfers knowledge from a teacher network to a student network, has been investigated as a method to
make efficient and lightweight neural network models. However, KD requires the high cost to find appropriate teacher models. In
this paper, we propose a contrastive learning based self-distillation (CLSD) for lightweight single image super-resolution model
without teacher model. By constructing of an auxiliary task model within the intermediate feature map of the student model and
the training of each auxiliary model using contrastive loss, the proposed method improved performance by directing the overall
feature map of the existing student model toward task-specific biases. Experimental results show that the proposed method
improves the task performance compared to KD and conventional self-distillation methods in the EDSR model.

Keyword : Contrastive learning, Deep supervision, Efficient super-resolution, Self-distillation, Single image
super-resolution
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Fig. 1. Overall architecture of contrastive learning based self-distillation(CLSD)
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¥ 1. EDSR 2% L{ WA} 2! st ol A
Table 1. Configuration of teacher and student in the EDSR network

Network #Resblocks #Channels #Parameters
Teacher (T) 32 256 40.7M
Student (S) 16 64 1.5M
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Table 2. Experimental results of proposed methods on the EDSR Network(Scale 2)

[SIES
T 2 sfo

Methods Distillation Scale Setb Set14 B100 Urban100
type (PSNR) (PSNR) (PSNR) (PSNR)
Baseline - 37.919 33.439 32.102 31.728
FAKD® KD 37.976 33.523 32.156 31.906
LFDM x2 37.986 33.528 32.159 31.935
DS SD 37.957 33.536 32.150 31.968
CLSD (ours) 37.977 33.602 32174 32.028
¥ 3. EDSR ZH0j|AM2| X2t | A& ZTK(Scale 3, PSNR)
Table 3. Experimental results of proposed methods on the EDSR Network(Scale 3)
Methods Distillation Scale Set5 Set14 B100 Urban100
type (PSNR) (PSNR) (PSNR) (PSNR)
Baseline - 34.272 30.266 29.044 27.959
FAKD® KD 34.356 30.296 29.066 28.016
LFDI x3 34.333 30.301 29.077 28.029
DS sD 34.330 30.299 29.068 28.033
CLSD (ours) 34.336 30.307 29.078 28.078
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H 4. EDSR ZH0jMe] Moty | AlsiZdu(Scale 4, PSNR)
Table 4. Experimental results of proposed methods on the EDSR Network(Scale 4)

Methods Distillation Scale Setb Set14 B100 Urban100
type (PSNR) (PSNR) (PSNR) (PSNR)
Baseline - 32.102 28.526 27.538 25,905
FAKD®! KD 32.138 28.547 27.557 25.972
LFD!® x4 32.107 28.524 27.552 25.962
DS SD 32.112 28.545 27.549 25.970
CLSD (ours) 32.099 28.556 27.560 25.991
¥ 5 ZF &4 &g 248 gMol| Cfst A8 Zk(Scale 2)
Table 5. Experimental results for the efficiency of each loss component
Loss component B100 Urban100
Lgp L,sr Ly, Log (PSNR) (PSNR)
v 32.102 31.728
v v 32.145 31.916
v Vv v 32.150 31.968
v v v 32.174 32.028
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Fig. 3. Relationship between performance and the number of Resblocks in the PH (Set14. Scale2)
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