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Abstract

Recent super-resolution research has highlighted the effectiveness of generative adversarial networks (GANs) in producing
high-quality images. However, the complex architecture and large number of parameters in these models pose significant challenges
for deployment in resource-constrained environments, such as mobile devices and embedded systems. To address these issues, this
study proposes a novel approach to compress GAN-based SR models by combining pruning and knowledge distillation techniques.
The proposed method applies pruning to the teacher model to remove unnecessary weights, then transfers only the essential
knowledge to the student model, reducing the model size by 39% compared to teacher model while minimizing performance loss.
Experimental results show improvements of up to 1.2dB in PSNR and 0.04 in SSIM, with the Student Model maintaining similar
performance levels to the teacher model in FID and LPIPS metrics. This research demonstrates the practical potential of deploying
compressed GAN models in resource-limited environments, generating high-quality super-resolution image.
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Table 1. Comparison of average performance based on the pruning ratio of the teacher model when the number of hidden

layer filter parameters in the student model is 16

Baseline Student_16_ Student_16_ Student_16_ Student_16_
Metric ESRGAN Teacher_0.3 Teacher_0.5 Teacher_0.8
SSIM 1 0.78 0.78 0.78 0.77
FID| 126.79 104.99 127.48 123.16
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Table 2. Performance comparison based on the number of hidden layer filter parameters in the student model when the teacher model’s

pruning ratio is 0.3
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Metric
. BSD100 Set14 KHU MV VRroom Urban100 Average
Baseline Dataset
PSNR 1 24.24 24.81 27.95 22.03 28.78 21.39 24.87
SSIM 1 0.66 0.70 0.83 0.69 0.86 0.67 0.74
Teacher_0.3(11.7M)
FID | 63.66 6.42 194.11 74.06 135.72 71.83 90.97
LPIPS | 0.16 0.12 0.09 0.13 0.08 0.15 0.12
PSNR 1 25.34 25.57 29.73 23.20 29.78 22.24 25.98
SSiM 1 0.71 0.75 0.87 0.74 0.90 0.70 0.78
Student_16(6.5M)
FID| 64.71 9.80 160.66 154.91 114.95 124.91 104.99
LPIPS | 0.33 0.24 0.16 0.28 0.12 0.26 0.23
PSNR 1 25.37 25.58 29.69 23.20 29.72 22.25 25.97
SSIM 1 0.70 0.74 0.86 0.74 0.90 0.70 0.77
Student_32(9.6M)
FID | 96.71 11.26 176.85 155.26 129.16 201.91 128.53
LPIPS | 0.33 0.24 0.17 0.28 0.13 0.25 0.23
PSNR 1 25.34 25.67 29.64 23.19 30.00 22.28 26.02
SSIM 1 0.70 0.75 0.87 0.74 0.90 0.70 0.78
Student_48(12.9M)
FID| 59.41 10.16 147.34 149.33 134.40 113.05 102.28
LPIPS | 0.32 0.23 0.16 0.27 0.12 0.25 0.23
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Fig. 2. PSNR/SSIM values for each generated image
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