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A Study of Lightening Super-Resolution Networks Using Self-Distillation
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Fig 1. The architecture of SRResNet-32 to which self-distillation is applied.
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Table 1. PSNR/SSIM results of SRResNet-8 trained with or
without self-distillation

SRResNet-8 | SRResNet-8 with self-distillation
Seth 217.343/0.779 28.758/0.879
Set14 25.410/0.679 26.093/0.747
BSD100 | 25.393/0.648 24.361/0.684
Urban100 | 22.667/0.636 24.313/0.656
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Table 2. PSNR/SSIM results of SRResnet-8 trained with
different sized teacher models

SRResNet-32 | SRResNet-50 | SRResNet-100
Seth 28.758/0.879 | 28.803/0.881 | 29.225/0.892
Setl4 26.093/0.747 | 26.097/0.748 | 26.340/0.754
BSD100 | 24.361/0.684 | 24.336/0.685 | 24.478/0.697
Urban100 | 24.313/0.656 | 23.652/0.656 | 24.091/0.656
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