
Appendix

A Importance of Upsampling

In addition to image denoising, we demonstrate that the unlearnt upsampling operation is key to other image restoration tasks as
well, as shown in Fig.12. The experiments are conducted using MLP-Decoder, same as the setup for Fig.3 (a).
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Fig. 12: Influences of the architecture components on super-resolution and image inpainting, evaluated on MLP-Decoder. The
baseline method for super-resolution is nearest-neighbor interpolation.

B Additional Comparisons

To illustrate that our architectural design is also advantageous in avoiding the early-stopping oracle, here we additionally compare
with a recent method proposed by Shi et al. (2022) [7] that explicitly detects the timing for stopping by regularizing the norms
of the weights and using the ratio of no-reference blurriness and sharpness as the stopping criterion. Their method introduces
new hyperparameters such as the regularization granularity, the sigmas of Gaussian upsampling varied across layers and the ratio
eplison. We followed the default choices for these hyper-parameters. The optimization stops at around 5000th iteration , where
the criterion is met. For NAS [2] and ISNAS [1] methods, the training is early-stopped at the 1200th iteration. For all the other
methods including ours, a fixed iteration number of 3000 is adopted.

Table 7: Quantitative results on Set9 [3] with varying noise levels.

Method
σ = 25 σ = 50

PSNR SSIM PSNR SSIM

Shi et al. [7] 28.45 0.851 24.28 0.706
Ours 30.26 0.900 26.13 0.833
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