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In the supplementary file, we provide more supporting materials.
First, we verify that IFP exhibits robustness to perturbations in the
frequency domain, and this capability is data-agnostic. Second, we
show the effectiveness of IFP on low-cost task and CNN backbones.
Third, we introduce more details on fine-tuning. Finally, more visual
results are presented.

1 ROBUSTNESS OF IFP TO SPECTRAL
PERTURBATIONS

To validate the ability of IFP to enable the model to extract robust
spectral representations, we utilize Restormer [8] as the backbone
and conduct IFP pre-training for 30k iterations using a randomly
generated Gaussian noise image. Following pre-training, we fix the
model parameters and replace the masked noise input with masked
real images. The output results are displayed in Fig. 7. From the
perspective of the frequency domain, the model now possesses
the capability to reconstruct the masked frequency bands. This
capability is advantageous for the model to resist spectral pertur-
bations caused by degradation information in downstream tasks,
thereby extracting robust representations. From the perspective of
the spatial domain, the model now possesses a certain level of image
reconstruction ability, and some image shadows caused by spectral
damage are mitigated. Since it is unlikely for a single Gaussian noise
image to contain any content information related to inputs, and in
Sec.4.5 we verify that the effectiveness of IFP does not stem from
the content of the image, these experiments provides strong evi-
dence that the favored initialization learned by IFP is data-agnostic.
This is consistent with the research conclusions of Kong et al. [3].
Therefore, it is not advisable to try to enhance the performance
of IFP by simply increasing the amount of data. This operation
also contradicts our original intention of designing pre-training
methods for low-level vision tasks in situations of data scarcity.

2 MORE EXPERIMENTAL RESULTS
Low-cost Task. Not only for high-cost tasks, we claim that IFP
is also effective for low-cost tasks where degradation is easy to
synthesize. We perform denoising experiments with additive white
Gaussian noise and the results are shown in Table 2. Following
DegAE [4], we train Restormer [8] with noise levels sampled from a
wide range of [0, 50] rather than focusing on a specific single noise
level for better universality. After fine-tuning, we test the trained
models on Kodak24, CBSD68 [5], and Urban100 [1] datasets with
different noise levels. Similar to the results in SR, IFP outperforms
the state-of-the-art DegAE [4] method on all three datasets.

Effectiveness of IFP on CNN backbones. In Tab. 1, we provide
the results of the IFP integrated with CNN backbones on down-
stream low-light enhancement task, where the IFP paradigm is
agnostic to the model architecture.

Table 1: Low-light enhancement results (PSNR) on LOL
dataset.

Methods SSIE [7] SSIE (IFP) EnlightenGAN [2] EnlightenGAN (IFP)
PSNR 18.40 19.21 (+0.81) 20.33 20.43 (+0.10)

Table 2: Image Gaussian denoising results (PSNR).

Method Kodak24 CBSD68 urban100
𝜎=25 𝜎=15 𝜎=25 𝜎=15 𝜎=25 𝜎=15

DnCNN [10] 27.19 31.24 26.10 30.26 25.28 29.81
IRCNN [11] 27.33 31.37 26.25 30.37 25.44 29.93
SRResNet [6] 27.98 32.00 26.72 30.83 26.40 31.02
DRUNet [9] 28.13 32.18 26.48 30.72 26.53 31.17
Restormer 30.13 29.94 28.96 28.73 29.18 28.85
Restormer (DegAE) 30.29 30.14 28.97 28.85 29.23 29.00
Restormer (IFP) 30.38 30.25 29.11 28.97 29.41 29.16
Uformer 30.08 29.97 28.86 28.74 29.13 28.92
Uformer (IFP) 30.20 30.07 28.94 28.80 29.13 28.92

3 MORE DETAILS ON FINE-TUNING
At the downstream task fine-tuning stage, we initialize the model
with encoder parameters obtained during the pre-training stage,
and replace the decoder with a simple convolutional layer, whose
kernel size is 3 × 3 and the output channel is 3. Following DegAE [4],
we set the initial learning rate as 3e-4 and cosine decayed to 1e-6.
For all downstream tasks, we adopt L1 loss and set the input patch
size as 160×160. The AdamW optimizer with a batch size of 4 is
used to train and all downstream tasks are finetuned on a single
NVIDIA Geforce RTX 3090 GPU for fair comparison.

4 ADDITIONAL VISUAL RESULTS
We provide more visual results of downstream tasks in Fig. 1 to 6,
including low-light image enhancement, image deblurring, and
image deraining. It can be observed that our IFP helps remove the
low-light/blur/rain more thoroughly and exhibits superior visual
recovery quality in all types of degradation.
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Figure 6: Visual comparison with state-of-the-art methods on Test1200 dataset. Please zoom in for details.
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