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Abstract

In this supplementary file, we first show the filter visualization in super resolution, DeJPEG, and denoising. Then we
add the curves showing performances with different filter sizes of AdaFM layers in the three restoration tasks. The artifacts
produced by AdaBN and conditional instance normalization are presented in Section 3. In Section 4, we show the fitting
curves and the corresponding fitting errors of modulation testing in the three restoration tasks. Finally, we provide more
qualitative results about the modulation testing of our proposed AdaFM-Net.

1. Filter Visualization
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Figure 1: Filter Visualization

In the three restoration tasks, we find that the learned filters of restoration models trained with different restoration levels
are pretty similar at visual patterns, as presented in Figure 1. In the problem of super resolution, the basic model is trained on
the start level (upscaling factor 3) with SRCNN [3] structure, namely SRCNN-x 3. Then we finetune SRCNN- x 3 on the end
level (upscaling factor 4) to obtain SRCNN-x4. The filters of the first layers of both models are shown in Figure 1 (a). It can
be obviously observed that the patterns of the corresponding filters are quite similar. Moreover, the mean consine distance
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between these two sets of filters is 0.11. In addition, the 5 x 5 filters that bridge filters of both ends are also visualized.
Similarly, in DeJPEG, we obtain start (¢40) and end level (¢10) models based on ARCNN [2]. The corresponding filters of
both ends as well as the 5 x 5 bridge filters are presented in Figure 1 (b). Figure 1 (c) shows the filters of denoising task
which have been presented in the main paper.

2. Filter Size

In this section, we present the curves showing the performance with different filter sizes (1 x 1,3 x 3,5 x 5,and 7 X 7)
in the three restoration tasks. The convergence curves in super resolution, DeJPEG and denoising on Set5 [1], LIVE1 [7],
and CBSDG68 [6] datasets are plotted in Figure 2, respectively. Generally, a larger filter size leads to better performance.
Specially, in super resolution task x3 — x4, as shown in Figure 2 (a), the PSNR gap between 1x 1 and 3x3 is relatively
large (more than 0.4 dB). However, in DeJPEG task ¢80 — ¢10 and denoising 015 — ¢75, shown in Figure 2 (b) (c), filter
size 1 x 1 performs comparably with filter size 7 x 7 (PSNR gap less than 0.1dB).

Super Resolution DeJPEG Denoising
30.20 29.44 26.40

30.00

29.80 {
X 2960 -
z
& 2040
2020 —— filter size: 1 2028 —— filter size: 1 ’ — filter size: 1
: —— filter size: 3 —— filter size: 3 —— filter size: 3
29.00 —— filter size: 5 2026 —— filter size: 5 26.24 —— filter size: 5

—— filter size: 7 —— filter size: 7 —— filter size: 7

[ 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
iteration (10%) iteration (10%) iteration (10%)

(a) (b) (©
Figure 2: The performance of adaptation with different filter sizes of AdaFM layers in the three restoration tasks.

3. Comparison With AdaBN and Conditional Instance Normalization

In this section, we present the results of AdaBN [5] and conditional instance normalization [4] in the three restoration
tasks. As we can see from Figure 3, AdaBN is unable to achieve acceptable adaptation results in all three tasks, indicating
that AdaBN is not suitable for image restoration. Conditional instance normalization performs well in super resolution but
cannot deal with denoising and DeJPEG problems, as shown in Figure 3. In general, our proposed method outperforms these
two methods in all the three restoration tasks.
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Figure 3: Artifacts on the output images produced by AdaBN and conditional instance normalization in the three restoration tasks.



4. Modulation Testing

In this section, we investigate the curving fitting with different ranges in DeJPEG, super resolution and denoising problems.
The details are shown in Figure 4. In super resolution, we conduct experiments on two tasks: x3 — x4 and x3 — x5 with
filter size 5 x 5. It is observed in Figure 4 (b) that the middle points in range X3 — x4 can be fitted by a quadratic curve. As
for range x3 — x5, the curve is fitted by a cubic function: A\ = —9.42 + 6.01L. — 1.21L2 + 0.09L2. However, the PSNR
distances between the results of modulation testing and baselines are fairly large (almost 0.6dB) in x3 — x5, indicating
that AdaFM is unable to achieve feasible modulation within the range of 2 upscaling factors. Besides, the modulation in the
range of X3 — x4 yields results with PSNR distances no more than 0.16dB. In denoising tasks 15 — o050 and 015 — 075
(1 x 1), both curves in Figure 4 (c) can be closely fitted by linear functions, while the PSNR distances are within 0.1dB and
0.3dB, respectively.
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Figure 4: Top: the curve fitting with different ranges in the three restoration tasks; Bottom: the value of PSNR distance is
annotated above each bar.

As an alternative choice, we can also use the piece-wise linear function for approximation. Actually, when the range
is small enough, the relationship between the coefficient A and the middle level L. is guaranteed to be linear. We can
train a set of AdaFM-Nets on middle levels {L!}. For a given level L\ < L. < L', we can use the coefficient A\ =
(L. — L) /(LY — LY) to interpolate the parameters of AdaFM-Nets on L% and L:™1. This strategy needs to train and store
more AdaFM-Nets on middle levels, but the adaptation accuracy is comparably higher due to the small range.

The proposed modulation strategy can also be accompanied with another A estimation network, which automatically
predicts the best A for a given corrupted image. This refers to a blind image restoration problem, and is beyond the range of
this work.

5. More Qualitative Results

In this section, we show more qualitative results of our modulation testing in the three restoration tasks (Figure 5, 6, 7).
For denoising, the adaptation range is from noise level 15 to 75, while the modulation testing is applied for images with
degradation 030, 045, and 060. In super resolution, we only consider a small adaptation range: x3 — x4, and the x3.2,
x 3.4, x3.6 input images are used to perform the modulation testing. As for DeJPEG, the adaptation range is: ¢80 — ¢10,
while the degradation of images for modulation testing are q20, ¢30, and ¢50. Besides, we compare the results of modulation
testing with those of baselines, and we find that they are fairly similar.
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Denoising Modulation Testing: from 15 to 075
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Figure 5: Qualitative results from modulation testing in denoising.



DeJPEG Modulation Testing: from g80 to q10
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Figure 6: Qualitative results from modulation testing in DeJPEG.



SR Modulation Testing: x3 to x4
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