UCMNet: Uncertainty-Aware Context Memory Network for
Under-Display Camera Image Restoration

Supplementary Material

This supplementary material provides additional details
that were omitted from the main paper due to space con-
straints. Sec. A describes the architectural details of the
Frequency Convolution Module, and Sec. B explains the
training-time update mechanism of the Context and Mem-
ory Banks. In Sec. C, we investigate the effect of varying
the size of the Context and Memory Banks and identify an
appropriate configuration for UCMNet. Sec. D presents the
loss functions and qualitative comparisons on the SYNTH
dataset, while Sec. E reports the performance of UCMNet
on a real-world UDC dataset. In Sec. F, we demonstrate the
capability of UCMNet for low-light image enhancement.
Finally, Sec. G and Sec. H provide additional visualizations
of uncertainty maps and memory token usage, respectively,
and Sec. I presents limitation examples of UCMNet for fu-
ture work.

A. Architectural Details of FCM

In Sec. 3.1.1, to provide reliable representations for UDC
image restoration, we introduce a lightweight Frequency
Convolution Module (FCM), as illustrated in Fig. 3 (b)
of the main manuscript. Inspired by NAFNet [I] and
DarkIR [3], the proposed FCM is designed to perform
frequency-domain feature enhancement followed by spatial
attention refinement. In practice, FCM is integrated into ev-
ery encoder and decoder blocks to enable efficient and ef-
fective restoration.

Frequency-domain Feature Enhancement. To preserve
and enhance high-frequency details, FCM transforms input
feature into the Fourier domain, decomposes it into phase
and amplitude, and refines the amplitude while preserving
phase, which retains the structural information of the input
feature. Then, through the inverse Fourier transformation,
we obtain a frequency residual that compensates the origi-
nal feature.

Spatial Attention Refinement. After frequency compen-
sation, to address spatially varying distortions we apply
a spatial attention module following the NAFNet design.
Specifically, a lightweight Single Gate (SG) selectively am-
plifies salient spatial activations, while a Simplified Chan-
nel Attention (SCA) module enhances feature channels to
emphasize consistently informative responses.

B. Context Bank and Memory Bank Update

In Sec. 3.2.1, we explain how the uncertainty map Fy €
RH*W'XC g used as a prior to retrieve the context feature
Fo € REXW'%C from the Memory Bank M € RN*C
and the Context Bank C € RV*C where F represents
high-frequency information tailored to local degradation
patterns. In this section, we detail the update mechanism
for the Memory Bank M and the Context Bank C during
training.

Memory Bank. We update the memory tokens m; €
R*C (; € {1,...,N}) in the Memory Bank M accord-
ing to their similarity to the uncertainty feature vectors
fire RY™C, (j e {1,..., H'W'}). Using the cosine simi-
larity score s;; in Eq. 3 of the main paper, we first identify
the address of the most relevant memory token for each un-
certainty feature vector:

r; = argmaxs;;, (i € {1,...,N}), (S.1)

where r; denotes the address of the memory token most
similar to the uncertainty feature vector f;'. The cor-
responding memory token m,., is then updated using a
momentum-based rule following [2, 5] so that it progres-
sively adapts to the uncertainty feature:

My, <=1 -me, + (L=n)- ff, (S.2)

where 7 is the momentum coefficient.

Context Bank. The tokens ¢; in the Context Bank C
serve as the components of the context feature F-, as de-
scribed in Sec. 3.2.1. They are updated jointly with the other
network parameters during training, allowing them to grad-
ually encode high-frequency information that supports ac-
curate restoration of UDC images.

C. Ablation on Context-Memory Bank Size

In Table S1, we investigate the impact of the number of
tokens (V) in the Memory and Context Banks. When the
token number N is 256, the model provides the best trade-
off between representational capacity and restoration per-
formance.

D. SYNTH Dataset

Loss Function. Similar to BNUDC [6] and FSI [7], we
employ the L1 loss on the SYNTH dataset rather than the
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Figure S1. Please zoom in for the original-size comparison.

Table S1. Ablation on the size of the Context-Memory Bank (V).
A compact configuration (N=256) achieves the best balance be-
tween accuracy and efficiency.

CMB size (N) | 128 256 512

PSNR?T 3371  33.78  33.60
SSIM?T 0.9624 0.9626 0.9619

Dataset PPM-UNet AlignFormer+PPM-UNet | UCMNet AlignFormer+UCMNet

AlignFormer | 19.0370.7808 22.95/0.8581 [ 20.4170.8168 23.11/0.8612

Table S2. PSNR/SSIM results on real UDC dataset from Align-
Former [4]

Dataset Restormer GSAD Retinexformer DarkIR UCMNet (Ours)

LOLv2-Real | 19.94/0.827 20.15/0.846 22.79/0.840 23.87/0.880 23.10/0.862
LOLv2-Syn | 21.41/0.830 24.47/0.929 25.67/0.930 25.54/0.934  25.67/0.936

Table S3. UCMNet on low-light image enhancement task.

PSNR loss, as follows:
Liotal = M Lurupr, + A2 L, (S.3)

where £y, denotes the pixel-wise L1 loss between the pre-
diction I and Ij. The weighting values of Ay and A, are
empirically determined as 100 and 0.5.

Visualization. As the manuscript includes visual compar-
isons only for the TOLED and POLED datasets like Fig.S1,
we provide qualitative results on the SYNTH dataset in
Fig.S3. Unlike FSI [7] and BNUDC [6], our method
achieves noticeably better detail restoration and effectively
suppresses light-diffraction artifacts characteristic of UDC
imaging conditions.

E. Real-world Dataset

Although the TOLED, POLED, and SYNTH datasets sim-
ulate real-world UDC degradations, they remain synthetic.
Therefore, in Table S2, we further evaluate our method on
the real-world dataset released by AlignFormer [4], where
UCMNet also demonstrates robust performance.

F. UCMNet on Low-light Image Enhancement

In this section, we explore the potential of the proposed
UCMNet for another image restoration task, namely low-
light image enhancement, which also involves recovering

images degraded by suboptimal lighting conditions. As
in Table S3, we apply UCMNet to LOLv2-Real [8] and
LOLV2-Syn [8] to validate its broader applicability, where
degradations are spatially varying. Even without being fully
optimized for this specific task, UCMNet achieves compet-
itive performance compared to existing methods, indicating
its potential for handling tasks with spatially varying degra-
dations under challenging lighting conditions.

G. Uncertainty Map Visualization

As an extension of Fig. 8 in the main paper, additional un-
certainty maps are provided in Fig. S4. We observe that
shallower stages emphasize fine structural details, whereas
deeper stages primarily capture coarse degradation patterns.
This indicates that the network performs depth-wise restora-
tion guided by the uncertainty prior.

H. Memory Token Usage Visualization

In Fig. S5, we visualize the usage of memory tokens by rep-
resenting them as pseudo—segmentation maps, where each
color corresponds to a different memory token associated
with particular uncertainty feature vectors. This allows us
to examine the spatial distribution of uncertainty features
across the image. The results are shown depth-wise across
decoder stages. In deeper stages, the maps converge to simi-
lar patterns, indicating that uncertainty becomes focused on
display-induced degradations. In contrast, shallower stages
highlight high-frequency structural cues such as edges and
contours. These observations demonstrate that UCMNet ef-
fectively leverages diverse memory tokens to model region-
specific uncertainty, enabling spatially adaptive restoration.

I. Limitations

Although the proposed network demonstrates promising
restoration performance on UDC images, UCMNet still
struggles on the SYNTH dataset to recover fine details in
regions with severe diffraction-induced information loss, as
in Fig. S2. In future work, we plan to address this limitation
by incorporating stronger model priors.
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Figure S2. Limitation examples of UCMNet on SYNTH dataset.
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Figure S3. Visual results on the SYNTH dataset.
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Figure S4. Estimated uncertainty map visual results on the POLED [9] dataset.
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Figure S5. Visualized memory token usage as pseudo—segmentation maps on the TOLED [9] dataset, where each color represents a distinct
memory token associated with specific uncertainty feature vectors, allowing inspection of their spatial distribution across the image.
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