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Abstract

Metalenses offer compelling advantages such as lightweight
and ultra-thin design, making them promising alternatives
to conventional lenses. However, their widespread adoption
is hindered by image quality degradation caused by chro-
matic and angular aberrations. To mitigate this, restoration
processes are often necessary to recover high-quality RGB
images from metalens-captured inputs. While recent deep
learning-based restoration methods show promise, they typ-
ically (1) blur or distort peripheral regions, or (2) fail en-
tirely under unseen illumination conditions. To advance met-
alens image restoration, we introduce IlluMeta—the first
and largest real-world, illumination-aware metalens image
dataset—captured across diverse lighting environments. In
addition, we propose a novel end-to-end restoration frame-
work that directs attention to challenging regions and adap-
tively adjusts to varying illuminations via reinforcement
learning. Experiments show that our method can be applied in
a plug-and-play manner to enhance existing models, signifi-
cantly improving image restoration quality, especially under
unseen lighting conditions, paving the way for broader real-
world deployment of metalens technologies.

1 Introduction

Metalenses—ultra-thin, lightweight optical elements with
subwavelength structures (Yu and Capasso 2014)—have re-
cently attracted considerable attention for enabling com-
pact imaging systems across applications such as smart-
phones (Martins et al. 2020; Wang et al. 2022a), UAVs, and
AR/VR devices (Li et al. 2022). Despite these promising
attributes, the adoption of metalens-based cameras in real-
world scenarios remains limited due to significant image
quality degradation caused by inherent chromatic and an-
gular aberrations (Fan, Lin, and Su 2020). These artifacts
are particularly severe in peripheral regions and are further
compounded under non-uniform or low illumination, which
frequently occurs in practical settings.

Recent advances in deep learning have shown promise
in restoring high-quality images from metalens-captured in-
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puts (Zamir et al. 2022b; Lee et al. 2024; Seo et al. 2024).
However, as shown in Fig. 1, existing restoration models
still suffer from two major limitations. First, they struggle
to recover details in the outer regions of the image due
to spatially-varying degradations caused by angular aber-
rations. These regions are typically under-optimized during
training, as most models implicitly focus on the brighter and
more informative image centers. Second, their performance
drops significantly when tested under unseen illumination
levels (ILs), because they are usually trained under fixed
lighting conditions and fail to generalize across varying illu-
mination profiles. These two challenges—spatial degrada-
tion and illumination sensitivity—are the main bottlenecks
impeding robust deployment of metalens-based systems.

To address these limitations, we propose a two-pronged
restoration framework that explicitly targets the above chal-
lenges. First, we introduce a Spatial-Aware Attention Sched-
uler that encourages the model to pay greater attention to pe-
ripheral regions during training. This design is motivated by
the observation that angular aberrations introduce stronger
degradations away from the image center, and that treating
all regions equally in the loss function causes the model to
neglect these harder regions. By weighting the reconstruc-
tion loss spatially, our method facilitates better structural
fidelity across the entire image. Second, we propose a re-
inforcement learning (RL)-based Retraining-Free [llumina-
tion Adapter that adaptively modifies the illumination profile
of the input image at inference time. Rather than retraining
the restoration model for each lighting condition—which is
both computationally expensive and hard to scale—we train
a lightweight RL agent that learns to adjust image illumi-
nation on-the-fly to align with the pretrained model’s pref-
erences. This retraining-free, reward-driven strategy offers
strong generalization without compromising efficiency.

A key enabler of our framework is the IlluMeta dataset—
the first large-scale, real-world metalens image dataset
captured under diverse illumination conditions. Existing
datasets either lack real illumination variation, e.g., DIV2K-
Meta (Seo et al. 2024; Timofte et al. 2017) or are synthetic
in nature, e.g., DVD (Su et al. 2017), making it difficult to
study illumination-aware restoration in realistic scenarios. In
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Figure 1: Overview of metalens imaging setup, restoration challenges, and IlluMeta dataset. (a) Metalens imaging setup: RGB
images are reconstructed from monochrome channel captures of real-world scenes. (b) Two key challenges in restoring metal-
ens images: #1 Spatial degradation in peripheral regions due to angular aberrations, as highlighted in the zoomed patches; #2
Illumination sensitivity: model trained under a specific illumination level (e.g., IL=20) degrade significantly under unseen light-
ing conditions (e.g., IL=5), as shown in the comparison between DRMI (Seo et al. 2024) and DRMI+Ours. (¢) Sample images
from IlluMeta under 13 distinct illumination levels (IL=2-50), demonstrating broad dynamic range and lighting diversity.

contrast, IlluMeta contains over 25,000 real-world metalens
images, captured across 13 distinct illumination levels, and
includes both daytime and nighttime scenes. This dataset
enables the systematic evaluation of models under varying
lighting conditions, encourages research into generalizable
restoration techniques, and provides rich spatial degradation
patterns for studying position-dependent image quality.

Together, our proposed method and dataset offer a com-
prehensive solution to the longstanding challenges of met-
alens imaging: spatial restoration of peripheral degradations
and generalization to unseen illumination levels.

In summary, our contributions are three-fold:

* We identify and tackle two core challenges in metalens

image restoration: peripheral degradation and illumina-

tion generalization.

We propose a novel framework that integrates sptial

aware attention and reinforcement learning-based illumi-

nation aware controller, achieving retraining-free robust-

ness under diverse conditions.

¢ We construct IlluMeta, the first real-world, illumination-
diverse metalens dataset, establishing a new benchmark
for restoration methods under practical settings.

2 Related Work

Image Aberration Correction. Metalens aberration cor-
rection has been tackled using both learning-based
and hybrid methods. Early CNN-Wiener filtering ap-
proaches (Tseng et al. 2021) struggled with fine detail re-
covery due to limited receptive fields. Recent works enhance
restoration by combining diffusion models with Wiener fil-
tering (Chakravarthula et al. 2023; Ho, Jain, and Abbeel
2020; Wiener 1949), or by adopting lightweight CNNs for
fast, blind color correction (Eboli, Morel, and Facciolo
2022). A more recent trend involves physics-informed net-
works that incorporate lens-specific priors to improve gen-
eralization (Gong et al. 2024).
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Image Deblurring/Denoising. Deep networks have
achieved strong performance in denoising (Zhang et al.
2023), deblurring (Nah et al. 2021; Tsai et al. 2022), and
general restoration. Leading CNN-based models include
MIRNetv2 (Zamir et al. 2022a), SFNet (Lee et al. 2019),
HINet (Chen et al. 2021), and NAFNet (Chu, Chen,
and Yu 2022), while transformer-based designs such as
Restormer (Zamir et al. 2022b), Uformer (Wang et al.
2022b), and others (Zhang et al. 2018; Lecouat, Ponce,
and Mairal 2020; Zamir et al. 2021; Chen et al. 2023; Sun
et al. 2023; Liang et al. 2024) handle a wide range of degra-
dations. In meta-optical systems, joint optics-restoration
frameworks (Lin et al. 2021; Mansouree et al. 2020),
including MetaFormer (Lee et al. 2024) and DRMI (Seo
et al. 2024), have shown promising results. Additionally,
diffusion-based approaches are increasingly adopted for
their generative power and robustness (Saharia et al. 2022;
Yu et al. 2024; Ozdenizci and Legenstein 2023).

3 IlluMeta Dataset Construction

Metalens Camera Configuration. Our imaging system
employs a custom-built, multi-metalens RGB camera' based
on a single-layer metasurface design. The system supports a
wide field of view (FOV) of 70° and operates over a broad
visible wavelength range. Three metalenses, fabricated on
a single glass substrate, are individually optimized for red
(Ar = 635 nm), green (Ag = 540 nm), and blue (A = 460
nm) wavelengths. All three share an identical focal length
of 1.5 mm and are positioned in close spatial proximity
to ensure optical alignment. These metalenses project their
respective spectral components onto separate regions of a
monochrome CMOS sensor (Thorlab CS165MU(/M)), en-
abling parallel acquisition of R, G, and B information.

'The RGB metalens & IoT camera module is manufactured by
METAOPTICS TECHNOLOGIES PTE LTD.



Dataset FoV  Category # Image# Illum. Level #
DIV2K-Meta 23¢ 18 698 1
IluMeta (Ours)  70° 26 25,558 13

Table 1: Summary of the comparison between existing met-
alens dataset and our constructed dataset-IlluMeta. FoV in-
dicates field of view of the metalens camera.

Data Acquisition Setup. As illustrated in Fig. 1(a), we
began by collecting 1,966 high-resolution RGB images
(3840x2160 pixels), which were displayed on a calibrated
screen and serve as ground-truth references. The metalens
camera was used to capture the central 2160x2160 region
of each image. Each capture comprises three grayscale sub-
images—corresponding to R, G, and B channels—acquired
separately and later fused to synthesize a color image. The
final reconstructed image is downsampled to 400400 pix-
els for standardization across the dataset.

Preprocessing Pipeline. To generate a full-color metal-
ens image, we first align the wavelength-specific regions
(R, G, B) from the captured grayscale image (shown in
Fig. 1(a)) with pixel-wise accuracy. These subregions are
then assigned to the respective RGB channels of a digital
color image to form the final output. However, due to the
intrinsic chromatic and angular aberrations of metalens op-
tics—as well as imperfections in the synthesis process—the
resulting images often exhibit noticeable blurring and strong
vignetting, especially toward the periphery of the field of
view. These distortions necessitate advanced learning-based
restoration methods to enhance overall image quality.

Key Dataset Characteristics. The proposed IlluMeta
dataset exhibits several important properties:

* Diverse content coverage: The dataset includes a wide
variety of objects and scene types captured under both
daytime and nighttime conditions, across outdoor and
indoor, facilitating robust model generalization to real-
world scenarios.

Hllumination variability: To simulate different lighting
environments, we captured image under 13 screen bright-
ness levels: {2, 5, 8, 10, 12, 15, 20, 25, 30, 35, 40, 45,
50}, with a fixed camera exposure time-100 ms. This al-
lows for systematic evaluation of illumination sensitivity.

Large-scale volume: The dataset contains over 25,000
metalens images, making it suitable for training and
benchmarking modern deep learning-based models.

Sample images from IlluMeta are illustrated in Fig. 1.
A comparative overview between IlluMeta and the widely-
used DIV2K-Meta dataset (Seo et al. 2024) is presented
in Tab. 1, with representative metalens images from both
datasets shown in Fig. 2. o the best of our knowledge, II-
luMeta is the first real-world metalens dataset that systemat-
ically incorporates diverse illumination levels (ILs), captur-
ing the inherent variability of real-world lighting conditions.
This makes IlluMeta a valuable benchmark for assessing the
robustness of image restoration algorithms under illumina-
tion changes.
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Figure 2: Comparison of Metalens Images between DIV2K-
Meta (DIV*) and IlluMeta (ILM*) Datasets. While DIV2K-
Meta exhibits uniform blur, [lluMeta presents more realistic
degradations, such as non-uniform blur, peripheral distor-
tions, and illumination-dependent variations, posing greater
challenges for robust image restoration.

4 Our Approach

Our method addresses the challenge of metalens image
restoration under varying illumination and edge degrada-
tion. It consists of two core components: (1) Spatial-Aware
Attention Scheduler designed to enhance edge reconstruc-
tion quality, and (2) a Retraining-Free Illumination Adapter
that dynamically adjusts image brightness during inference
to improve generalization under diverse lighting conditions.

4.1 Spatial-Aware Attention Scheduler

Following typical restoration framework, e.g., DRMI (Seo
et al. 2024), we adopt a hybrid loss that combines pixel-wise
PSNR loss Ly, quantifying the image fidelity loss and ad-
versarial loss L 44, encouraging more perceptually realistic
image generation in the Fourier domain. The overall training
objective is: L(eRes) = Lpsnr(gRes) + )‘LAdv(oReSa 9D’LS)7
where Opes and 0p;s are the parameters of the restoration
model and discriminator, and \ balances the two losses.

However, in metalens images, severe angular aberration
leads to non-uniform degradation—especially in peripheral
regions—posing challenges for standard convolutional mod-
els to generalize across spatially varying distortions. Al-
though DRMI integrates positional embeddings to model
angular dependencies, it remains limited in reconstructing
high-fidelity details at the edges. To address this, we intro-
duce a spatially varying attention map at the patch level. For
a given pixel (z,y), the attention magnitude is defined as

\/($ - xc)2 + (y - yc)2
patch_size

Att(z,y) = k +1, (D
where (., y.) is the patch center, and k controls the atten-

tion scale. The modified loss becomes
L(GRCS) = Att : LpsnT'(aRes) + )\LAdv (eResy HDis) . (2)

Empirically, we observe that emphasizing edge regions
improves peripheral reconstruction but may degrade cen-
tral fidelity if we fix k£ as 1. To mitigate this, we intro-
duce a schedule-aware modulation by choosing a training-
dependent function k(e):

{ 1

where e is the current epoch, ep = 5emax defines the onset
of attention, and ey, is the total number of training epochs.

0,

€

ife S er

k(e) 3)

— % , otherwise ’

€max



4.2 Retraining-Free Illumination Adapter

Deep restoration models trained on metalens data are highly
sensitive to illumination conditions. Significant deviation in
ILs between training and test samples often leads to de-
graded restoration quality, particularly under underexposed
or overexposed conditions. While retraining the model with
diverse ILs might seem a solution, it typically reduces per-
formance on any specific IL due to increased data diversity.
For instance, our experiments show a drop in PSNR from
24.20 to 22.71 when training across multiple ILs.

To overcome this, we propose a reinforcement learning
(RL)-based module that dynamically adjusts the illumina-
tion of metalens images at inference time—without altering
the restoration network. We adopt RL because (1) it enables
adaptive decision-making based on environmental feedback
without requiring ground truth—ideal for illumination ad-
justment in metalens images, where even humans struggle
to determine the correct level; and (2) training the RL agent
is significantly more efficient than retraining the restora-
tion model, while achieving better performance, as shown
in Fig. 7. Unlike traditional lenses, illumination in metalens
images naturally attenuates from center to edges. Thus, IL
adjustment must account for spatial variation. We define an
adjustment function as

aV(i,j),
aV (i, §) (1

where V (i, j) and V (i, 5 ) represent the original and adjusted
pixel values, respectively; D denotes the distance from pixel
(4,7) to the image center; and C' controls the strength of at-
tenuation. The adjustment is governed by two parameters:
«, which handles global scaling, and /3, which provides spa-
tial compensation to mitigate attenuation pattern distortion
caused by overflow. We model this adjustment as a Markov
Decision Process (MDP), with the key elements shown in
Fig. 3 and detailed below.

State and Environment. The state for RL is the metalens im-
age and the environment is the pretrained restoration model.
Action Space. The actions correspond to discrete estimation
values for o and 3. We define 15 discrete actions for each
of a® and a®. The actions range from 0 to 15 with step size
1. With the estimated a®, the value of o can be computed
as a = Qpgse + a% X m, where ap,se and m are the base
illumination scaling factor and coefficient of the effect of
action a® on the factor. The value of 3 corresponds to the
predicted o itself.

Policy Network. The policy network consists of five con-
volutional layers, taking an input feature map of size 64 X
64 x3 and producing an output feature map of size 8x8.
This is followed by a fully connected layer and two output
branches: predicting actions for « and /3 respectively.
Reward Function. We use PSNR as the reward , hence the
reward function is defined as

ifa<1

) , otherwise ’

C(p+1)

2552
MSE)’ &)
where MSE (Mean Squared Error) is the average of the
squared differences between corresponding pixels in the
ground truth image x and restored image .

R(s,a%,a”) =10 -log,(
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Figure 3: Architecture of the RL agent for illumination level
control in metalens image restoration. At each time step ¢,
given the current state (s;), the policy network 7 selects ac-
tions a® and a®. The next state s¢+1 1s computed via Eq. (4),
and subsequently passed to the environment, represented by
a pretrained restoration model, which generates the corre-
sponding restored image. This output is compared against
the ground truth (GT) to calculate the PSNR severing as the
reward R to update the policy.

We adopt DQN (Mnih et al. 2015) as base RL algorithm,
the policy 7 optimization process can be estimated as

Q™ (s¢,af, af) = E[Rt\st,a?,atﬁ].

Q)

The policy optimization problem is then converted to action-
value (Q-value) function optimization, namely Q(6) —
Q(6*). The parameter set 6 can be learned via the policy
network 7 by minimizing the MSE loss between the current

Q-value Q(s¢, af, af ; 0) and target Q-value ;.
Q(se, af,al;0) =V*(s:67 ,0°) +V(s,a*, a”;67 6% 6°)
1 aty, Ao A a* paf
7NZV (57(1 7aﬁ;9f79 30 )7

acA
(7N
- B
= a ? o ? ;0 ) 8
Yt T+ fYaHIlr,laé{(x,BQ(St Ayi1,0449 ) ®)

where V'° represents the state value, V¢ is the action value,
67 is the parameters of common portion (purple part of
policy network in Fig.3) of feature extractor. 6° and 6
are parameters of state value and action (output branches).
N = |A| is the cardinality of actions. The loss used to opti-
mize the parameters of policy network is defined as:

L(0) = [g¢ — Q(se, af, a}; 0)]%. )

After training the policy network, the optimal parameters
0* is obtained, the optimal policy 7* then can be estimated
by Q(s,a®,a?;6*). Hence, the optimal actions can be pre-
dicted by:

{a*,a’} = argmax Q(St,affl,affl;ﬁ*). (10)
a*€A,aP A,
Discussion. Our method can be applied in a plug-and-

play manner to enhance existing models, significantly im-
proving image restoration quality, especially under unseen



lighting conditions. Specifically, the Spatial-Aware Atten-
tion Scheduler can be applied to other restoration models,
such as NAFNet (Chu, Chen, and Yu 2022), HINet (Chen
etal. 2021), and SFNet (Lee et al. 2019), as PSNR loss is one
of the most commonly used objectives in image restoration
tasks. Moreover, the Retraining-Free [llumination Adapter is
model-agnostic and can be integrated with different restora-
tion models by simply replacing the model component
within the RL architecture, as illustrated in Fig. 3.

S Experiments

Datasets. We evaluated our method on two datasets: (1)
DIV2K-Meta (Seo et al. 2024), a widely used benchmark
with 698 high-resolution images (1280x800), using 628 for
training and 70 for evaluation; and (2) IlluMeta, our pro-
posed dataset detailed in Sec. 3, using the first 1,000 of
1,966 images per illumination level (IL) for training and the
remaining 966 for testing. The DIV2K-Meta dataset, with
fixed illumination, provides a controlled setting to evalu-
ate our Spatial-Aware Attention Scheduler. In contrast, the
IlluMeta dataset, with diverse illumination levels, enables
comprehensive assessment of both the Scheduler and the
Retraining-Free [llumination Adapter under varying ILs.

Baselines. We evaluate our method by applying it to four
representative baseline models—DRMI (Seo et al. 2024),
NAFNet (Chu, Chen, and Yu 2022), HINet (Chen et al.
2021), and SFNet (Lee et al. 2019)—on both datasets. For
each model, we compare performance before and after inte-
grating our approach to assess its general applicability and
improvement potential.

Experimental Setup. We design two experimental setups
to evaluate the effectiveness, data efficiency, and generaliza-
tion capability of our method.

Setup 1: Comparison with Joint Learning. As previously
observed, training on a single IL often yields higher PSNR
than joint training across multiple ILs. Here, we compare
our method to a joint learning baseline. The baseline model
(Model-A) is trained on a combined ILs (e.g., ILs {20, 30,
40}) and evaluated on all 13 ILs. In contrast, our method
trains a model (Model-B) on a single IL (e.g., IL 30), then
trains a RL agent using a subset (e.g., 50%) of images from
the combined ILs, with Model-B as the environment. During
inference, test images are first adapted by the RL agent and
then restored by Model-B. Both approaches use the same
ILs for training and testing, ensuring fair comparison.

Setup 2: Generalization Across ILs. To assess the adapt-
ability of our method in more realistic scenarios, we allow
the RL agent to access training subsets from additional ILs
beyond those seen by the restoration model. This setup eval-
uates the agent’s ability to enhance restoration performance
under previously unseen illumination conditions. We con-
duct experiments on two restoration models—one trained on
a single IL and another on multiple ILs—to demonstrate the
robustness and general applicability of our approach.

Metrics. Consistent with previous works (Seo et al. 2024;
Chu, Chen, and Yu 2022), we use PSNR and SSIM to assess
the fidelity of image restoration, and LPIPS to evaluate the
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PSNRT SSIM? LPIPS|
Method Wh Per Wh Per Wh Per

Raw Matelens ~ 14.725!3 12655147 043016 0392017 0792011 0 g4+0.1!
SENet (2019) 18.22%F173  13,62%193 (574013 512015 52+010 () 644013
SFNet+Ours 18.47+168  14.13%281  .59+015  (,54+£012 501012 0, 58+011
HINet 2021)  21.36%23  15.84%238 (642012 (572014 (462010 () 51£01
HINet+Ours 21.624240  16.08%240  0.65F017  0.621013  0.44F011 (491013
NAFNet (2022) 21.69%23  16.058250 0.64%012  (.59%013 (44010 5+0.10
NAFNet+Ours 219852 16,5224 0.67+012  0.63£014  0.43*010 0.51=09
DRMI (2024)  22.09%2%  16.56%2% 0.69=014 0.65%014 (.43%0:10 (,51+010
DRMI+Ours  22.17F29  17.46%23*  0.70%01° 0.66=°13 0.43+008 (.49+0.10

Table 2: Performance comparison of baseline methods on
the DIV2K-Meta dataset, before and after applying our
method. Results are reported as meanst? on the Wh (whole)
image or in the Per (peripheral) area.

perceptual quality of the restored images by utilizing pre-
trained deep learning networks (e.g., AlexNet).

Implementation Details. To better capture spatially vari-
ant degradations, we apply two pre-processing steps: (1)
randomly crop 256256 patches from full-resolution im-
ages (1280x 800 for DIV2K-Meta, 400x400 for [lluMeta);
and (2) for DRMI (Seo et al. 2024), add position embed-
dings via 1x1 convolution using patch coordinates. Dur-
ing evaluation, full-resolution images are used after applying
TLC (Chu et al. 2022) to reduce statistical inconsistencies.
All results presented in the following sections for each
setup are obtained using five-fold cross-validation, with
Qpase = 0.4 and m = 0.25 used to compute « in Eq. 4.

Results on DIV2K-Meta. Tab. 2 compares four baseline
methods on the DIV2K-Meta dataset, before and after apply-
ing our method. All baselines show improved performance
on both the full image (left) and the outer % regions (right).
While overall gains are modest, improvements in the outer
regions are notable, for instance, DRMI achieves a 0.9dB
PSNR increase. These results validate the effectiveness of
our Spatial-Aware Attention Scheduler.

Results on IlluMeta-Setup 1. Tab. 3 reports the perfor-
mance and data efficiency of our method applied to four
baseline models under Setup 1. Several observations can
be made: First, models trained on a single IL (e.g., IL
30) outperform those jointly trained on ILs 20, 30, and
40 when evaluated on the seen IL. For example, DRMI
achieves 23.7dB PSNR on IL 30 vs. 22.6dB on average
with joint training. Second, using more ILs during train-
ing improves generalization. For instance, DRMI’s aver-
age PSNR increases from 16.4 (IL 30 only) to 16.8 (ILs
20-40), and NAFNet’s from 17.3 to 19.7 (highlighted in yel-
low). Finally, our method further improves performance us-
ing the same ILs. With restoration model trained on IL 30
and the RL agent trained on subsets from ILs 2040, the
model adapts effectively to varying ILs. DRMI improves
PSNR from 16.8dB to 18.8dB, and NAFNet from 19.7dB to
19.9dB. These results highlight the ability of our approach
to improve both data efficiency and restoration quality under
varying illumination conditions.



ILs | 20 30 40 2 5 8 10 12 15 25 35 45 50  Avg. | 20 30 40 2 5 8 10 12 15 25 35 45 50  Avg.
| DRMI (Seo et al. 2024) | NAFNet (Chu, Chen, and Yu 2022)

Orig. | 19.1 237 20.6 920 10.7 120 129 141 157 208 221 178 165 164|205 258 205 9.07 106 121 13.1 145 163 242 231 185 172 173
T 228 224 228 737 783 795 882 126 188 21.8 220 224 210 168 | 244 246 243 801 120 141 157 179 216 238 241 239 225 197
Ours | 22.7 234 22,6 986 119 141 157 175 20.6 219 219 222 208 188 |242 248 245 930 124 145 160 18.1 215 23.6 234 236 228 199

Orig. | 0.78 0.80 0.78 034 047 0.57 0.62 060 0.67 0.78 0.78 0.76 0.74 0.67 | 0.81 0.85 0.83 031 046 0.57 0.63 063 075 0.84 0.84 0.81 0.79 0.71
T 079 079 0.78 0.17 0.19 024 031 043 071 078 0.78 0.77 0.75 0.58 | 0.85 085 0.85 0.33 0.57 067 070 0.71 0.83 085 085 085 0.84 0.75
Ours | 0.79 0.79 0.78 040 0.56 0.66 0.71 0.67 0.78 0.78 0.78 0.77 0.75 0.71 | 0.85 0.85 0.85 0.35 0.58 0.68 0.71 071 0.83 0.85 085 085 0.85 0.76

Orig. | 026 022 025 048 047 045 045 040 038 024 024 027 035 034|023 020 023 051 048 045 042 035 031 020 020 028 030 0.32
T 023 023 023 054 053 053 050 030 026 024 024 023 024 033|020 020 020 053 045 041 039 028 021 020 020 020 021 029
Ours | 0.23 023 023 030 024 0.26 024 029 025 024 024 023 023 025|020 020 020 049 044 040 039 028 021 020 020 020 021 0.28

| HINet (Chen et al. 2021) | SFNet (Lee et al. 2019)

Orig. | 204 260 206 876 103 119 129 141 161 241 231 185 172 172|150 189 157 9.17 106 120 130 142 154 176 165 148 14.1 144
T 243 240 242 103 127 151 167 182 21.8 220 240 235 228 199|171 169 170 959 11.6 137 149 162 168 17.1 165 155 148 153
00 |238 235 236 118 154 183 20.6 208 234 235 232 23.0 223 21.0 185 180 171 9.83 121 143 156 17.3 182 183 173 16.6 16.7 16.1

Orig. | 0.82 0.85 0.84 028 044 0.57 063 061 075 0.84 0.84 081 080 0.70 | 0.55 0.59 0.57 026 035 042 045 049 051 056 0.57 055 0.54 049
T 086 0.86 0.86 043 060 068 071 076 083 085 0.86 0.86 0.85 0.77 | 0.56 0.55 0.55 0.31 035 041 044 0.61 0.64 066 063 047 045 0.51
Ours | 0.84 0.84 084 053 071 077 0.79 0.71 083 0.84 085 0.85 0.84 0.79 | 0.65 0.62 0.56 0.33 047 056 0.59 0.63 0.64 0.63 0.58 0.54 0.54 0.56

Orig. | 024 022 024 049 046 044 042 038 033 024 025 029 030 033|039 026 038 048 047 044 041 038 037 028 032 038 039 0.38
T 022 022 022 048 045 041 040 037 023 024 022 022 022 030|031 028 028 046 044 042 038 030 030 029 028 028 029 033
Ours | 023 023 023 036 030 028 026 026 025 023 023 024 024 026 | 0.28 027 0.28 045 043 040 033 027 028 027 027 027 028 031

LPIPS | SSIM{ | PSNRT

LPIPS | SSIM{ | PSNRT

Table 3: Performance comparison between three settings: (a) the original restoration model (Orig.) trained on IL 30, (b) a
jointly trained (JT) model using ILs 20, 30, 40, and (c) the original model combined with our method (Ours). Cells with a gray
background indicate illumination levels (ILs) used to train the restoration model; blue background denotes ILs used exclusively
to train the RL agent; cells without background represent ILs unseen by both the restoration model and the RL agent.

DRMI DRMI+Ours NAFNet === NAFNet+Ours HINet ™= HINet+Ours SFNet SFNet+Ours
2 2
50255 A5
/38_6 188 ;3 ~ 151 1g§
%00 1 10971558
9.9 7.98 :
/ 10.3 £ \
40(190 {6.0 A
16 8.06
35184 455 9.70
0.1 137 4554 69 M7,
30482 19 164 16,

Figure 4: Comparison of PSNR (dB) between baseline models and their counterparts integrated with our method across all
illumination levels (ILs) in Setup-2. The restoration models are trained on IL 12, the RL agents are trained on a subset of ILs
{2, 10, 20, 30, 40, 50}.

PSNR?T SSIM?T LPIPS| Raw Metalens DRMI DRMI+Ours

DRMI Ml M2 Wh  Per Wh  Per Wh  Per Object GT 2 5 10 2 5 10 2 5 10

\\j y T o P o S o Person 0.80 051 056 061 003 002 070 058 068 076

v, /182 165 069 062 027 031 Car 082 056 058 063 0.9 0.9 070 058 069 0.71

v v v 188 166 071 0.63 025 029

) ) ) Table 5: Comparison of AP for “person” and “car” detec-
Table 4: Ablation stgdy on the impact of At.tentlon Scheduler tion across ground truth (GT), metalens, restored images by
(M1) and the Tllumination Adapter (M2) in our method on DRMI and restored ones by DRMI combined our method.
the Wh (whole) image or in the Per (peripheral) area The restoration model was trained on IL 30, while the RL

agent in our method was trained on ILs { 20, 30, 40}.

Results on IlluMeta-Setup 2. To further assess the gener-
alization of our method, we conduct experiments where the

. . robustness to unseen and distribution-shifted ILs.
RL agent accesses training subsets from a wider range of

ILs, allowing it to better adapt illumination and attenuation Visualization. Fig. 5 shows two visual comparisons of
parameters to those used in the restoration model’s training. restoration results between DRMI and our method under
PSNR comparisons between baseline models and their Setup 1. It is clear that directly applying the restoration
counterparts augmented with our method (based on the IL- model alone produces bad or even unrecognizable results,
12 model) are shown in Fig. 4. As shown, our method con- whereas our method significantly improves image quality.
sistently improves performance across all baselines, espe-
cially on ILs that differ significantly from the training IL Computation Efficiency Analysis. As mentioned earlier,
(e.g., ILs 40, 45, 50). Improvements on similar ILs (e.g., ILs our RL agent is trained on subsets of ILs unseen by the
8, 10, 15) are smaller. These results highlight the method’s restoration model. In Tab. 3 and Fig. 4, this subset includes
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Ground Truth

Metalens Image Adjl:)StSd Image DRMI DRMI+Ours  Ground Truth  Metalens Image Adjusted Image DRMI DRMI+Ours

y Ours by Ours
Figure 5: Comparison of two restoration examples using DRMI and DRMI enhanced with our method. The adjustment factors
and (3, estimated by the RL agent, adapt the illumination levels (ILs) of metalens images for improved restoration. The original
DRMI model is trained on ILs {20, 30, 40}, whereas our method uses a model trained only on IL 30, along with an RL agent
trained on {20, 30, 40}. Both test images are from IL 8, which is unseen by both the restoration model and the RL agent.

19.0 PSNR 1 SsIM 1 LPIPS | = Training time of RL using 5% training set Training time of RL using 50% training set
. 0.75 0.36 Training time of Restoration model = PSNR Performance
18.5 070 | """ (35 15.3 A74
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. . . 19.9002.15
Figure 6: Data efficiency comparison of our method. Yel- 16.8| 126
low lines represent joint training on ILs {20, 30, 40}, while DRMI 18718 2212
green lines show our method using a DRMI model trained 5 0 100 200 300 400 500
on IL 30 and an RL agent trained on subsets of data ran- PSNR (dB) Training Time (hours)

domly sampled (e.g., 1%) from the combined ILs. Figure 7: Training cost comparison in Setup-1.The restora-

tion model is initially trained on IL 30. Blue bars represent
retraining with additional ILs 20 and 40, while orange and

50% of training data from training set of each IL. To assess yellow bars show our method using an RL agent trained on
d.ata efficiency, we train RL agents using varying data ra- 5% and 50% of their data, respectively. This highlights the
tios (1%, 2%, 5%, 10%, 20%, 50% and 100%) from each IL data and compute efficiency of our approach.

and evaluate the restored images using the pretrained model.
Fig. 6 shows that even with just 1% of data from unseen ILs,
the RL agent can effective'ly. adjust images, yielding PSNR on the MSCOCO dataset (Lin et al. 2014). Tab. 5 reports
comparable to full-data training.

We also compare training costs between two approaches:
retraining the restoration model with unseen ILs vs. training
our RL agent using only 5% and 50% of unseen IL data,
as shown in Fig. 7. Results show that our method requires
significantly less additional training time for unseen ILs.

the average precision (AP) for both categories. Ground truth
images yield the highest AP (0.8), while our method consis-
tently outperforms both direct detection and DRMI restora-
tion, particularly under unseen ILs (2 and 5). These results
highlight the effectiveness of our approach in enhancing
structural fidelity for downstream detection tasks.

Ablation Study. Our method includes two modules: the
Spatial-Aware Attention Scheduler and the Retraining-Free 6 Conclusions
Ilumination Adapter, evaluated via ablation studies. Tab. 4

shows average performance across all ILs using different . . . !
combinations with DRMI under Setup-1. Each module in- ically designed to facilitate the study of metalens image

dividually improves restoration: the Attention Scheduler restoration under diverse illumination levels (ILs). To tackle
boosts PSNR by 0.5dB overall and 0.9dB in Peripheral re- the unique challenges posed by this setting, we propose
gions, while the Illumination Adapter alone adds 1.4dB. a novel framework comprising two key components: (1)
Combining both yields the best results, highlighting their a Spatial-Aware Attention Scheduler that encourages the
complementary strengths. Additional validation of the At- restoration model to prioritize structurally challenging re-

In this work, we introduce a new dataset—IlluMeta specif-

tention Scheduler on DIV2K-Meta is shown in Tab. 2. gions, and (2) a reinforcement learning-based Retraining-
Free Illumination Adapter that dynamically enhances per-
Performance on Object Detection. We further evaluate formance across varying and unseen ILs. Extensive experi-
our method on the downstream task of object detection. A ments confirm the strong effectiveness and generalization of
total of 185 “person” and 52 “car” instances were selected our method, particularly under illumination conditions not
from both ground truth and metalens images captured un- seen during training. Our work advances research on metal-
der ILs 2, 5 and 10. Detection was performed using the ens image restoration under diverse illumination conditions,
YOLOV8x (Jocher, Chaurasia et al. 2023) model pretrained bridging the gap toward real-world metalens applications.
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