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This supplementary material is organized as follows.
First, §1 details the procedures for data acquisition and us-
age across different domains. Next, §2 presents a detailed
motivation analysis regarding the learning of latent veiling
glare maps. §4 provides further implementation details,
including training configurations and hyperparameters. In
§5, we discuss the broader societal impacts of our work,
along with its limitations and potential future directions. Fi-
nally, §6 demonstrates the high data efficiency of our do-
main adaptation framework and presents additional visual
comparisons.

1. Detailed Data Collection and Usage

This section details the three-domain dataset structure.
We evaluate our method on two distinct optical systems:
the large-aperture single lens (SL) and the metasurface-
refractive hybrid lens (MRL), as shown in Fig. 1(a)-(b) and
Fig. 2. A summary of acquisition setups, illumination con-
ditions, and dataset splits is provided in Tab. 1. To illustrate
the degradation components, Fig. 3 shows a comparison
among the clear image, the aberration-only capture (Source
domain), and the compound case with additional veiling
glare (Sreen-Compound domain). This reveals that veil-
ing glare degrades the image through global contrast reduc-
tion and color shifts, compounding the intrinsic optical blur.
While identical scenes are presented here for direct com-
parison, we ensure strictly disjoint scene contents across all
dataset splits in our experiments to prevent data leakage. All
procedures described below are conducted independently
for each system, resulting in two parallel datasets.

1.1. Data Acquisition Setup

We employ two distinct data acquisition setups: a
controlled monitor-based setup for the Source and
Screen—Compound domains, and an in-the-wild capture
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setup for the Realworld-Compound domain.

Monitor-based Setup. We use a screen-capture setup [2,
13] for both the Source and Screen—Compound domains.
This approach is chosen because precise lens parameters for
accurate simulation are not available. In this setup, a high-
resolution monitor displays the GT images, and the optical
system is placed on a controlled mounting setup to capture
the screen. The illumination conditions are carefully con-
trolled to distinguish the two domains:

* Source Domain: The environment is kept completely
dark to avoid any ambient light, ensuring that the captured
images contain only intrinsic optical aberrations without
veiling glare.

* Screen—-Compound Domain: Under the same geo-
metric alignment, we introduce an external light source
(Fig. 1(c)) to generate compound degradation. This
source is placed off the optical axis and remains outside
the field of view. This configuration simulates the com-
mon real-world scenario where invisible external light
induces diffuse veiling glare. We employ this stan-
dardized lighting setup to establish a controlled bench-
mark. Despite lacking the variability of natural envi-
ronments, this setup provides the essential paired data
required for full-reference validation. In contrast, the
Realworld-Compound domain (detailed below) en-
compasses random, diverse lighting conditions to verify
the method’s generalization capability.

In-the-wild Capture Setup. We collect diverse real-
world scenes in uncontrolled environments to form the
Realworld-Compound domain. These images are cap-
tured under naturally varying illumination, where the inten-
sity and distribution of light are not regulated. As a result,
the collected data reflect the actual imaging behavior of the
optical system in everyday scenarios in which glare arises
naturally.
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Table 1. Summary of Datasets and Usage Setting. We evaluate our method on two independent optical systems: Large-aperture Single
Lens (SL) and Metasurface-Refractive Lens (MRL). The table details the acquisition setup, lighting conditions, data splits, and specific

usage for each domain.
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Figure 1. (a) A large-aperture single-lens (SL) system. (b) A metasurface—refractive hybrid-lens (MRL) system. (c) The capture setup for

the Screen—-Compound domain.
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Figure 2. Optical specifications and simulated performance. Simulated ray tracing layouts and corresponding RMS spot diagrams for

(a) the SL imaging system and (b) the MRL imaging system.

Geometric Alignment. To ensure precise pixel-level cor-
respondence for paired data, a two-stage geometric correc-
tion process is applied independently for each system.

¢ Lens Distortion Correction: Intrinsic parameters are
calibrated using the MATLAB Camera Calibrator [5].
Chessboard images captured from multiple viewpoints al-
low computation of a distortion map that removes nonlin-
ear distortions such as barrel or pincushion effects.

o Affine Alignment: Residual planar misalignment be-
tween the sensor and the monitor is corrected using
an affine transformation. We extract N corner corre-
spondences {(z;,y;) — (z,y.)} from a high-definition
chessboard displayed on the monitor. The transformation

is modeled directly in homogeneous coordinates as:
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The affine parameters are estimated by minimizing the
sum of squared reprojection errors:
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This correction is strictly applied to the Source and
Screen-Compound domains to ensure high-fidelity

alignment for quantitative metrics. Conversely, for the
Realworld-Compound domain, geometric correction is
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Figure 3. Visual Decomposition of Compound Degradation.

intentionally omitted. By operating directly on uncorrected
RGB images containing native distortion, we explicitly val-
idate the robustness of the model in practical, calibration-
free deployment scenarios.

1.2. Domain Definitions and Usage

We define three domains. The Source domain estab-
lishes baseline capabilities for aberration synthesis and
correction. For unpaired adaptation, each target domain
(Screen-Compound and Realworld-Compound) is
treated separately, ensuring the model adapts to each do-
main independently.

Source Domain (Paired, Aberration-only).

e Acquisition: Using the aligned screen-capture setup,
clean images from the DIV2K dataset [ 1 1] are re-captured
in a dark environment. This ensures that only the intrinsic
spatial-varying aberrations are recorded.

* Data Split: This domain yields 170 pairs for the SL sys-
tem and 125 pairs for the MRL system.

» Usage: These pairs provide fully supervised supervision
for modeling and correcting spatial-varying aberrations.

Target Domain: Screen—Compound (Unpaired Train-
ing, Paired Testing). This domain introduces controlled
veiling glare and serves a dual purpose for training and eval-
uation.

e Acquisition: The process follows the Source domain
setup, except that a single external light source is directed
toward the lens (Fig. 1), inducing compound degradation
from both aberrations and veiling glare.

* Data Split: We collect 50 training images and 42 test
images for the SL system (50 training, 25 test for MRL).
All images are captured with corresponding GT pairs.

» Usage: The dataset is strictly split:

— Training (Unpaired): The 50 degraded images form
the target domain, with GTs explicitly discarded to en-
sure unpaired adaptation.

— Testing (Paired): Held-out pairs are reserved exclu-
sively for full-reference quantitative evaluation.

Target Domain: Realworld-Compound (Unpaired).
This domain serves to adapt the model to uncontrolled, re-
alistic scenarios and evaluate its generalization capabilities.

* Acquisition: Diverse real-world scenes featuring natural,
complex compound degradation are captured using inde-
pendent optical systems.

* Data Split: No GT is available for these images. The
dataset comprises 50 unpaired training images and 51 test
images for the SL system (50 training, 11 test for MRL).

» Usage: Unpaired training images are used for adaptation;
test images are used for qualitative comparison and quan-
titative evaluation via no-reference IQA metrics.



2. Motivation Analysis

Our framework addresses compound degradation arising
from optical aberrations and veiling glare. Although we
aim to mitigate both artifacts, our methodology prioritizes
the modeling of the veiling glare component. This section
outlines the rationale for this focus.

Baseline for Aberration Correction. Existing literature
demonstrates that supervised networks trained on paired
datasets effectively handle spatially varying aberrations [3,
13]. We follow this data-driven strategy by constructing a
paired source domain to train the backbone network. This
approach yields robust performance for aberration correc-
tion. Consequently, our work focuses on the removal of
veiling glare, a more challenging and under-constrained
problem, rather than the incremental improvements of aber-
ration correction.

Data Scarcity in Veiling Glare. Unlike optical aberrations,
acquiring paired data for real-world veiling glare is infea-
sible due to the sensitivity to dynamic lighting conditions.
Moreover, high-fidelity simulation is restricted by the inac-
cessibility of proprietary opto-mechanical structures and the
prohibitive computational cost of non-sequential ray trac-
ing. This lack of GT results in an under-constrained degra-
dation model (Eq. 1 in the main text). While the source do-
main constrains the PSF term K, the transmission map 77
and the glare map ! remain unsupervised. Consequently,
general domain adaptation methods yield suboptimal per-
formance without explicit physical guidance.

Targeted Design for Glare Modeling and Removal. To
bridge the supervision gap, we introduce VeilGen for data
synthesis and DeVeiler for image restoration. Both com-
ponents leverage the proposed LOTGMP prior to ensure
physical consistency. In VeilGen, the prior guides the gen-
eration of plausible transmission and glare maps in latent
space. This synthesis is validated in two ways: the resulting
degradations are more realistic (Fig. 6 in the main text), and
a network trained on this synthetic data achieves superior
restoration performance (Tab. 3 in the main text). Similarly,
DeVeiler incorporates the prior during restoration. The VG-
Enc module estimates latent glare and transmission, which
the VGCM module then uses to selectively suppress activa-
tions in glare-affected regions, a process confirmed by our
feature analysis (Fig. 8 in the main text). This dual applica-
tion of the prior effectively addresses the challenges of data
scarcity and model ambiguity. Future work could explore a
unified architecture that jointly learns to correct both aber-
ration and glare.

3. Generalization Analysis

While retraining a model for a specific new lens is a com-
mon practice in computational aberration correction [1, 13],
our framework features a highly streamlined workflow that

enables rapid and cost-effective generalization to novel op-
tical systems. The generalization capability of our pipeline
is supported by three key aspects:

Flexible Source Data Construction. The acquisition of
source domain data in our framework is highly adaptable. If
the optical design parameters are known, paired source data
can be efficiently generated via optical simulation. Con-
versely, in strictly blind scenarios where lens parameters are
completely unknown, the source data can be easily acquired
through a simple screen capture setup, eliminating the need
for complex calibration.

High Target Data Efficiency. Bridging the domain gap to
a new lens typically requires extensive target data. How-
ever, our unsupervised adaptation process is remarkably ef-
ficient. As detailed in our subsequent data efficiency analy-
sis (Fig. 4), our model requires only ~25 unpaired degraded
images from the target system to achieve stable and high-
quality restoration. This drastically reduces the real-world
deployment cost.

Empirical Validation on Diverse Optics. We have rig-
orously validated this streamlined pipeline on two funda-
mentally distinct hardware prototypes: the large-aperture
single lens (SL) and the metasurface-refractive hybrid lens
(MRL). Notably, both evaluations were conducted under a
completely blind setting, confirming that our framework is
robust and readily applicable to diverse, unknown optical
systems in practice.

4. More Implementation Details

VeilGen Training. In stage I, the VeilGen is initialized
from the pre-trained Stable Diffusion v2-1 [10]. We employ
AdamW [9] with a constant learning rate of 1x10~° for
both the main diffusion backbone and the LOTGMP mod-
ule. LOTGMP utilizes a ResBlock-Attention backbone,
with Trans/Glare Heads implemented as convolutional lay-
ers. Physical consistency is enforced explicitly by Eq. 1,
which constrains the prediction of Trans-Head to be mul-
tiplicative (modulation) and the Glare-Head to be additive
(bias). This structural prior compels the heads to disentan-
gle distinct physical roles The model is trained for 9k itera-
tions with a batch size of 16. Following standard practices
in hybrid-domain diffusion learning [12], we set the prob-
ability parameter p to 0.3 during training and the mixture
coefficient w to 0.85 during inference. We set the refer-
ence timestep to t* = 0 to extract latent maps from the
fully denoised state, ensuring estimation precision. To bal-
ance generation quality and efficiency, we employ a 10-
step sampling strategy. Using the Flickr2K [11] dataset
as the source, we synthesize 500 high-resolution images
(1280 x 1920). This process requires approximately 3 hours
on a single NVIDIA A100 GPU.

Distillation to DDN. In stage II, we distill the trained Veil-
Gen for 25k iterations using the Adam optimizer [7] with



a cosine annealing learning rate schedule, starting from
2x10~* and decaying to 1x10~7. The batch size is 8, and
the input patch size is 256 x256. This distillation preserves
VeilGen’s physically grounded degradation behavior while
producing an efficient forward model suitable for supervi-
sion in Stage III.

DeVeiler Training. In stage III, DeVeiler is trained end-
to-end in two phases. In phase I (pre-training), we train
on paired source-domain data for 100k iterations using
Adam [7], with a learning rate that decays from 2x10~4
to 1x10~7 via cosine annealing. In phase II (fine-tuning),
we adapt the model on a mixed dataset of 500 generated
pseudo-pairs and the original source pairs for 5k iterations.
The learning rate decays from 5x107° to 1x10~7 with
cosine annealing. Both phases use a batch size of §, a
256 <256 patch size, and random horizontal/vertical flips
for augmentation. The loss weight Ay is set to 1.0. The
fine-tuning phase is highly efficient, completing in approx-
imately 40 minutes on an NVIDIA A100 GPU.

Text prompts. We utilize distinct text prompts for the
source and target domains. The source domain prompt
focuses solely on aberration: a photograph with spatial-
varying PSF blur, optical aberrations, defocus, and chro-
matic fringing. For the target domains, which include the
Screen-Compound and Realworld-Compound, the
prompt is expanded to describe the full compound degra-
dation: a photograph with spatial-varying PSF blur, opti-
cal aberrations, defocus, chromatic fringing, and notice-
able stray light with veiling glare.

Baseline Implementations. For fair comparison, we use
official implementations, retraining learning-based models
on our dataset with default settings.

5. Discussion

5.1. Societal Impacts

This work alleviates the inherent trade-off between opti-
cal miniaturization and image quality. While aberration
correction is established, veiling glare remains a bottle-
neck for compact optical systems. By addressing this com-
pound degradation, we facilitate high-performance imaging
in hardware with strict spatial limits, such as medical en-
doscopes, autonomous drones, and mobile devices. Beyond
specific applications, our framework demonstrates a strat-
egy for inverse problems in data-scarce domains. Instead of
purely black-box approaches, we incorporate physical mod-
els into the latent space to synthesize realistic training pairs
from unpaired data. This physics-aware generation strategy
offers a scalable solution for other fields lacking GT, includ-
ing underwater imaging and astronomy.
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Figure 4. Data Efficiency Analysis. PSNR performance on the
Screen—-Compound test set with varying numbers of unpaired
target training images (/N). Note that N = 0 denotes the non-
adapted Source-only baseline.

5.2. Limitations and Future Work

Limitations. Although our framework delivers favorable
restoration results, slight color deviations may persist under
intense veiling glare (see Fig. 7). This is fundamentally due
to the ambiguity in overexposed regions, where the addi-
tive glare merges with the saturated scene signal. Regard-
ing data acquisition, the source domain is constructed using
images with a fixed scene depth. Although aberrations are
theoretically depth-dependent, real-world performance in-
dicates that this approximation is acceptable for compact
optical systems. From a modeling perspective, the current
framework learns implicit light representations rather than
explicit parameters (e.g., 3D position). While sufficient for
effective restoration, explicit parameterization could offer
additional controllability in future iterations.

Future Work. To address these limitations, future research
could incorporate explicit light-source modeling for color
recovery and extend the source domain to include mul-
tiple scene depths. Additionally, we plan to investigate
frequency-domain strategies for improved glare separation
and adapt advanced generative backbones for efficient one-
step synthesis.

6. More Results

Analysis of Target Data Efficiency We analyze the im-
pact of target training set size (N € {0,5,15,25,50}) on
restoration performance. To decouple the adaptation strat-
egy from the specific architecture of DeVeiler, we employ
a standard SwinlR [8] backbone. Figure 4 indicates that a
subset of N = 5 yields substantial improvements over the
baseline (N = 0). Furthermore, performance converges at
N = 15, reaching parity with the full dataset (N = 50).
These results verify the capability of the framework for ro-
bust few-shot adaptation with limited data.



Physical Interpretability of LOTGMP. We validated this
via a “black screen” experiment (capturing I, ~ 0 with
side-illumination to isolate pure glare). The predicted glare
map (Fig. 8(c)) exhibits strong structural consistency with
physical measurements (Fig. 5(a)), confirming that LOT-
GMP accurately learns the glare distribution.

Robustness in Challenging Scenes. We further demon-
strate the robustness of our method on specific challeng-
ing scenarios. As shown in Fig. 5(b), our method effec-
tively recovers high-frequency details in the line pairs scene
captured by SL. Furthermore, it successfully removes veil-
ing glare and preserves underlying structures in the high-
contrast HDR scene captured by MRL (Fig. 5(c)).

More Visual Results. To further verify the effective-
ness of our method, we present more visual compari-
son results between the proposed DeVeiler and other ad-
vanced methods across both the Screen—-Compound and
Realworld-Compound domains. Specifically, the re-
sults captured by the SL and MRL systems are shown for
the Screen—-Compound domain in Fig. 6 and Fig. 7, and
for the Realworld-Compound domain in Fig. 8 and
Fig. 9, respectively.

In these scenarios, the input images exhibit compound
degradation, where light sources introduce veiling glare,
leading to a noticeable reduction in contrast and color shifts
alongside intrinsic optical aberrations. Baseline aberration
correction methods [8], trained on the source domain, show
limited generalization to the unseen veiling glare. Cas-
caded pipelines employing dehazing models [12] can im-
prove global contrast but may result in the smoothing of fine
textures. Similarly, cascaded flare removal approaches [4],
typically designed for localized artifacts, are less effective
in addressing the spatially diffusive nature of veiling glare.
Furthermore, general domain adaptation methods [6, 12],
without explicit physical modeling for glare, may exhibit
color deviations. In contrast, DeVeiler leverages the latent
veiling glare maps to achieve favorable results across di-
verse scenarios, preserving structural details and recovering
color fidelity. In regions of intense illumination, the input
signal approaches saturation (Fig. 7). While signal loss
hinders full recovery, DeVeiler minimizes color deviations
compared to competing methods.
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(a) Measured glare map (b) 1SO resolution chart shot by SL (c) HDR scene shot by MRL

Figure 5. (a) Physically measured glare map (/. =~ 0). (b) High-frequency detail recovery on an ISO resolution chart (SL). (c) Robust
veiling glare removal in a high-contrast HDR environment (MRL).

Figure 6. Visual results on the Screen—-Compound domain captured by the SL system. The method is shown at the bottom of each
case. Zoom in for the best view.
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Figure 7. Visual results on the Screen-Compound domain captured by the MRL system. The method is shown at the bottom of
each case. Zoom in for the best view.
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Figure 8. Visual results on Realworld—-Compound domain captured by the SL system. The method is shown at the bottom of each
case. Zoom in for the best view.
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Figure 9. Visual results on Realworld—-Compound domain captured by the MRL system. The method is shown at the bottom of
each case. Zoom in for the best view.
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