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Figure 1. Our UniSER eliminates multiple challenging (a) and even undefined (b) soft effects from in-the-wild images while preserving
background identities. Besides, UniSER supports precise pixel mask control (c), and removal strength control (d), allowing for intuitive
and fine-grained restoration tailored to specific user needs. The framework is also capable of adding effects in the given region (e). Masks
are global by default if not shown.

Abstract

Digital images are often degraded by soft effects such as
lens flare, haze, shadows, and reflections, which reduce aes-
thetics even though the underlying pixels remain partially
visible. The prevailing works address these degradations in
isolation, developing highly specialized, specialist models
that lack scalability and fail to exploit the shared underly-
ing essences of these restoration problems. Meanwhile, al-
though recent large-scale generalist models (e.g., GPT-4o,
Flux Kontext, Nano Banana) offer powerful text-driven edit-
ing capabilities, they heavily rely on detailed prompts and

† indicates project leader.

often fail to achieve robust removal on such fine-grained
tasks while preserving the scene’s identity. Leveraging the
common essence of soft effects, i.e., semi-transparent occlu-
sions, we introduce a foundational versatile model UniSER,
capable of addressing diverse degradations caused by soft
effects within a single framework. Our methodology centers
on curating a massive 3.8M-pair dataset to ensure robust-
ness and generalization, which includes novel, physically-
plausible data to fill critical gaps in public benchmarks,
and a tailored training pipeline that fine-tunes a Diffusion
Transformer to learn robust restoration priors from this di-
verse data, integrating fine-grained mask and strength con-
trols. This synergistic approach allows UniSER to signif-
icantly outperform both specialist and generalist models,
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achieving robust, high-fidelity restoration in the wild.

1. Introduction
Images captured in real-world environments inevitably suf-
fer from degradations. A common class of such “soft”
effects includes optical phenomena (e.g., lens flare, re-
flections) and atmospheric conditions (e.g., haze, fog).
These effects corrupt scene radiance additively or multi-
plicatively, degrading contrast, color fidelity, and fine de-
tails [57, 85]. Consequently, image quality and visibility
are compromised, and in severe cases, occlusions cause ir-
reversible information loss, rendering recovery fundamen-
tally ill-posed [37, 57, 91].

To restore image structures, most existing works address
each degradation type separately. For instance, dehazing
has progressed from prior-based methods such as the Dark
Channel Prior (DCP) [37] to deep networks estimating scat-
tering parameters or directly predicting clean images [16,
19, 29, 60, 77]. Similarly, shadow, flare, and reflection re-
moval adopt task-specific designs [27, 57, 85, 91, 94, 118],
relying on physical modeling, layer decomposition, or elab-
orate data and network strategies to mitigate ill-posedness.
While such methods achieve strong task-specific perfor-
mance, recent works [17, 63, 70] attempt to unify multiple
degradations within one framework. Yet these models re-
main limited in scalability and robustness when facing ex-
treme, diverse real-world conditions. This motivates the de-
velopment of foundation models trained on large-scale data
to achieve stronger generalization and resilience in the wild.

Concurrently, the rise of powerful foundation models
like GPT-4o [46] and Nano Banana (Gemini 2.5 Flash Im-
age) [21, 33] has introduced general-purpose, text-driven
image generation/editing based on Multi-modal Large Lan-
guage Models (MLLMs). These models can interpret com-
plex prompts and perform realistic edits. However, for fine-
grained tasks like soft effect removal, they exhibit signif-
icant limitations. Their performance is often unstable and
heavily reliant on meticulously crafted text prompts. More
critically, they lack the precise, pixel-wise control required
for high-fidelity restoration and identity preservation. Treat-
ing soft effect removal as a general inpainting task leads to
the alteration of local image structures or the identity of ob-
jects in the scene, which makes them unreliable for profes-
sional photo editing and critical computer vision pipelines.

Despite their diverse appearances, effects such as lens
flare, haze, reflections, and shadows share the same in-
trinsic property: they are semi-transparent occlusions that
degrade the image, but do not fully destroy the underly-
ing scene identity. This shared property unifies them as
a challenging decomposition problem (e.g. [32, 114–116]
use dehaze models as strong comparative baselines for lens
flares removal). To this end, we define a unified and ex-

tensible task, termed Soft Effects Removal (SER) to in-
vert all these diverse degradation processes. This task is
highly challenging. First, these effects are typically entan-
gled with the scene itself, rather than merely superimposed
as simple overlays. Second, the local image structures, and
even pixel-level identities, should be precisely preserved.
Third, regions that are fully occluded or invisible (e.g., over-
exposed areas in lens flare or areas covered by extremely
dense haze) must be plausibly reconstructed.

To effectively tackle these challenges, we introduce
UniSER (Fig. 1 (a) & (b)), a data-centric versatile model
for Soft Effects Removal. Our method is built upon two key
points. First, we curated a large-scale dataset of approx-
imately 3.8M balanced, high-quality, pixel-aligned image
pairs. By unifying existing open-source datasets and aug-
menting them with extra real-world and synthetic data, we
provide the precise supervision our model needs to learn
content invariance. Second, as shown in Fig. 1 (c) & (d),
we implemented fine-grained user controls, including pixel-
level masks to define the removal area and strength levels to
modulate the removal strength, making the process highly
controllable. Beyond restoration, UniSER can also perform
aesthetic edits, such as enhancing existing effects or gener-
ating new, realistic ones on clean images (Fig. 1 (e)). Our
method achieves state-of-the-art results on multiple public
benchmarks and demonstrates significantly better general-
ization on in-the-wild testing data.

In summary, our main contributions can be summarized
as follows:
• A Large-Scale Dataset for Generalization: We curated

a large-scale dataset of∼3.8M image pairs, providing vast
data distribution for strong generalization on challenging
in-the-wild data.

• A Versatile SER Model: Trained on the curated dataset,
a foundational versatile model UniSER achieves remov-
ing multiple challenging soft effects in the wild with
state-of-the-art performance and surpasses much larger
general-purpose models such as Nano Banana.

• Controllable Editing: Developed fine-grained user con-
trols for SER tasks, including spatial masks and strength
levels, to enable precise and controllable effect removal.

2. Related Work

2.1. Isolated Effects Removal

Lens flare removal. Previous learning-based methods im-
proved data synthesis by considering camera ISP to enhance
realism and generalization [115, 116]. Concurrently, ar-
chitectural innovations emerged, including self-supervised
methods to disentangle co-occurring flares [39], while oth-
ers explicitly separated light source preservation from flare
removal using dedicated detection modules [32], and net-
works leveraging both spatial and frequency domains [83].
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More recently, large pretrained Latent Diffusion Models
(LDMs) are adpated to leverage their powerful generative
priors [114]. The development of these methods has also
been heavily reliant on specialized datasets, from semi-
synthetic ones [91], Flare7K [24], to real-world paired
datasets [26].
Reflection removal. Early methods for single-image re-
flection removal (SIRR) focused on iterative refinement us-
ing edge maps [30] or recurrent networks [62, 96]. Sub-
sequent research shifted towards improving training data
realism by learning non-linear blending [90], employing
physically-based rendering [52], and modeling glass ab-
sorption [113]. Architectural innovations followed, intro-
ducing location-aware modules [28] and advanced attention
mechanisms [45, 106] to better distinguish between lay-
ers. More recent paradigms reduce reliance on paired data
through unsupervised deep image priors [72] or by using
Diffusion Models to generate guiding prompts [88]. This
progress has been underpinned by the creation of key real-
world benchmarks like SIR2 [85] and the large-scale RRW
dataset [118].
Shadow removal. Initial approaches to shadow removal re-
lied on traditional physical priors and optimization frame-
works [36, 105]. The advent of deep learning intro-
duced end-to-end models like DeshadowNet [71] and meth-
ods that decomposed images into shadow-free and matte
layers [57]. Subsequent architectural advancements in-
cluded using Generative Adversarial Networks (GANs) for
joint detection and removal [86], fusing synthetic expo-
sure pairs [31], and learning via shadow generation [67].
More recent trends focus on eliminating the dependency
on explicit shadow masks, utilizing mask-free transform-
ers [27] or reformulating the problem as a dense prediction
task [64]. The progress in this field has been propelled by
benchmarks like SRD [71], ISTD [86], and the newer high-
resolution WSRD dataset [84].
Haze removal. Single-image dehazing evolved from early
methods based on statistical priors like the Dark Chan-
nel Prior (DCP) [37] to data-driven deep learning. Ini-
tial deep learning works included lightweight end-to-end
networks [60], hybrid models that learned priors for tradi-
tional optimization [95], and unpaired training with GANs
to address data scarcity [29]. Architectural innovations,
such as gated context aggregation [16] and Vision Trans-
formers [77], were later introduced to better handle non-
uniform haze. Recent efforts focus on closing the synthetic-
to-real domain gap by generating more physically plausible
training data [19] or leveraging diffusion models for real-
istic haze synthesis [87]. This progress has been consis-
tently driven by the development of comprehensive bench-
marks [47, 61, 107].

Apart from them, some works delve into All-In-One
(AIO) methods to restore image quality from multiple

degradations within a multi-task model [17, 23, 48, 63, 66,
70, 73, 80, 111]. Despite the achievements from all these
methods, key challenges persist including the limited diver-
sity in datasets, while current methods still struggle with
scalable training with robust generalization abilities, as well
as handling more challenging types of challenging soft ef-
fects requiring semantic-awareness.

2.2. Prompt-based Image Editing
Prompt-based image editing originated from diffusion mod-
els, enabled by deterministic inversion techniques like
DDIM [76] that map real images to an editable latent space.
Initial methods controlled edits by manipulating internal
model structures, such as altering cross-attention maps to
preserve layout [40] or fine-tuning the entire model on a
single image for complex, non-rigid changes [50]. The
field has since evolved towards more direct user control,
with models trained to follow natural language instruc-
tions [12] or allow for interactive, point-based spatial ad-
justments [74]. This shift towards more precise, semantic
editing is increasingly powered by the advanced contex-
tual understanding of Multimodal Large Language Models
(MLLMs) [10, 21, 46]. However, current approaches still
often lack fine-grained pixel control and can struggle to per-
fectly preserve the subject’s identity during transformation.

3. Methodology
3.1. Data Curation
A powerful foundation model requires large-scale, high-
quality, and diverse training data. To equip UniSER with
robust generalization, we curated a comprehensive dataset
by unifying pixel-aligned image pairs from four representa-
tive tasks: lens flare, shadow, haze, and reflection removal.
This integration enables the model to learn a broad restora-
tion representation while preserving content identity.
Public datasets. We incorporate multiple benchmark
datasets spanning the four domains (see Table 1 and sup-
plementary materials for details). Despite their usefulness,
these datasets exhibit imbalance, such as the scarcity of
large-scale flare removal data and limited diversity in haze
scenarios.
Data expansion. To remedy these gaps and increase data
volume, we expand training data through three sources:
real-world captures, 2D synthesis, and 3D rendering.
• Lens flare. The key bottleneck lies in insufficient data. We

therefore construct 78 indoor and outdoor 3D scenes in
Blender [11], rendering about 70K paired images, named
HALO dataset. Unlike Flare7K [24], which overlays
flare layers on clean images, our rendered data produces
geometrically consistent and realistic flare effects. The
dataset covers diverse flare patterns, including reflective
flare, glare, shimmer, and streaks.
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Table 1. Summary of datasets curated for UniSER training. “†” represents the datasets curated by us, “*” represents the datasets which we
re-synthesis effects with our own algorithm.

Task Dataset Type Description Pairs

Lens flare FlareReal600 [26] Real-World Nighttime flares, Streetview, Cityscapes, Outdoor 0.6k
HALO† 3D Synthetic Rendered, Various flares and scenes, Indoor & Outdoor 70k

Shadow

WSRD+ [84] Real-World Object-level, Close-view, Rich texture, Complex shadows 1k
ISTD+ [86] Real-World Simple-shaped shadows, Monotonous scenes, Outdoor 1.3k
SRD [71] Real-World Various scenes, Outdoor 2.6k
LR-SRD† Real-World Object-level, Close-view, Hard & Soft shadow, Indoor & Outdoor 26k

Haze

Haze-R [1–7] Real-World Collection including: I-HAZE, O-HAZE, Dense-Haze, NH-Haze, etc., Homogeneous
& Non-Homogeneous, Indoor & Outdoor

0.3k

REVIDE [110] Real-World Video Frames, Indoor 1.9k
LM-Haze [107] Real-World Multi-level haze, Homogeneous, Indoor 5k
HAZESPACE* [47] 2D Synthetic Multi-level haze, Vast range of scenes, Outdoor 24×70k
RESIDE* [61] 2D Synthetic Multi-level haze, Indoor & Outdoor 290k
SYN-HAZE* 2D Synthetic Multi-level haze, Synthetic scenes, Include extremely dense haze, Indoor & Outdoor 24×70k

Reflection

RRW [118] Real-World Various scenes, Diverse glass and reflection types 14.9k
POLAR-RR [59] Real-World Polarization-based, Indoor 0.8k
RFC [58] Real-World Flash-induced reflections 5k
BDN [96] 2D Synthetic Linearly Blended, Public Image Sources 50k

Figure 2. Visualization of our curated data samples. For LR-SRD we apply instance-level shadow mask to each shadow region.

• Shadow. While public datasets cover both indoor and out-
door scenes, they contain only ∼5K pairs. To scale up, we
add an additional 26K photo pairs. Specifically, we repur-
pose internal object-effect removal data: by stitching ob-
jects without shadows into background images, we syn-
thesize corresponding shadow-free versions to form the
Large Real-world Shadow Removal Dataset (LR-SRD).

• Haze. Existing synthetic datasets (RESIDE, HAZES-
PACE) often appear uniform or algorithmically simplis-
tic. To generate more realistic and challenging cases,
we use their clean ground-truth images with monocular
depth [51], and apply a physically motivated atmospheric
rendering pipeline. This allows precise control of param-
eters such as visibility, airlight color, scatter, and optical
thickness. To simulate non-homogeneous haze or fog, we
introduce procedural noise fields and path blurring, yield-
ing realistic textures of haze, smoke, and fog. More syn-
thesis details are provided in the supplementary material.

These expanded datasets extend coverage to underrepre-
sented scenarios, enhancing UniSER’s robustness in the
wild. A detailed breakdown is given in Table 1, with repre-
sentative samples in Fig. 2.

3.2. Framework
As shown in Fig. 3, UniSER is a unified framework de-
signed to tackle multiple soft effect removal tasks. Inspired
by UniReal [18], the core architecture reformulates these di-
verse tasks as a problem of discontinuous frame generation
within a latent diffusion model. The process begins with
a Variational Autoencoder (VAE) [53] encoding the input
image into a compact latent space, while a text encoder pro-
cesses a task-specific prompt (e.g., “remove haze”) to gen-
erate instructive embeddings. These conditional inputs (im-
age latent and textual embeddings) are then concatenated

The datasets will be released at: https://github.com/
Evergreen0929/UniSER-Datasets
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Figure 3. The architecture of UniSER. During training, the mask is randomly synthesized along with a scalar strength, and the supervision
is composed by the input image and the original ground truth via the mask and the strength.

with the noisy target latent and fed as a sequence to a Dif-
fusion Transformer (DiT). The DiT’s full attention mech-
anism operates on this sequence, allowing it to iteratively
predict and remove noise from the target latent by condi-
tioning on both the visual context and the textual instruc-
tions. Finally, the fully denoised latent is passed through
the VAE decoder to reconstruct the final, effect-free image.
The model is trained using a mean squared error (MSE) loss
between the predicted noise and the ground truth noise, with
a timestep-dependent weighting scheme to balance the con-
tributions of different noise levels.
Random Masking Strategy. As established in the frame-
work, a mask can be supplied as a condition to guide the de-
noising process toward a specific spatial region. However,
most of the training sets do not contain the mask of effects.
To ensure the model can robustly handle any user-provided
mask shape, we adopt a random masking strategy. During
training, following [78, 112] we synthesize a wide variety of
binary masks M by randomly combining geometric primi-
tives like rectangles with free-form, stroke-like patterns that
simulate user brush strokes. Afterwards, providing pairs
{Iinput, Igt}, we generate the corresponding training super-
vision Itarget where the effect is removed only within the
masked region via simply compositing Iinput and Igt with
the mask, as shown in Equation 1. Note that the regions of
effects in the input image are unavailable, hence the masks
do not necessarily cover them. In this way the behaviors the
model to learn is summarized as following:
• Region inside the mask w/ effects: remove effects based

on the strength;
• Region inside the mask w/o effects: keep identical;
• Region outside the mask: keep identical.
Additionally, to make the supervision natural-looking, we
blur the mask boundary via dilation and Gaussian blur. This
strategy exposes the model to a vast distribution of possible
mask shapes, enhancing its generalization capability for ar-
bitrary user edits, and removing the sepcific effect regions.
Removal Strength Control. Beyond specifying where
to remove an effect, UniSER allows users to control how
much of the effect is removed. This is achieved by train-

ing the model to interpret continuous values in the condi-
tional mask as an indicator of removal intensity. During the
training process, for each sample, we uniformly sample a
floating-point scalar value to represent “strength”, denoted
as α ∈ [0, 1]. Instead of conditioning the model on a binary
mask M , we provide a soft value mask αM . The model
thus learns to associate a mask value of 1.0 with complete
removal, 0.0 with no change, and intermediate values with
partial removal. On the other hand, along with the afore-
mentioned blurred mask, the training target is generated by
linearly interpolating between the clean ground truth (Igt)
and the input with effects (Iinput) using the randomly sam-
pled α. Formally, the supervision during training is com-
puted as following:

Itarget = αMblur · Igt + (1− αMblur) · Iinput (1)

This joint strategy of conditioning on a soft mask while gen-
erating a correspondingly blended target enables the model
to learn a continuous and intuitive mapping from the control
signal to the desired degree of effect removal.

Handling Undefined Effects. Our framework also ex-
tends to zero-shot generalization on unseen soft effects
through two complementary fine-tuning strategies. First,
we randomly replace task-specific prompts with a generic
prompt “remove effects”, encouraging the model to capture
a shared notion of removal across tasks. Second, we intro-
duce an auxiliary task using clean images: random masks
are generated and overlaid with semi-transparent or opaque
regions to synthesize degraded inputs, which are trained ex-
clusively with the generic prompt. This prevents overfitting
to predefined effect categories and compels the model to
learn the broader concept of removing arbitrary occlusions,
thereby enabling generalized restoration.

Adding & Enhancing Effects. We can easily invert the
removal task to adding or enhancing effects by swapping
the roles of the input and the target. Similarly, the adding
or enhancing ability is controlled by the mask and strength
given by users. We demonstrate this ability in Fig. 7.
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Figure 4. Comparisons with state-of-the-art specialist and generalist models on in-the-wild testing data. For effect removal, our method
significantly outperforms these baselines. Moreover, generalist models fail to preserve the identity of background objects, some of the
discrepancies are circled, better view by zooming in.

4. Experiments

4.1. Benchmarks and Baselines

Benchmarks. We evaluate UniSER across four soft-effect
tasks on widely used benchmarks. For lens flare removal,
we adopt the Flare7K real-world test set [24]. For shadow
removal, we test on SRD [71], ISTD+ [86], and the high-
resolution WSRD+ [84]. For haze removal, we use the
SOTS and HSTS subsets of RESIDE [61]. For reflec-
tion removal, we employ SIR2 [85] and the Nature test
set [62]. UniSER is fine-tuned on the training splits of these
datasets for domain adaptation. Evaluation uses standard
full-reference metrics: PSNR and SSIM.

To assess real-world robustness, we collected 39 in-
the-wild images containing haze, fog, flare, reflection,
and shadow. As no ground truth is available, we report

reference-free metrics (LIQE [108], contrast gain [89]), and
a reference-based evaluation with Qwen2.5-VL-72B [10], a
vision-language model instructed to judge the percentage of
effect removal. We will further discuss these metrics in the
supplementary material.
Baselines. We compare against both generalist and spe-
cialist methods. Generalist baselines include GPT-4o [46],
FLUX Kontext [55], Nano Banana [33], and Seedream
4.0 [13]. Specialist baselines cover: 1) Lens flare: [24,
100, 115], BracketFlare [25], Difflare [114]; 2) Dehaz-
ing: DCP [37], AOD-Net [60], GCANett [16], PSD [19],
Dehazeformer [77], MSF-Net [117], UCL-Dehazet [89],
DiffDehaze [87]; 3) Shadow removal: ShadowFormer [34],
ShadowRefiner [27], DCShadowNet [49], ShadowDif-
fusion [35], StableShadowDiff [93]; 4) Reflection re-
moval: [109], YTMT [43], DSRNet [44], PromptRR [88],
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Table 2. No-reference quantitative comparison on in-the-wild images for four SER tasks. We report results from multiple image quality
assessment metrics.

Haze Shadow

Method LIQE↑ Contrast↑ QwenQA↑ Method LIQE↑ Contrast↑ QwenQA↑
Dehazeformer 1.9999 +0.74 0.0 ShadowFormer 3.3704 +3.09 18.8
DiffDehaze 1.5624 +0.03 9.1 ShadowRefiner 3.5179 -2.30 26.3
Flux Kontext 2.2584 +3.85 22.7 Flux Kontext 3.3184 +0.73 36.3
Nano Banana 2.6864 +0.26 27.3 Nano Banana 3.6399 -4.93 35.0
Seedream 4.0 2.1253 +2.60 52.7 Seedream 4.0 2.7640 -3.58 36.3
Ours 2.8225 +5.57 60.0 Ours 3.7764 +3.61 65.0

Lens Flares Reflections

Method LIQE↑ Contrast↑ QwenQA↑ Method LIQE↑ Contrast↑ QwenQA↑
Uformer 1.3832 -4.39 30.9 YTMT 1.1187 -2.30 14.4
BracketFlare 3.3377 -10.72 13.6 DSRNet 1.6975 -4.17 17.8
Flux Kontext 3.0574 -0.31 62.7 Flux Kontext 1.7009 +0.71 8.9
Nano Banana 3.0358 -4.05 71.8 Nano Banana 2.0935 -1.25 56.7
Seedream 4.0 2.1643 -4.41 73.6 Seedream 4.0 1.6145 -0.96 53.5
Ours 3.5186 +2.33 92.7 Ours 2.2257 +1.83 75.6

Table 3. Quantitative comparison with state-of-the-art methods across four soft effect removal tasks. We report PSNR (↑) and SSIM (↑) on
eight benchmarks. Our unified model is compared against specialist methods in each respective category.

Lens Flares Haze

Method Flare7k Method HSTS SOTS

PSNR SSIM PSNR SSIM PSNR SSIM

Zhang et al. [100] 21.02 0.784 DCP 17.01 0.803 18.38 0.819
Zhou et al. [115] 25.18 0.872 AOD-Net 19.68 0.835 20.08 0.861
UNet [24] 26.11 0.879 GCANet 21.37 0.874 21.66 0.867
Restormer [24] 26.28 0.883 PSD 19.37 0.824 20.49 0.844
Uformer [24] 26.98 0.890 MSFNet 31.03 0.931 30.07 0.939
Difflare 26.06 0.898 UCL-Dehaze 26.87 0.933 25.21 0.927

Ours 27.34 0.891 Ours 32.17 0.962 29.52 0.955

Shadow Reflections

Method WSRD+ ISTD+ SRD Method SIR2 Nature20

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

ShadowFormer 25.44 0.820 32.78 0.934 30.58 0.958 Zhang et al. [109] 22.45 0.872 20.37 0.772
ShadowRefiner 26.04 0.827 31.03 0.928 - - YTMT 23.05 0.886 21.03 0.802
DCShadowNet 21.62 0.593 25.50 0.694 - - DSRNet 24.97 0.907 21.70 0.820
ShadowDiffusion - - 31.08 0.950 31.91 0.968 PromptRR 24.22 0.876 21.00 0.814
StableShadowDiff 26.26 0.827 35.19 0.970 33.63 0.968 L-DiffER 25.18 0.911 23.95 0.831

Ours 26.91 0.829 35.59 0.964 34.16 0.971 Ours 25.98 0.911 24.17 0.812

L-DiffER [42].

4.2. Comparisons with State-of-The-Art
Qualitative Comparisons. Fig. 4 visually compares
UniSER with state-of-the-art models on challenging in-the-
wild images. Specialist models generalize poorly to out-of-
domain data, often resulting in incomplete removal or new
artifacts. Meanwhile, powerful generalist models like Nano
Banana and FLUX Kontext suffer from instability and fail
to preserve scene details, leading to significant content drift
(highlighted by red circles). In contrast, UniSER effectively
removes a wide range of soft effects while remaining highly
faithful to the original image content, producing clean and
content-consistent results.
Quantitative Comparisons. To assess real-world gener-
alization,we first conduct a comparison on a challenging

in-the-wild test set using no-reference metrics, shown in
Table 2. In this more difficult setting, UniSER signifi-
cantly outperforms both specialist and generalist baselines
in terms of perceptual quality and removal efficacy, achiev-
ing the highest LIQE, Contrast gain, and QwenQA scores
across nearly all tasks, which highlights its robust gener-
alization. We then evaluate UniSER against specialists on
eight standard benchmarks using full-reference metrics (Ta-
ble 3). The results show our unified model achieves state-of-
the-art performance, consistently outperforming or match-
ing specialist models by obtaining top scores across all four
tasks, including the highest PSNR on multiple benchmarks.

4.3. Ablations and Applications
Joint effect removal. We conduct an ablation study to val-
idate the effectiveness of our joint-task learning strategy.
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Figure 5. (a) Illustration of Strength Control for effect removal. (b) Illustration of Mask Control for accurate user regional editing. (c)
Adding realistic effects to clean image, or enhance current effects for flexible editing purpose. (d) Zero-shot generalization ability on
multiple unseen degradations like rain, stain, etc.

As shown in Table 4, we compare our full model, trained
with Joint-Task Learning (JTL), against four same models
trained independently using Single-Task Learning (STL).
The results clearly indicate that the JTL model consistently
outperforms the STL models across all four tasks on their
respective benchmarks. This superiority suggests that by
learning a unified representation from diverse soft effects,
UniSER develops a more robust and generalizable feature
space that benefits all individual tasks.
Strength control. As illustrated in Figure 7(a), UniSER
provides fine-grained control over the intensity of the effect
removal. Users can specify a continuous strength value,
allowing for a smooth transition from partial reduction to
complete effect removal. This feature offers greater flexi-
bility for users to achieve their desired level of restoration.
Mask control. UniSER supports precise, localized editing
through mask-based control, as shown in Figure 7(b). By
providing a binary mask, users can designate specific spa-
tial regions for effect removal while leaving the rest of the
image untouched. This allows for targeted and accurate ed-
its tailored to user needs.
Effects addition and enhancement. Beyond removal, the
UniSER framework is also capable of generative tasks. As
demonstrated in Figure 7(c), by inverting the process, our
model can realistically add new soft effects to clean images
or enhance existing ones. This versatility makes it a valu-
able tool for creative editing and data augmentation.
Zero-shot removal. UniSER exhibits strong generalization
capabilities to novel degradations not seen during training.
As shown in Figure 7(d), the model can perform zero-shot

Table 4. Ablation study on training strategies. JTL (Joint-Task
Learning) represents our full UniSER, while STL (Single-Task
Learning) denotes models trained separately for each task.

Lens Flares Haze Shadow Reflections

Method Flare7k HSTS ISTD+ SIR2-wild

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
STL 27.18 0.890 31.91 0.963 35.43 0.963 26.40 0.876
JTL 27.34 0.891 32.17 0.962 35.59 0.964 27.44 0.918

removal of unseen artifacts such as rain and stains. This
ability underscores the robustness of the learned features
and the model’s potential to handle a wider range of image
restorations beyond its core training tasks.

5. Conclusion and Limitations
We introduced UniSER, a unified foundation model that
validates a data-centric methodology for Soft Effects
Removal (SER) task, which effectively handles diverse
degradations including lens flare, haze, shadows, and reflec-
tions. By curating a large-scale dataset with high-quality
pairs and training with dedicated controls, UniSER over-
comes the poor generalization of specialist models and the
content inconsistency of generalist approaches. Extensive
experiments demonstrate that our model achieves state-of-
the-art performance on standard benchmarks and superior
perceptual quality on in-the-wild images while providing
fine-grained user controls, supports creative effect genera-
tion, and shows strong zero-shot generalization capabilities.
Key limitations include its high computational cost and
the extensive resources required for training. Nevertheless,
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UniSER represents a significant step towards a universal
and controllable solution for high-fidelity image restoration.
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UniSER: A Foundation Model for Unified Soft Effects Removal
Supplementary Material

In this supplementary material, we are going to illustrate
i) more details of our data curation details; ii) more details
of the data synthesis pipelines; iii) the detailed design of
non-reference metrics; iv) more implementation details and
v) more experimental results and quality analysis.

6. Data Curation on Public Datasets.

Our data collection process aggregates established bench-
marks from each domain. For lens flare removal, we in-
corporate the real-world paired dataset FlareReal600 [26]
for nighttime optical artifacts. For shadow removal, our
dataset combines several widely-used benchmarks, in-
cluding SRD [71], ISTD+ [86], and the high-resolution
WSRD+ [84], to cover a wide variety of shadow types and
complexities. The most extensive category is haze removal,
for which we collected a diverse range of datasets. This
includes smaller, real-world datasets captured under con-
trolled conditions, we name this set as Haze-R, including:
I-HAZE [1], O-HAZE [2], Dense-Haze [3], NH-Haze [4–
7], and video dehaze dataset REVIDE [110], multi-level
haze dataset LM-Haze [107]. Large-scale synthetic datasets
that provide broad coverage of different haze conditions like
RESIDE [61] and HAZESPACE2M [47] are also included.
Finally, for reflection removal, we integrated datasets that
capture various scenarios, such as general real-world re-
flections RRW [118], polarization-based captures POLAR-
RR [59], and flash-induced reflections RFC [58], and syn-
thetic by overlaying dataset BDN [96]. However, these pub-
licly available datasets were originally collected for specific
tasks. As a result, their overall distribution is imbalanced,
including discrepancies across different tasks, between real
and synthetic data, as well as between indoor and outdoor
scenes, and day and night conditions.

7. Details of the Haze Synthesis Pipeline

A significant portion of our training dataset, particularly for
atmospheric effects like haze, fog, and smoke, was gener-
ated using a custom synthesis pipeline. This pipeline was
designed to overcome the limitations of existing synthetic
datasets, which often lack physical realism and diversity.
Our methodology is built upon two core components: (1)
a physically-motivated atmospheric rendering engine that
applies uniform atmospheric effects based on scene geom-
etry, and (2) a procedural texture generator that creates
complex, non-homogeneous patterns to simulate phenom-
ena like patchy fog or smoke plumes.

7.1. Physically-Motivated Atmospheric Rendering
Model

The foundation of our synthesis pipeline is a unified ren-
dering model inspired by the Radiative Transfer Equation
(RTE). This model mathematically describes how light in-
teracts with a participating medium (like haze or fog) as it
travels from a scene object to the camera. The final color at
a pixel x, denoted Iout,c(x) for a color channel c, is a com-
posite of the attenuated scene radiance and the in-scattered
light from the atmosphere, known as airlight.

The image formation model is expressed as:

Iout,c(x) = Iin,c(x)·Tc(x)+Ac·(ω0,c·κ)·(1−Tc(x)
η) (2)

where:
• Iin,c(x) is the original, effect-free color of the scene at

pixel x.
• Tc(x) is the transmittance, representing the fraction of

light that successfully travels from the object to the cam-
era without being scattered or absorbed.

• Ac is the color of the airlight, which is the ambient en-
vironmental light scattered towards the camera by the at-
mospheric particles. This parameter is crucial for defin-
ing the hue of the haze (e.g., white for fog, sky-tinted for
haze, warm gray for smoke).

• ω0,c is the single-scattering albedo, a value in [0, 1] in-
dicating the proportion of light extinction that is due to
scattering versus absorption. For non-absorptive media
like fog and haze, ω0 ≈ 1.0. For absorptive media like
smoke, ω0 < 1.0.

• κ is an anisotropy gain factor, derived from the Henyey-
Greenstein phase function. It accounts for directional-
ity of scattering (i.e., whether particles scatter light more
strongly forward or backward). For simplicity in our
large-scale synthesis, we set κ = 1, modeling isotropic
scattering.

• η is a multiple-scattering boost exponent (0 < η ≤ 1).
This term provides a compact approximation for the ef-
fects of multiple scattering events. A lower value of η
increases the brightness of the veil, simulating the appear-
ance of denser media where light scatters multiple times
before reaching the camera.

7.1.1. Optical Depth and Transmittance
The transmittance Tc(x) is determined by the optical depth
τc(x) of the medium along the line of sight, following the
Beer-Lambert law:

Tc(x) = e−τc(x) (3)

The optical depth is the integral of the extinction coefficient
βt,c over the distance d(x) from the camera to the object
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Figure 6. Visualization of our synthetic haze generated by our the proposed pipeline. Our method is capable of synthesizing multiple
essences of haze, fog and smoke, within different colors, morphologies and optical properties.

at pixel x. To model realistic atmospheres, we assume an
exponential decay of particle density with height h:

βt,c(h) = βt0,c · e−h/H (4)

where βt0,c is the base extinction coefficient at a reference
height (e.g., sea level), and H is the scale height, which
defines how rapidly the atmosphere thins out. For a near-
horizontal viewing angle, the optical depth can be approxi-
mated as:

τc(x) ≈ βt0,c · e−h(x)/H · d(x) (5)

The base extinction coefficient βt0,c is directly related to the
meteorological visibility V by the Koschmieder formula,
βt0 ≈ 3.912/V .

7.1.2. Geometric Inputs: Depth and Height
Our rendering pipeline requires per-pixel geometric infor-
mation.
• Depth: We use monocular depth maps estimated from

the clean input images by Marigold [51]. These normal-
ized depth maps are converted to distance in meters, d(x),
using a scene-specific maximum distance dmax.

• Height: When a true height map is unavailable, we utilize
a screen-space height proxy: h(x) = hmax ·(1−ynorm),
where ynorm is the normalized vertical coordinate of the

pixel (0 at the top, 1 at the bottom). This proxy effectively
treats pixels near the horizon as being at a higher altitude,
enabling the synthesis of effects like low-lying valley fog
that is denser at the bottom of the image.

7.1.3. Color Space and Parameterization
All physical calculations are performed in a linear RGB
color space to ensure correctness. Input images, which
are typically encoded in sRGB, are first decoded to lin-
ear space. After the atmospheric effects are composed, the
resulting linear image is encoded back to sRGB. For our
large-scale data generation, we programmatically varied all
key parameters—including visibility, airlight color, eta, and
H—across wide, physically plausible ranges to generate a
diverse set of training pairs. We also introduced a random
baseline value to the optical thickness τ in each render to
add further variety.

7.2. Procedural Generation of Non-Homogeneous
Media

To simulate complex, turbulent atmospheric effects like
patchy fog or smoke, we integrated a procedural texture
generator into our pipeline. This process creates realistic,
wispy patterns that are used to spatially modulate the den-
sity of the rendered haze.

The generation process involves two main steps:
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1. Vector Field Generation: We first generate a 2D vector
field V⃗ (p⃗) for each pixel coordinate p⃗ = (x, y). The
components of this field are determined by two inde-
pendent layers of Perlin noise, P (·), distinguished by
unique seeds (θ1, θ2), which simulates a turbulent flow
field. The resulting vectors are normalized to create a
unit vector field V̂ (p⃗):

V⃗ (p⃗) =

[
P (p⃗; θ1)
P (p⃗; θ2)

]
, V̂ (p⃗) =

V⃗ (p⃗)

∥V⃗ (p⃗)∥+ ϵ
(6)

where ϵ is a small constant to prevent division by zero.
2. Path Blurring (Advection): A base noise texture,

M0(p⃗), is iteratively advected along the vector field
V̂ (p⃗) for N steps. In each step k, the new texture
Mk+1(p⃗) is a blend of the previous texture Mk(p⃗) and
a value sampled from a forward-projected position p⃗′.
This technique smears the initial pattern, creating char-
acteristic streaks. The update rule is:

Mk+1(p⃗) = (1− α) ·Mk(p⃗) + α ·Mk(p⃗
′) (7)

where p⃗′ = p⃗ + V̂ (p⃗) · δs. Here, δs is the step length,
α is a blending factor (we use α = 0.5), and Mk(p⃗

′) is
obtained via bilinear interpolation as p⃗′ may have non-
integer coordinates.

The resulting grayscale texture after N iterations, MN (p⃗),
is then used as a spatial density modulator, M(x), for the
extinction coefficient. The final optical depth calculation is
modified to incorporate this texture:

τc(x) ≈ (βt0,c ·M(x)) · e−h(x)/H · d(x) (8)

This allows us to render haze that is not uniform but varies
in density and structure across the image, greatly enhancing
the realism and challenge of our synthetic dataset. We also
illustrate a sample image synthesized with multiple differ-
ent types of haze, fog or smoke in Fig. 6.

8. Details of Lens Flares & Shadow Synthesis
HALO Dataset (Lens Flares). To ensure generalization
across complex and diverse real-world lens flares, includ-
ing extreme cases such as highly blurry artifacts, we syn-
thesize the HALO dataset using the Blender Cycles engine
combined with the Flares Wizard add-on. We constructed
375 distinct scenes, comprising 300 distant views (200 out-
door, 100 indoor) and 75 close-up views (50 outdoor, 25
indoor). This yields an overall indoor-to-outdoor ratio of
approximately 1:1, with 10% of the scenes utilizing night-
time HDR lighting. Within these scenes, we placed 1,200
unique objects (3 variants per distant scene, 4 per close-up),
maintaining a roughly 1:1 ratio between human subjects and
general objects. For the flare patterns, we predefined ∼110
diverse types categorized into Streak, Shimmer, Glare, and

Reflective effects, with a distribution ratio of 4:2:2:4. Dur-
ing rendering, flare size, intensity, and color are randomly
fine-tuned to ensure vast diversity. Notably, the flare gener-
ation utilizes physically-inspired 2D heuristics that dynami-
cally respond to the relative 3D spatial positions of the light
source and the camera. Compared to static 2D image blend-
ing [24], this dynamic simulation provides superior geomet-
ric realism and structural diversity.
LR-SRD Dataset (Shadows). The shadows in the LR-
SRD dataset are entirely natural, derived from real pho-
tographs containing genuine objects and their cast shad-
ows. To construct the shadow-free ground-truth, we cap-
ture a clean background separately and stitch it directly into
the masked shadow region of the original source image.
This composition strategy yields highly realistic paired data
without synthetic artifacts. Furthermore, we extract and ap-
ply instance-level shadow masks during the training phase
to provide precise spatial guidance for the network.

9. Non-Reference Evaluation Metrics
To rigorously assess the performance of our model on in-
the-wild images where a ground-truth reference is unavail-
able, we employed specialized non-reference evaluation
paradigms. These metrics are designed to provide both
a quantitative measure of detail recovery and a qualitative
score that emulates human perceptual judgment.

9.1. Residual Contrast Gain
While local contrast is a well-established indicator of im-
age sharpness and detail, commonly iused in non-reference
dehazing or similar tasks [89]. However since the measure-
ments are averaged over the entire image, for localized ef-
fects like some types of lens flares or local shadows, the
global evaluation is not significant. To overcome this lim-
itation, we measure the Residual Contrast Gain, which
quantifies the change in local contrast exclusively within
the image regions modified by our model. This approach
ensures that the evaluation focuses directly on the model’s
restoration efficacy. The computation is performed via the
following steps:
1. Identification of Edited Regions. Given a grayscale

input image Iin and the model’s grayscale output Iout,
we first identify the edited regions by computing a
pixel-wise absolute difference map, D(p⃗) = |Iin(p⃗) −
Iout(p⃗)|, for all pixel coordinates p⃗. A binary edit mask,
Medit, is then generated by applying a threshold to this
difference map, isolating the set of modified pixels over
which the analysis is performed.

2. Local Contrast Calculation. We define the local con-
trast at a pixel p⃗, denoted C(p⃗), as the standard deviation
of pixel intensities within a k × k window centered at p⃗.
This operation is performed for both the input and output
images, yielding local contrast maps Cin and Cout.
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Figure 7. Contrast maps of image before and after edit by UniSER. Significant enhancements of contrast inside effect regions are observed,
indicating our method successfully enhances the degraded image details.

3. Gain Computation. The final Residual Contrast Gain,
∆Cres, is the difference between the average local con-
trast of the output and input images, computed exclu-
sively over the set of edited pixels (where Medit = 1).
This is formulated as:

∆Cres = meanp⃗|Medit(p⃗)=1 (Cout(p⃗)− Cin(p⃗)) (9)

A positive ∆Cres value indicates a net increase in detail
and texture within the restored regions.

9.2. QwenQA: VLM-based Assessment
With the rapid development of foundation models [14, 38,
54, 68, 75, 97, 98, 101, 104] and VLMs [8–10, 15, 20,
56, 79, 81], more works introduce multi-modal large lan-
guage models to assest the quality. We also developed
the QwenQA evaluation metric, to leverage the powerful
Vision-Language Model (VLM) for more human-like visual
assessments. Our framework is built upon the Qwen2.5-
VL-72B-Instruct model [10]. The evaluation protocol is
designed for consistency and automated parsing, involving
three key stages:
1. Input Standardization. To eliminate resolution as a

confounding variable, the model’s prediction image is
first resampled to match the exact dimensions of the
original input image, ensuring a fair comparison context
for the VLM.

2. Constrained Prompt Engineering. The core of
QwenQA lies in a meticulously engineered prompt de-
signed to elicit a precise and quantitative response. The
prompt structure includes:
• Role Assignment: The VLM is instructed to act as a

“top-tier image quality assessment expert,” priming it
to leverage its most relevant internal knowledge.

• Task Definition: The prompt provides clear context,
defining “Image A” as the original with a specific ar-
tifact (e.g., ’haze’, ’shadow’) and “Image B” as the
processed result.

• Objective Quantization: The VLM’s objective is nar-
rowly focused on a single quantitative task: “evalu-
ate the percentage by which the ’[artifact name]’ is re-
duced in Image B compared to Image A”. This trans-
forms a descriptive task into a quantitative one.

• Strict Output Formatting: The prompt strictly con-
strains the VLM’s output to a specific format: “Score:
[number]%”. This instruction explicitly forbids any
additional descriptive text, explanations, or conversa-
tional filler, which is critical for reliable automated
parsing.

3. Automated Score Parsing. The final step is to parse the
VLM’s structured textual output. A regular expression is
used to robustly extract the numerical percentage score
from the response, yielding the final QwenQA score.

10. Implementation Details
10.1. Haze Synthesis Details
Our primary objective in data expansion was to generate
a challenging and realistic training set that surpasses the
limitations of existing synthetic datasets. To achieve this,
we developed a high-throughput synthesis pipeline to apply
our physically-motivated atmospheric rendering model on
a large scale. This section details the parameterization for
various haze types, the batch processing architecture, and
the datasets involved.
Parameterization for Diverse Atmospheric Effects. The
versatility of our rendering model allows us to simulate a
wide range of atmospheric conditions by adjusting a few
key physical parameters. We defined distinct configurations
for haze, fog, and smoke, which were systematically varied
to ensure a broad data distribution.
• Haze: To simulate different environmental conditions,

we primarily varied the airlight color and visibility. For
instance, we used sky-tinted colors like (153, 174, 215)
for typical haze, warmer tones such as (200, 180, 140) for
urban pollution, and grayish colors like (210, 210, 220)
for high-altitude conditions. Visibility was typically set
in the range of 100m to 1000m to produce varying levels
of haze density.

• Fog: Fog is characterized by its dense, non-absorptive
particles. We simulated this by setting the single-
scattering albedo ω0 to (1.0, 1.0, 1.0) and using a neutral
white airlight. Fog density was controlled by varying vis-
ibility (from 30m to 1000m) and the multiple-scattering
boost exponent η (typically between 0.5 and 1.0). To sim-
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Figure 8. Gallery: Removing effects with UniSER.
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Figure 9. Gallery: Removing effects with UniSER.
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Figure 10. Gallery: Adding or enhancing effects with UniSER.
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ulate low-lying or valley fog, we significantly reduced the
scale height H (e.g., to 30-60m) to confine the effect to
the lower parts of the scene.

• Smoke: Unlike haze and fog, smoke is an absorptive
medium. This was modeled by setting ω0 to values less
than 1.0 (e.g., 0.75 to 0.85). The airlight was configured
with warm, darker colors like (180, 150, 120) or (160,
120, 90) to represent the tint of the smoke particles. The
scale height H was generally kept low (e.g., 40-50m) to
simulate ground-level smoke plumes.

Large-Scale Batch Synthesis Architecture. To apply
these configurations across a massive number of images, we
implemented an efficient, parallelized processing pipeline.
The core rendering engine was ported to PyTorch [69] to
leverage GPU acceleration. We utilized multiprocessing to
create a pool of worker processes. In a multi-GPU environ-
ment, these workers were assigned to available GPUs in a
round-robin fashion, enabling concurrent rendering of mul-
tiple image-configuration pairs. Each worker independently
handled the data I/O, pre-processing (color space conver-
sion, data normalization), GPU-based rendering, and post-
processing of the synthesized hazy image. This architec-
ture allowed us to generate our extensive dataset in a time-
efficient manner.
Datasets for Synthesis. As stated in our methodology, our
goal was to enhance existing large-scale datasets by gener-
ating more challenging and realistic haze effects. We lever-
aged the high-quality, clean ground truth images from pub-
lic benchmarks, primarily RESIDE [61] and HAZESPACE
[47]. For each clean image in these datasets, we first esti-
mated a monocular depth map [51] and then applied our full
suite of atmospheric rendering configurations, resulting in a
significant expansion of the training data with diverse and
physically plausible haze, fog, and smoke effects.

10.2. Training Details

Our work builds upon a pretrained DiT-based image edit-
ing model that has demonstrated strong capabilities in gen-
eral inpainting tasks, such as object addition, removal, and
modification. This provides a robust starting point for fine-
tuning on our specialized soft-effects dataset. A key as-
pect of our training methodology is a hierarchical data sam-
pling strategy designed to balance contributions from nu-
merous datasets across multiple tasks. Our data pipeline
first groups datasets by their primary task (e.g., shadow
removal, dehazing, reflection removal, etc.). During each
training step, a task is uniformly sampled, and then a spe-
cific dataset within that task group is selected based on a
predefined sampling weight. This weighting ratio is con-
figured for each dataset, allowing us to strategically over-
sample smaller, high-quality real-world datasets to learn the
knowledge without domain gaps, while still benefiting from
the diversity of larger-scale synthetic data sources to pre-

vent overfitting and enhance the generalization ability. This
ensures the model receives a balanced and comprehensive
exposure to all types of soft effects.

For the fine-tuning process, our model operates within
the DDPM [41] framework, which is adapted to use
continuous timesteps for increased flexibility. Notably,
we employ υ-parameterization instead of the standard ϵ-
parameterization to improve training stability and sam-
ple quality. Our training objective is to predict the noise
added to the clean image’s latent representation at a given
timestep. The loss function is the mean squared error
(MSE) between the predicted noise and the ground truth
noise, with a timestep-dependent weighting scheme applied
to balance the contribution of different noise levels through-
out the training. We train the model for 10k steps at a res-
olution of 1024x1024. We employ the AdamW optimizer
with a learning rate of 1.2 × 10−5, governed by a linear
warmup of 2000 steps followed by a cosine decay schedule.
Our UniSER is trained on all of the data mentioned above
with 8 NVIDIA A100 80G for 10k iterations.

10.3. Evaluation Details for Baselines
When evaluating the generalist baselines, we provided de-
tailed and specific text prompts to ensure they could achieve
their optimal performance. These prompts explicitly de-
scribed the effect to be removed and the relevant scene con-
text, for instance: ”remove the atmosphere haze completely
in this image” or ”remove the shadow casted by the giraffe
on the grass”. Furthermore, to account for the stochastic
nature of generative models, if a model performed poorly or
failed to remove the effect on a particular sample, we con-
ducted multiple attempts to ensures we are not using am-
biguous or vague text prompts. This is a fair evaluation and
mitigates biases arising from individual random outcomes.
In contrast, our UniSER has minimal dependency on text
prompts. In our framework, the text serves merely as a high-
level task indicator (e.g., ”remove haze”) without requiring
a detailed description of the scene’s content. Consequently,
our approach achieves stable and robust results without the
need for iterative prompt engineering.

11. More Results and Ablations

11.1. More Quantitative Results
Comparison with All-In-One Models. With the rapid
evolution in multi-task learning [22, 65, 82, 92, 99, 102–
104], aiming at jointly learning multiple tasks within one
model, All-In-One (AIO) models [17, 23, 48, 63, 66, 70,
73, 80, 111] are explored for image restorations. We pro-
vide additional quantitative comparisons with the most re-
cent All-In-One (AIO) image restoration methods, includ-
ing DiffUIR [111], Unirestore [17], and BioIR [23]. As
shown in Tab. 5, existing AIO models struggle significantly
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Table 5. Quantitative comparison on in-the-wild images and standard task benchmarks with AIO models.

Method
In-the-Wild SOTS Flare7k WSRD+ Nature20

Haze Lens Flares Shadow Reflections Haze Lens Flares Shadow Reflections

LIQE QwenQA LIQE QwenQA LIQE QwenQA LIQE QwenQA PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

DiffUIR [111] 2.0493 0.0 2.9079 0.0 3.3070 10.0 1.6983 0.0 26.38 0.922 23.14 0.853 18.43 0.782 21.08 0.768
Unirestore [17] 1.7477 0.9 2.4617 1.8 3.0792 17.5 1.7068 0.0 21.96 0.863 22.90 0.831 18.11 0.755 20.78 0.753
BioIR [23] 2.0810 0.0 2.8830 0.0 3.4091 12.5 1.6518 0.0 24.74 0.918 19.60 0.771 17.05 0.765 20.41 0.752
Ours (zero-shot) 2.8225 60.0 3.5186 92.7 3.7764 65.0 2.2257 75.6 27.43 0.928 26.98 0.890 25.13 0.820 23.99 0.808
Ours (adapt) - - - - - - - - 29.52 0.955 27.34 0.891 26.91 0.829 24.17 0.812

Figure 11. Qualitative comparisons with AIO models on restoring
degradations like rain, haze, raindrops, and stains.

Table 6. We conduct a user study on in-the-wild test cases to vali-
date our evaluation.

Method Lens Flare Haze Shadow Reflections

Specialist A 2.9% [25] 0.0% [77] 14.6% [27] 15.9% [43]

Specialist B 11.8% [24] 25.0% [87] 20.5% [34] 18.9% [44]

Nano Banana 38.3% 34.1% 3.0% 60.0%
Flux Kontext 45.2% 52.5% 21.6% 14.0%
Seedream4.0 64.1% 70.3% 25.6% 55.2%
UniSER (Ours) 97.5% 97.1% 94.4% 89.2%

on challenging in-the-wild test cases, often failing to re-
move the degradations effectively (as reflected by near-zero
QwenQA scores). In contrast, our UniSER demonstrates
exceptional zero-shot generalization, achieving the highest
LIQE and QwenQA scores across all four effect categories.
Furthermore, when adapted to specific benchmark domains,
our model consistently establishes state-of-the-art perfor-
mance in full-reference metrics (PSNR and SSIM) across
the SOTS, Flare7k, WSRD+, and Nature20 datasets. We
additionally provide visual comparisons with AIO methods
in Fig. 11 on unseen types of soft effects like rain, haze,
raindrops, and stains.
User Study. To further validate our evaluation on real-
world images without ground-truth labels, we conducted a
comprehensive user study, summarized in Tab. 6. We com-
pared UniSER against both task-specific specialist models
and state-of-the-art generative foundation models. Partici-

Figure 12. Ablations on mask control and soft mask effects.
UniSER precisely targets the user-specified red regions while leav-
ing the unmasked background untouched. With the mask con-
trol incorporated in the training process, localized dense effects
are easily and thoroughly removed. The blurred mask effectively
eliminates hard boundary artifacts, ensuring a seamless and natu-
ral transition.

pants were asked to evaluate the effect of the removal com-
pleteness and identity preservation of each model individu-
ally. UniSER overwhelmingly dominated user preference,
securing 89.2% to 97.5% of the votes across all four tasks,
further demonstrating its robustness in handling complex,
in-the-wild soft effects.

11.2. More Qualitative Results
We provide more visual results in Fig. 8, Fig. 9 and Fig. 10,
by randomly pick in-the-wild photos degraded by soft ef-
fects, our UniSER shows perfect robustness on thoroughly
removing the. Besides, UniSER is also capable of generat-
ing or enhancing multiple effects aesthetically.

11.3. More Ablations
Contrast Analysis To further investigate how UniSER im-
proves image quality, we visualize the local contrast maps
of images before and after editing, as shown in Figure 7. A
significant enhancement in contrast is observed within the
regions originally degraded by soft effects. This indicates
that our method not only removes the obstructive artifacts
but also successfully restores and enhances the underlying
image details and textures that were suppressed by the ef-
fects, leading to a clearer and more vivid output.
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Mask Control and Boundary Smoothness. As illustrated
in Figure 12, executing a global removal without spatial
guidance (w.o. Mask) alters the soft effects across the entire
image. By introducing specific spatial masks (w. Mask),
UniSER restricts the restoration strictly to the user-defined
regions (e.g., targeted steam, localized shadows, or specific
lens glares), accurately preserving the original lighting and
atmospheric conditions in the unmasked areas, while apply-
ing mask control during the training process also helps the
model tackle more challenging scenes with dense localized
effects like smoke and shadow. Furthermore, the bottom-
right panel demonstrates the necessity of our mask blurring
strategy during training and inference. Applying a hard bi-
nary mask (w.o. Blur) forces an abrupt restoration, resulting
in obvious structural inconsistencies and sharp boundary ar-
tifacts. In contrast, softening the mask via Gaussian blur
(w. Blur) creates a smooth removal gradient, enabling the
seamless integration of the restored area with the untouched
background.
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