UniSER: A Foundation Model for Unified Soft Effects Removal
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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
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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,



achieving robust, high- delity restoration in the wild. 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-

1. Introduction gled with the scene itself, rather than merely superimposed
. . L as simple overlays. Second, the local image structures, and
Images captured n real-world environments mewtabluy SUI' even pixel-level identities, should be precisely preserved.
fer from degradations. - A common class of such “soft Third, regions that are fully occluded or invisible (e.g., over-

effepts includes optical phenomgpa (e.g., lens are, re- exposed areas in lens are or areas covered by extremely
ections) and atmospheric conditions (e.g., haze, fog). yonse haze) must be plausibly reconstructed.

These effects corrupt scene radiance additively or multi- To effectively tackle these challenges, we introduce

plicatively, degrading contrast, color delity, and ne de- UNiSER (Fig. 1 (a) & (b)), a data-centric versatile model

tails [57, 85]'. Conseqqently, image quality an_d visibility for Soft Effects Removal. Our method is built upon two key
are compromised, and in severe cases, occlusions cause it-

reversible information loss, rendering recovery fundamen- ﬁg;ﬁy 3': ';SI\; t\;vaeia%li?(;eiin:i::g;i?;aExiit;?gerﬁe%f i?ﬁgézx'
tally ill-posed [37, 57, 91]. ' : '

) - airs. By unifying existing open-source datasets and aug-
Torrestore image structures, most eX|sfc|ng works addre_s S;)nenting them with extra real-world and synthetic data, we
each degradation type separately. For instance, dehazin

. rovide the precise supervision our model needs to learn
has progressed from prior-based methods such as the Dar%ontent invariance. Second, as shown in Fig. 1 (c) & (d),

Channel Prior (DCP) [37] to deep networks estimating scat- we implemented ne-grained user controls, including pixel-

tering parameters' or directly predicting clean images [16, level masks to de ne the removal area and strength levels to
19, 2?’ 20’ t7t7] kS|m|Ia_rIy,dsha_1dow,2f;1re5,7aréc15 rglecggnlrfé modulate the removal strength, making the process highly
moval adopt task-speci ¢ designs [27, 57, 85, 91, 94, ] controllable. Beyond restoration, UniSER can also perform

relying on physical modeling, Iayer decqmposmon, or elab- aesthetic edits, such as enhancing existing effects or gener-
orate data and network strategies to mitigate ill-posedness,

. . ) ating new, realistic ones on clean images (Fig. 1 (e)). Our
While such methods achieve strong task-spep ' peffor' method achieves state-of-the-art results on multiple public
mance, recent works [17, 63, 70] attempt to unify multiple

. e benchmarks and demonstrates signi cantly better general-
degradations within one framework. Yet these models re- g y g

L - . ization on in-the-wild testing data.
main limited in scalability and robustness when facing ex- In SUMMAry. our main contributions can be summarized
treme, diverse real-world conditions. This motivates the de- } Y
velopment of foundation models trained on large-scale data® follows: L
to achieve stronger generalization and resilience in the wild.* A Large-Scale Dataset for Generalization: We curated
Concurrently, the rise of powerful foundation models alarge'-sc,jale.dataset of 3.8M Image pairs, providing V"?‘St
like GPT-40 [46] and Nano Banana (Gemini 2.5 Flash Im- plata dlst.rlbutlon for strong generalization on challenging
age) [21, 33] has introduced general-purpose, text-driven |n-the-W|_Id data. _
image generation/editing based on Multi-modal Large Lan- * A Versatile SER Model: Trained on the curated dataset,
guage Models (MLLMs). These models can interpret com- gfoundgtmnal versat|_le model UmSER ach|evgs remov-
plex prompts and perform realistic edits. However, for ne- ing multiple challenging soft effects in the wild with
grained tasks like soft effect removal, they exhibit signif- ~ State-of-the-art performance and surpasses much larger
icant limitations. Their performance is often unstable and general-purpos_e_models such as Nano I_3anana.
heavily reliant on meticulously crafted text prompts. More ° Controllable Ed|t|ng:_ Deve_loped n_e-gralned user con-
critically, they lack the precise, pixel-wise control required oIS for SER tasks, including spatial masks and strength
for high- delity restoration and identity preservation. Treat- V€IS, to enable precise and controllable effect removal.
ing soft effect removal as a general inpainting task leads to
the alteration of local image structures or the identity of ob- 2. Related Work
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 lenkens are removal. Previous learning-based methods im-
are, haze, re ections, and shadows share the same in-proved data synthesis by considering camera ISP to enhance
trinsic property: they are semi-transparent occlusions thatrealism and generalization [115, 116]. Concurrently, ar-
degrade the image, but do not fully destroy the underly- chitectural innovations emerged, including self-supervised
ing scene identity. This shared property uni es them as methods to disentangle co-occurring ares [39], while oth-
a challenging decomposition problem (e.g. [32, 114-116] ers explicitly separated light source preservation from are
use dehaze models as strong comparative baselines for lengemoval using dedicated detection modules [32], and net-
ares removal). To this end, we de ne a unied and ex- works leveraging both spatial and frequency domains [83].

2.1. Isolated Effects Removal



More recently, large pretrained Latent Diffusion Models degradations within a multi-task model [17, 23, 48, 63, 66,
(LDMs) are adpated to leverage their powerful generative 70, 73, 80, 111]. Despite the achievements from all these
priors [114]. The development of these methods has alsomethods, key challenges persist including the limited diver-
been heavily reliant on specialized datasets, from semi-sity in datasets, while current methods still struggle with
synthetic ones [91], Flare7K [24], to real-world paired scalable training with robust generalization abilities, as well
datasets [26]. as handling more challenging types of challenging soft ef-
Re ection removal. Early methods for single-image re- fects requiring semantic-awareness.
ection removal (SIRR) focused on iterative re nement us- .
ing edge maps [30] or recurrent networks [62, 96]. Sub- 2.2. Prompt-based Image Editing
sequent research shifted towards improving training dataPrompt-based image editing originated from diffusion mod-
realism by learning non-linear blending [90], employing els, enabled by deterministic inversion techniques like
physically-based rendering [52], and modeling glass ab- DDIM [76] that map real images to an editable latent space.
sorption [113]. Architectural innovations followed, intro- Initial methods controlled edits by manipulating internal
ducing location-aware modules [28] and advanced attentionmodel structures, such as altering cross-attention maps to
mechanisms [45, 106] to better distinguish between lay- preserve layout [40] or ne-tuning the entire model on a
ers. More recent paradigms reduce reliance on paired dataingle image for complex, non-rigid changes [50]. The
through unsupervised deep image priors [72] or by using eld has since evolved towards more direct user control,
Diffusion Models to generate guiding prompts [88]. This with models trained to follow natural language instruc-
progress has been underpinned by the creation of key realtions [12] or allow for interactive, point-based spatial ad-
world benchmarks like SIR [85] and the large-scale RRW  justments [74]. This shift towards more precise, semantic
dataset [118]. editing is increasingly powered by the advanced contex-
Shadow removal. Initial approaches to shadow removal re- tual understanding of Multimodal Large Language Models
lied on traditional physical priors and optimization frame- (MLLMs) [10, 21, 46]. However, current approaches still
works [36, 105]. The advent of deep learning intro- oftenlack ne-grained pixel control and can struggle to per-
duced end-to-end models like DeshadowNet [71] and meth-fectly preserve the subject's identity during transformation.
ods that decomposed images into shadow-free and matte
layers [57]. Subsequent architectural advancements in-3. Methodology
cluded using Generative Adversarial Networks (GANSs) for i
joint detection and removal [86], fusing synthetic expo- 3-1. Data Curation
sure pairs [31], and learning via shadow generation [67]. A powerful foundation model requires large-scale, high-
More recent trends focus on eliminating the dependencyquality, and diverse training data. To equip UniSER with
on explicit shadow masks, utilizing mask-free transform- robust generalization, we curated a comprehensive dataset
ers [27] or reformulating the problem as a dense prediction by unifying pixel-aligned image pairs from four representa-
task [64]. The progress in this eld has been propelled by tive tasks: lens are, shadow, haze, and re ection removal.
benchmarks like SRD [71], ISTD [86], and the newer high- This integration enables the model to learn a broad restora-
resolution WSRD dataset [84]. tion representation while preserving content identity.
Haze removal. Single-image dehazing evolved from early Public datasets. We incorporate multiple benchmark
methods based on statistical priors like the Dark Chan-datasets spanning the four domains (see Table 1 and sup-
nel Prior (DCP) [37] to data-driven deep learning. Ini- plementary materials for details). Despite their usefulness,
tial deep learning works included lightweight end-to-end these datasets exhibit imbalance, such as the scarcity of
networks [60], hybrid models that learned priors for tradi- large-scale are removal data and limited diversity in haze
tional optimization [95], and unpaired training with GANs scenarios.
to address data scarcity [29]. Architectural innovations, Data expansion. To remedy these gaps and increase data
such as gated context aggregation [16] and Vision Trans-volume, we expand training data through three sources:
formers [77], were later introduced to better handle non- real-world captures, 2D synthesis, and 3D rendering.
uniform haze. Recent efforts focus on closing the synthetic-« |ens are. The key bottleneck lies in insuf cient data. We
to-real domain gap by generating more physically plausible  therefore construct 78 indoor and outdoor 3D scenes in
training data [19] or leveraging diffusion models for real-  Blender [11], rendering about 70K paired images, named
istic haze synthesis [87]. This progress has been consis- HALO dataset. Unlike Flare7K [24], which overlays
tently driven by the development of comprehensive bench-  gre layers on clean images, our rendered data produces
marks [47, 61, 107]. geometrically consistent and realistic are effects. The
Apart from them, some works delve into All-In-One dataset covers diverse are patterns, including re ective
(AIO) methods to restore image quality from multiple are, glare, shimmer, and streaks.
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