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Figure 1. Our method learns to disentangle overlaid logos from their supporting surfaces and recompose them seamlessly onto other
objects. Each example shows two input photographs of objects with distinct logos. We first decompose each image into its logo and object
layers, and then cross-compose the separated logos onto the other objects. These results demonstrate accurate separation and faithful
re-integration across challenging non-linear cases involving complex geometry, lighting, and viewpoint changes.

Abstract

Disentangling visual layers in real-world images is a
persistent challenge in vision and graphics, as such layers
often involve non-linear and globally coupled interactions,
including shading, reflection, and perspective distortion. In
this work, we present an in-context image decomposition
framework that leverages large diffusion foundation models
for layered separation. We focus on the challenging case of
logo-object decomposition, where the goal is to disentangle
a logo from the surface on which it appears while faithfully
preserving both layers. Our method fine-tunes a pretrained
diffusion model via lightweight LoRA adaptation and intro-
duces a cycle-consistent tuning strategy that jointly trains
decomposition and composition models, enforcing recon-
struction consistency between decomposed and recomposed
images. This bidirectional supervision substantially en-
hances robustness in cases where the layers exhibit complex
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interactions. Furthermore, we introduce a progressive self-
improving process, which iteratively augments the training
set with high-quality model-generated examples to refine
performance. Extensive experiments demonstrate that our
approach achieves accurate and coherent decompositions
and also generalizes effectively across other decomposition
types, suggesting its potential as a unified framework for
layered image decomposition. Project page: link.

1. Introduction
Image decomposition has long been a challenging problem
in computer vision and computer graphics, aiming to factor-
ize images into physically meaningful components. Clas-
sic approaches such as intrinsic decomposition [5, 6, 44]
separate reflectance from shading, relying on explicit priors
and rigid task formulations. More recent methods leverage
alpha-channels [45] for layered decomposition [36, 40, 43],
yielding structured outputs via additive layer compositing.
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These techniques, however, are largely confined to set-
tings where components interact linearly (e.g., via alpha
blending [36, 45]). In contrast, isolating a logo from a prod-
uct photographed under non-frontal viewpoints involves
highly non-linear and globally coupled interactions driven
by shading, perspective distortion, surface reflectance, and
material-dependent appearance [25]. Such cases cannot be
resolved by local or patch-based analysis alone; they re-
quire non-local reasoning and semantic understanding of
what constitutes an object versus an overlaid element. Ad-
dressing this challenge calls for data-driven priors that cap-
ture scene- and object-level context, as encoded by modern
foundation models [22, 33].

In this work, we leverage the representational power of
large foundation models to tackle logo-object image decom-
position. Rather than relying on handcrafted priors or local
statistics [6], we adopt a pretrained image inpainting diffu-
sion model to separate an overlaid logo from its supporting
object, producing (i) a rectified logo layer (fronto-parallel
and largely illumination-invariant) and (ii) a “clean” object
image. We realize this adaptation via a lightweight LoRA
fine-tuning [17] tailored to this task. Our training follows
the In-Context Learning (ICL) paradigm [18], where the
supervision is presented in a single three-panel grid image.
This encourages the model to internalize the operation of
removing or isolating overlaid elements while preserving
the underlying structure. Importantly, our method is not a
training-free, one-shot scheme [3, 15] conditioned on ex-
ample pairs during inference; instead, we adopt the data-
driven route and train on a carefully curated dataset to en-
sure the outputs remain contextual, consistent, and faithful
to the input. This design imparts task-specific decomposi-
tion capabilities while retaining the broad generalization of
the pretrained model, with performance that scales with the
availability and quality of training data.

To make this training effective and robust, we introduce
a coupled decomposition–composition framework with cy-
cle consistency. The decomposition module predicts two
outputs from a composite input: the rectified logo and the
logo-free object. A complementary composition module
then reconstructs the original image from these predicted
components. A cycle-consistency loss enforces agreement
between the reconstruction and the input, allowing the two
modules to supervise each other and reducing the need for
densely annotated ground truth. Practically, we organize
supervision as triplets (composite, logo, clean object) when
available, and fall back on the cycle signal when ground-
truth layers are incomplete or imperfect. This joint training
substantially stabilizes learning and improves fidelity in the
presence of real-world non-linearities.

We further propose a self-improving data loop that pro-
gressively enlarges and refines the training set. Starting
from a small seed of annotated triplets, we train an ini-
tial LoRA, use it to generate additional candidate labeled
triplets, and select high-quality results to refine the LoRA

and yield more reliable labeled data. After that, we train
the cycle-consistent model and use it to propose additional
decompositions on unlabeled images, selecting high-quality
results via automated filters and simple human-in-the-loop
checks. The accepted results are then added back into
the training pool for subsequent rounds. Combined with
our cycle-consistent objective, this bootstrapping strategy
steadily improves robustness and semantic accuracy across
diverse viewing conditions, materials, and lighting.

We validate the effectiveness of the approach through
extensive experiments, as illustrated in Figure 1. While
our primary focus is logo–object decomposition, we also
demonstrate the generality of the framework by applying it
to two distinct problems: foreground–background separa-
tion and ambient-level decomposition of albedo and light-
ing. These results suggest a general paradigm for image
decomposition that can handle complex, non-linear, and se-
mantically coupled interactions well beyond the specific ap-
plication studied in this work.

2. Related Work
2.1. Diffusion Models
Diffusion models [16] have emerged as the leading frame-
work for high-fidelity visual generation in recent years.
They model complex data distributions through a progres-
sive denoising process [34]. Since the Stable Diffusion
[33] and the Diffusion Transformer [30], these approaches
have advanced text-to-image synthesis [4], image transla-
tion [24], and controllable image editing [29, 46]. Recent
variants such as the FLUX family [22, 23] further improves
contextual awareness, enabling localized and spatially con-
sistent manipulations. Building on this progress, we extend
diffusion models to image decomposition, where a single
input is split into distinct components.

2.2. Visual In-Context Learning
In-Context Learning (ICL) [12], originated from large lan-
guage models (LLMs), indicates the ability of pretrained
models to adjust their behavior by leveraging contextual
signals [21]. Early works of Visual ICL focus on discrimi-
native tasks such as image segmentation [37, 38, 47]. Some
later works explore generative visual ICL, such as condi-
tional image generation [3, 39, 42] and example-based im-
age editing [7, 15, 26]. More recently, researchers have
found that existing Diffusion Models possess inherent in-
context abilities during their generation process [18], which
enables applications such as image editing through text in-
structions [23, 48]. Although these techniques demonstrate
strong capability, they are mostly confined to single-input-
single-output mappings. In this work, we unlock the single-
input-multi-output potential of visual ICL. We achieve this
via a simple but effective cycle-consistent tuning strategy,
which decomposes and recomposes with contextual infor-
mation to enforce mutual correspondence between layers.
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Figure 2. Overview of the image decompostion framework. Given a composite image, the model receives a masked input, a binary mask
indicating the logo region, and a noise latent, and predicts both the isolated logo and the clean object. The process is implemented by
tuning a LoRA on top of Flux-Fill. The composition scheme is similar but uses a complementary mask to produce the composite image.

2.3. Asset Extraction via Generative Models
Recent work has explored the use of generative models
for extracting reusable assets directly from images. Affara
et al. [1] explored asset extraction for urban street assets
through rectified object proposals. RRM [14] introduces
radiance-guided material extraction to obtain relightable 3D
assets. AssetDropper [25] formulates this problem through
conditional image-to-image translation, learning to isolate
standardized assets from user-specified regions. It employs
a reward-driven optimization process that aligns the ex-
tracted assets with visual priors. In contrast, we view this
problem from a more general layered decomposition an-
gle, where the decomposition is learned jointly with another
composition process. Rather than relying on explicit masks
or fixed extraction views, our approach infers the layered
structure directly from context, enabling decomposition that
preserves layers faithfully beyond asset extraction.

3. Method
In this work, we present a framework for image decompo-
sition using large generative models. Leveraging the con-
textual understanding capabilities of Diffusion Transform-
ers, we fine-tune a pretrained image inpainting model with
LoRA to specialize in separating components from single
composite images (Section 3.1). To ensure consistency
and plausibility between input and decomposed layers, we
jointly train a complementary composition model under a
cycle-consistency constraint (Section 3.2). Furthermore, we
adopt a progressive data collection with a self-improvement
strategy that iteratively expands the training using generated
pseudo-decompositions filtering (Section 3.3).

3.1. Preliminaries
Image Inpainting with DiTs. Our method is built upon
FLUX.1-Fill-dev [22], a Diffusion Transformer model de-
signed for image inpainting. Given a masked image X , a
binary mask M , and noise latent x, the model iteratively re-
fines the masked region through a conditional Transformer
guided by a text prompt T . As shown in Figure 2, at each

timestep t, the forward process can be formulated as:

xt−1 = ϕ (vθ ([xt, Eimg (X) ,M ] , t, Etxt (T ))) , (1)

where vθ denotes the model, Eimg and Etxt are image and
text encoders, and ϕ is the flow-matching [13] scheduler.
After denoising, the latent x0 is fed into the VAE decoder
D to reconstruct the complete image.

Low-Rank Adaptation (LoRA). We adopt Low-Rank
Adaptation (LoRA) [17] to efficiently fine-tune the Diffu-
sion Transformer. Given a parameter matrix W ∈ Rd×k,
LoRA learns the following matrices:

W ′ = W + UV, (2)

where U ∈ Rd×r and V ∈ Rr×k are LoRA parameters
(r ≪ d). This enables lightweight adaptation while pre-
serving the pretrained model’s capacity.

Specifically, to finetune the inpainting model for decom-
position, flow matching loss is utilized to encourage the
Transformer to predict the velocity field of the forward pro-
cess as follows:

Lrec = Ex,t

[∥∥∥∥vθ (xt,M, t, τ)− ∂xt

∂x

∥∥∥∥2
2

]
, (3)

where θ = (U, V ). M is set to zeros in the regions to be
preserved and ones in the regions to be inpainted.

3.2. Cycle Consistent Decomposition
Typically, image decomposition is an ill-posed problem
since the number of unknowns exceeds the number of in-
puts. Although we can collect ground truth decomposition
images to some extent, the supervision is still insufficient
to constrain the model. To address this challenge, we in-
troduce a cycle consistency constraint to provide additional
regularization to the solution space. Unlike decomposition,
composition is a well-defined and deterministic process.
Therefore, by jointly learning decomposition and compo-
sition in a cyclic manner, we enable the model to leverage
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Figure 3. Illustration of our cycle-consistent training. The model
jointly learns decomposition and composition, ensuring the de-
composed layers recompose into the original image and vice versa.

complementary knowledge from both tasks, thereby stabi-
lizing the training and reducing ambiguity.

As shown in Figure 3, the model is given an example
triplet of images ⟨I, A,B⟩, where I denotes the combina-
tion of A and B. Note that this combination can be either
linear alpha blending or more complex nonlinear interac-
tions, such as logo-object composition. Our goal is to learn
the following two functions at the same time:{FD(I) = ⟨A,B⟩ ,

FC (⟨A,B⟩) = I,
(4)

where FD is the decomposition function and FC is the
composition function. To learn both functions, during each
training step, we operate decomposition and composition
symmetrically to supervise each other in two parallel tracks:
1. Starting from I , first predict ⟨A′, B′⟩ = FD(I), then

recompose them into I ′ = FC(⟨A′, B′⟩);
2. Starting from A and B, first predict I∗ = FC(⟨A,B⟩),

then decompose it into ⟨A∗, B∗⟩ = FD(I∗).
We employ a cycle consistency loss Lcyc to drive the

above learning process:

Lcyc = Ex,t1

[
∥vθ(xI

t1 ,MD, t1, τD)− vθ(x
I∗

t1 ,MD, t1, τD)∥22
]

+Ex,t2

[
∥vθ(x⟨A,B⟩

t2 ,MC , t2, τC)− vθ(x
⟨A′,B′⟩
t2 ,MC , t2, τC)∥22

]
,

(5)

where t1 and t2 are two different timesteps. {MD, τD} and
{MC , τC} are the binary mask and text tokens for decom-
position and composition, respectively. In practice, the two

functions share the same LoRA parameter space θ, which
enhances parameter efficiency and stabilizes the training.

3.3. Progressive Data Collection
Training high-quality decomposition models usually re-
quires large paired datasets. However, collecting such data
for our logo–object decomposition is costly and hard to
scale. To overcome this data scarcity, we propose a pro-
gressive self-improvement strategy that iteratively expands
the training corpus using model-generated data.

Seed Data Collection. We initiate the process with
a small seed dataset comprising 100 manually curated
⟨I, A,B⟩ triplets, with the assistance of GPT-4o [19] (Fig-
ure 4(a)). This seed set is used to train an initial IC-
LoRA [18], which is then employed to generate a large can-
didate pool of new triplets from text prompts.

Iterative Data Generation with IC-LoRA. Given the
sparse initial data, the first-generation IC-LoRA exhibits
instability and often fails to produce plausible decompo-
sitions. A naive expansion of the dataset with these low-
quality samples would lead to error propagation. To ad-
dress this, we generate data iteratively (Figure 4(b)). We
use Qwen-VL [2] to filter generated triplets based on visual
plausibility and decomposition consistency. This filtered
dataset is then used to train IC-LoRA for the next round.
This iterative process of generation, filtering, and retraining
progressively enhances the data generation stability.

Self-improving the Cycle-Consistent Model. We ap-
ply a similar iterative self-improving methodology to train
the cycle-consistent decomposition and composition model
(Figure 4(c)). In each iteration, we first generate a large
batch of composite images. The cycle model from the pre-
vious iteration is then used to perform a full decomposition-
recomposition cycle on this new data. Examples that are
evaluated as high fidelity are considered pseudo-samples.
These samples are retained and incorporated into the train-
ing set for each iteration. This self-curation process ensures
that the model continuously benefits from increasingly re-
liable supervision, resulting in demonstrable improvements
in decomposition stability, coherence, and generalizability.

4. Experiments
4.1. Comparison Methods
To benchmark our approach, we compare our method
against baselines from two categories: asset-focused and
instruction-based editing. For asset-focused editing, we
compare against AssetDropper [25], in which Ground-
ingDINO [28] is required to locate the logo first. For
instruction-based editing, we evaluate IC-Edit [48], Flux-
Kontext [23], and Gemini [9].
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Figure 4. Illustration of progressive data collection. (a) We first collect a seed dataset to obtain an IC-LoRA as the initial data generator.
(b) In each round, we select high-quality samples generated by the current LoRA and reintroduce them to the training set. (c) During
the training of the cycle model, we use it to produce consistent data by decomposing an image, and then re-composing it. High-quality
recomposition samples are added back into the training set.

Table 1. Quantitative comparison using VQAScore and VLMScore, higher is better. To prevent potential evaluation bias, we utilize three
VLMs as evaluators (i.e., Qwen, GPT-4o, and Gemini). The best and second best results are highlighted.

Method VQAScore ↑ VLMScore ↑ (Qwen / GPT4o / Gemini)

Logo Object Logo Isolation Logo Consistency Object Isolation Object Consistency Average

AssetDropper [25] 0.42 — 4.49 / 2.87 / 4.84 3.84 / 4.00 / 3.90 — — —
ICEdit [48] 0.31 0.31 1.09 / 2.70 / 1.02 1.56 / 2.58 / 1.00 2.35 / 3.93 / 3.88 3.80 / 3.42 / 3.32 2.55
Kontext [23] 0.40 0.32 3.27 / 2.73 / 3.28 4.17 / 4.04 / 2.80 2.80 / 3.75 / 4.64 4.75 / 4.26 / 4.94 3.79
Gemini [9] 0.42 0.32 4.39 / 2.63 / 4.72 4.05 / 4.36 / 3.72 3.09 / 4.39 / 4.72 4.81 / 4.63 / 4.93 4.20

Ours 0.43 0.31 4.50 / 2.77 / 4.76 4.22 / 4.43 / 3.94 3.35 / 4.33 / 4.37 4.70 / 4.62 / 4.67 4.22

4.2. Quantitative Results

Quantitative evaluation is conducted on 1.5K synthetic test
samples using two metrics: (a) VQAScore [27], which mea-
sures text-image alignment. VQAScore is computed inde-
pendently on the decomposed logo and object; (b) VLM-
Score, in which we use different VLMs to assess decom-
position results on a 1-5 scale across four aspects: Logo
Isolation, Logo Consistency, Object Isolation, and Object
Consistency. Please check out the supplementary material
for more detail on the evaluation.

Results in Table 1 demonstrate that we achieve the high-
est logo VQAScore and VLMScore, confirming our supe-
riority in separating logos. In contrast, while instruction-
based models (Gemini [9], Flux-Kontext [23]) excel at logo
removal (high object scores), they struggle to accurately
isolate the logo. AssetDropper [25], while specialized for
asset extraction, degrades in complex non-linear scenarios
and, crucially, fails to recover the underlying object.

4.3. Qualitative Results

We present a qualitative comparison with baseline methods
in Figure 5. The figure showcases five challenging scenar-
ios: illumination variation, perspective distortion, logos on
non-planar (3D) surfaces, textual elements, and transparent
materials. These examples demonstrate the methods’ vary-
ing abilities to handle non-linear layer interactions. Across
all cases, our approach consistently produces cleaner iso-
lated logos and more coherent objects. In contrast, compet-
ing methods exhibit noticeable artifacts, incomplete separa-
tions, or fail to preserve layer consistency. Figure 6 shows
our method’s generalization on in-the-wild photographs.

4.4. Ablation Studies

We conduct ablation studies to validate our component de-
sign choices, with results in Figure 7. We first establish
a baseline by training the decomposition model only on
data from the initial Round 0 IC-LoRA generator, which
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Figure 5. Qualitative comparison on challenging scenarios on synthetic data. The first column shows the inputs, while the following
columns present results from our approach and four baselines: AssetDropper [25], Flux-Kontext [23], Gemini [9], and ICEdit [48]. The
decomposed object layers appear at the bottom-right of each sample. For AssetDropper [25], we use FLUX-Fill [22] to inpaint the logo
region as the object layer. Note that all the synthetic images are generated from a prompt, not composited from a logo and a clean object.

yields poor separations. Introducing Iterative Data Gen-
eration measurably improves decomposition, demonstrat-
ing the benefit of higher-quality data. Adding Cycle-
Consistency provides a significant enhancement in logo fi-
delity and isolation. Finally, our full model further refines
object consistency and realism. The increasing proportion
confirms the data generation quality iteratively improves,
providing superior supervision for subsequent training.

4.5. User Study

To complement VLM-based evaluation, we conducted a
user study consisting of 20 questions with 30 participants.
In each question, participants are required to rank four

anonymized decomposition results from best to worst ac-
cording to two criteria: (a) consistency, measuring how ac-
curately the logo is extracted, and (b) perceptual reasonable-
ness, assessing whether the result appears natural without
non-linear artifacts.

As illustrated in Figure 10, our method is ranked top-1 in
over 50% of the cases. AssetDropper [25], as a task specific
logo extraction method, outperforms Flux-Kontext [23] and
Gemini [9], which is consistent with its design focus. While
Gemini [9] achieves strong VLM scores, it does not show
the same advantage in user study, likely due to tenden-
cies such as preserving original size or producing pseudo-
transparent outputs, which are less favored by human.
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Figure 6. Decomposition results on real photographs. Our approach successfully decomposes both well-known brand logos and uncommon
text signs under diverse lighting and perspective conditions, demonstrating strong generalization in real-world environments.
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Figure 7. Ablation study. Each row visualizes the decomposition
results with progressively adding the proposed components. The
decomposed logos and objects become clearer and more consistent
from the base model to the full model.

Iterative data generation Self-improving

Figure 8. Selection rate of high-quality samples generated by our
approach across different data collection rounds. The selection
rate increases steadily as the round number grow from 1 to 10.

Table 2. Quantitative comparison on intrinsic decomposition.
For the compared methods, we report their results presented by
Careaga et al. [6]. Lower values indicate better performance.

Method Intensity (×100)↓ Chromaticity ↓
Careaga et al. [5] 0.57 6.56
Kocsis et al. [20] 1.13 5.35
Chen et al. [8] 0.98 4.12
Careaga et al. [6] 0.54 3.37

Ours (w/o Cycle) 0.59 3.65
Ours 0.57 3.54

4.6. Generalization to Other Decomposition Tasks
Intrinsic Decomposition. We evaluate our method on
intrinsic decomposition, which factors an image into re-
flectance (albedo) and shading. Without task-specific pri-
ors, we train our cycle model on the Hypersim dataset [32]
and evaluate on the MAW dataset [41]. As shown in Ta-
ble 2, our approach achieves comparable accuracy to SOTA
methods specifically tailored for this task. Crucially, an
ablation against a variant lacking cycle consistency shows
consistent improvement, demonstrating its benefit in stabi-
lizing this decomposition. Qualitative results in Figure 9(a)
further verify our framework’s effectiveness.

Foreground-background Decomposition. We also test
our method on foreground-background decomposition,
which aims to disentangle salient objects from their contex-
tual environments. We make a training set of ∼5K triplets
by generating composite images (FLUX.1-dev [22]), cre-
ating the background layer (Flux-Kontext [23]), and
extracting the foreground (GroundingDINO [28] and
SAMv2 [31]). After training our cycle model on this
dataset, it produces clear decompositions, as shown in Fig-
ure 9(b). These results further demonstrate the generaliza-
tion of our framework to other separation tasks.
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Figure 9. Our decomposition results on (a) intrinsic decomposition, which decomposes an input image into albedo and shading layers, and
(b) foreground-background decomposition, which separates a foreground object from its background scene. These qualitative results are
supported by quantitative evaluation (e.g., Table 2), confirming the consistency and reliability of our decomposition framework.

Pairwise preference 𝑃(𝑖 ≻ 𝑗)Rank distribution

Figure 10. Visualization of user study results. Left: Rank distribu-
tion; Right: Pairwise preference heat map.

5. Conclusions, Limitations, and Future Work

In this paper, we revisited the problem of layered image de-
composition through the lens of in-context learning. While
diffusion-based in-context models have mostly been ex-
plored for composition and editing, we showed that the
same paradigm can also be extended to the inverse pro-
cess to decompose or unmix an image into its constituent
layers. Central to our framework is a cross-cycle train-
ing scheme, where decomposition and composition mod-
els are trained jointly to validate each other, enabling the
handling of non-linear and globally coupled interactions be-
tween layers through one model. This is different from pre-
vious work DecompDiffusion [35], which addresses image
decomposition by training separate models.

While our method shows strong and consistent perfor-
mance across a wide range of settings, it is not entirely
bulletproof. The model still struggles with certain out-of-
domain cases, particularly when the overlaid element dom-

inates the scene, such as very large brand logos on walls or
billboards. These cases often fall outside the distribution
of training data and remain challenging for current mod-
els trained under limited diversity. Another limitation is the
handling of multi-layer decomposition. Our current formu-
lation is designed for separating up to two layers and cannot
easily generalize to images containing multiple overlaid el-
ements, such as posters with several distinct logos or text
layers. This constraint mainly arises from the limited-grid
paradigm used for inpainting-based visual in-context learn-
ing, a limitation shared with other VICL approaches [3, 48].

Beyond these limitations, the formulation reflects a
broader idea that generative models can learn not only to
compose but also to disassemble. Treating composition and
decomposition as dual, cross-linked processes allows the
model to internalize how image layers interact, rather than
relying on explicit supervision or handcrafted priors.

Looking ahead, coupling decomposition and composi-
tion through mutual supervision opens several future work,
potentially extending to motion, illumination, or multi-
modal information such as audio and 3D structure. An-
other promising direction is improving the robustness of the
framework, where recent advances in robust model adap-
tation [10, 11] could inspire more resilient decomposition.
More broadly, it encourages models that discover structure
from weak or implicit supervision, moving toward a unified
understanding of visual composition.
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