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Supplementary Material

Overview. In this supplementary material, we first present
more discussions about our proposed LDAC task and Alph-
aBlend dataset. Then, we introduce more information about
the training and inference process of DiffDecompose. Sub-
sequently, we offer more competing results upon our pro-
posed AlphaBlend dataset and a public dataset, LOGO, and
also include additional quantitative experiments and com-
plexity analyses. Subsequently, we present more visual re-
sults from the generative results of DiffDecompose. Finally,
we discuss its limitations and broader impacts. The supple-
ment includes the following sections:
A. LDAC Task and AlphaBlend Dataset

B. Training Loss Function

C. Inference Algorithm

D. More Comparison Experiments and Generative Results

D.1: Evaluation Metric.

D.2: More Comparisons.

D.3: More Generative Results

E. User Study

F. Limitations and Broader Impacts

F.1: Limitations.

F.2: Broader Impacts.

A. LDAC Task and AlphaBlend Dataset
LDAC task is no longer equivalent to tasks such as object
removal [1, 7, 12] or image matting [5, 6, 9, 11]. The main
differences are as follows: (1) The image matting task uti-
lizes Trimap, coarse segmentation mask, and low-quality
alpha matte, which the main challenge is to solve the prob-
lem of discontinuous edges when removing objects. (2) The
object removal task utilizes the mask and prompt to guide
the network to recognize its removal region, which the main
challenge is how to accurately predict its occlusion region.
These two tasks fail to realize our goal: Decomposing an
Alpha-composited image into an RGBA foreground image
and a RGB background image at the same time. Compared
to matting, a prime example is the car window occlusion
task in LDAC. Car windows may contain stains or fog, and
a mask alone cannot effectively guide the network to cut
out the entire image. Furthermore, the object removal task
requires complete prediction of the pixels in the removal
region, while LDAC separates the removal region from its
corresponding background pixel values using conditional
probability.

As shown in Figure 1, the construction process of the Al-
phaBlend dataset is totally different from matting and object
removal tasks. The matting dataset is constructed primarily
by adjusting the alpha channel values and simply overlay-
ing or linearly superimposing the RGB channel values with
background information. This means that Trimap can guide
the network to accurately predict the alpha channel to obtain
foreground information. However, the AlphaBlend dataset
is constructed under non-linear pixel occlusion conditions.
A typical example is the contraband scanning scene in se-
curity checks, where colors tend to darken. Therefore, the
dataset construction process uses a non-linear multiplica-
tion of foreground and background for color overlay, which
is unrelated to the information provided by Trimap. The
object removal dataset is constructed with localized occlu-
sion, and many solid foreground objects cover background
pixels. However, when faced with full-image object sub-
traction scenes from the AlphaBlend dataset, as seen in the
ablation experiments section, the full-image mask is com-
pletely unable to remove the car window occlusion scene.

It is important to note that the matting task can only sub-
tract local objects. However, the suitcase and cells in this
paper are both color overlay tasks, meaning they require
not only separating the foreground information but also ac-
curately predicting the corresponding color. For example, a
cell immersed in cell sap will turn dark purple, but the ac-
tual separated cell will be light purple. This is not a matter
of alpha channel weighting but a change in the pixel value
itself, which the matting task cannot handle. Furthermore,
the object removal task can only recover local image re-
moval; therefore, our experiments only compared the back-
ground restoration task of object removal.

B. Training Loss Function
The loss function is formulated within the conditional flow
matching [2] framework as the joint expectation over time
steps, noisy latent variables, and noise samples:

Llce = Et,pt(xt|ϵx),pt(yt|ϵy),p(ϵx),p(ϵy)

∥vΘ(z, t, x, y, cT )− ut(z | ϵx, ϵy)∥2 ,
(1)

where vΘ (z, t, x, y) are the neural network’s predicted con-
ditional velocity fields for the noisy foreground and back-
ground latent variables xt and yt, respectively, conditioned
on the timestep t, the observed composite image z, and con-
ditioning information τ . The true velocities ut(z | ϵx, ϵy),
are derived from the diffusion process and noise samples ϵx,



Figure 1. The presentation of the six subtasks’ dataset. Each foreground has its respective properties.

ϵy . This loss enables the model to learn an optimal prob-
abilistic path from noise to the true decomposed images,
thereby jointly inferring foreground and background layers
under complex nonlinear composition.

C. Inference Algorithm

Algorithm 1 outlines the inference process of DiffDecom-
pose. In this method, the Alpha-composited image z is
used as the conditional input for the model D(·) at a given
timestep t, without adding any noise. Initially, the fore-
ground image x and background image y are both randomly
sampled from a Gaussian distribution. These images are
then progressively refined over t iterations, where at each
step, the model generates updated estimates for x and y,
guided by the condition image z and the previous timestep’s

information. The process is iterated from t = 1 to t = T ,
where the generated images are progressively refined and
updated based on the model’s parameters, resulting in the
final output. The final composited image is produced by
model D as Iout at the last timestep.

D. More Comparison Experiments and Gener-
ative Results

D.1. Evaluation Metric
We use the Frechet Inception Distance (FID) [3] to assess
the photorealism of the generated images by comparing
the source image distribution with the inpainted image dis-
tributions. To measure the accuracy of correct object re-
moval, we introduce root mean squared error (RMSE) [4],
structural similarity index measurement (SSIM) [10], and



Algorithm 1 DiffDecompose Inference Algorithm

1: Input: Composited Image z, Trained DiffDecompose
model D(·) at a sampling timestep t

2: Output: foreground image x and background image y
3: for epoch = 1 to t do
4: xt ∼ N (0, I)
5: yt ∼ N (0, I)
6: v̂x, v̂y = vθ(xt, yt, t, z, τ)

7: σ2
t = η

√
1−ᾱt−1

1−ᾱt

(
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)
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(
yt−

√
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)
+
√
1− ᾱt−1 − σ2
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10: Iout ← D(ZT , t)
11: end for

Learned Perceptual Image Patch Similarity (LPIPS) [8].

D.2. More Comparisons
We present a comprehensive comparison of our DiffDe-
compose and other methods on a series of tasks within our
newly established benchmark AlphaBlend and publicly wa-
termark dataset LOGO. We present two competing results
in each subtask. For our proposed AlphaBlend, since the
current object removal task [1, 7, 12] mainly rely on the
mask-based method to achieve object removal, the task of
occlusion and light removal is not reasonable for them to
edit the whole image as shown in Figure 2, no matter how
we tune the strengthen and change the prompt, it is still dif-
ficult to remove the rain and light. Thus, we only compare
the results of the cell, glassware, and watermark, which can
also be regarded as the region-level task instead of the layer-
level task for these competing methods. It can be seen that
when facing the transparent scenarios, the current meth-
ods directly predict the mask region with the background
or prompt instead of fully utilizing the information of its
transparent region. Additionally, when the occlusion region
is pixel-additive, the competing method is prone to utilizing
the background to generate an unreasonable object to fix the
removal cell. These results suggest that when the target ob-
ject is no longer a simple pixel-level coverage, introducing
the region-based methods for image editing is difficult to re-
cover accurately. In comparison, our proposed DiffDecom-
pose can better remove the foreground layer and maintain
the background layer successfully.

To further verify the effectiveness of DiffDecompose,
we extend the way to the common task of watermark re-
moval. As shown in the latest three rows, the publicly avail-
able LOGO-G, LOGO-L, and LOGO-H represent progres-
sively challenging benchmarks for watermark removal, dis-
tinguished primarily by the transparency and size attributes

of their embedded watermarks. These three public datasets
can be concluded as:
LOGO-G. This dataset consists of 2,000 testing samples,
characterized by gray-scale watermarks. The watermark
transparency in LOGO-Gray varies broadly from 35% to
85%, encompassing both relatively faint and highly opaque
watermarks. The wide transparency range introduces sub-
stantial variability, simulating scenarios where watermarks
may range from subtle overlays to dominant visual artifacts.
This dataset thus serves as a comprehensive testbed for eval-
uating models’ robustness across diverse watermark visibil-
ity levels.
LOGO-L. LOGO-L restricts the watermark transparency to
a narrower interval of 35% to 60%. Furthermore, the water-
mark size is constrained between 35% to 60% of the host
image width. These constraints reflect moderate watermark
prominence both in opacity and spatial extent, providing a
balanced challenge for watermark removal techniques. The
reduced transparency range relative to LOGO-Gray focuses
the evaluation on semi-transparent watermarks, common in
practical applications where watermarks are designed to be
visible but non-intrusive.
LOGO-H. LOGO-H represents a more difficult subset de-
rived from LOGO-L. It targets harder cases by increasing
both watermark transparency and size, randomly select-
ing values from 60% to 85%. These higher transparencies
and larger size ranges imply that watermarks are more vi-
sually prominent and occlusive, significantly complicating
the watermark removal task. Models evaluated on LOGO-
H must contend with nearly opaque and spatially exten-
sive watermarks, testing their ability to recover underlying
image content under severe occlusion. As shown in Fig-
ure 2, our method outperforms existing approaches across
challenging subsets, particularly LOGO-H and LOGO-L,
which involve large occlusions and foregrounds with col-
ors closely resembling the background. Compared methods
often introduce artifacts or fail to fully remove watermarks
under such conditions. In contrast, our approach achieves
clearer and more coherent reconstructions by jointly infer-
ring foreground and background through a layer-wise de-
composition framework. This enables effective disentan-
glement of semi-transparent overlays without relying on ex-
plicit masks, making our method especially robust in com-
plex scenarios involving transparency and subtle blending.

D.3. More Generative Results

Figure 3 presents additional qualitative results for the
first three subtasks of the AlphaBlend dataset: Subtask I
(Translucent Flare Removal), Subtask II (Translucent Oc-
clusion Removal), and Subtask III (Semi-transparent Water-
mark Removal). These extended visualizations further vali-
date the capability of our DiffDecompose framework to dis-
entangle complex semi-transparent and transparent layers in



Figure 2. Qualitative results of ours and compared methods on the proposed AlphaBlend dataset and the publicly LOGO dataset. Object
removal models often replace the object by predicting new pixel information instead of removing it, which fails to generate a realistic
background. Our method is the only one that effectively removes objects and fills the regions in an accurate manner.



Figure 3. Additional Qualitative Results. Extended visualizations demonstrating DiffDecompose’s capability in removing complex semi-
transparent artifacts. The results illustrate faithful layer-wise decomposition, preserving fine details and semantic consistency across diverse
scenarios.



diverse image compositions. DiffDecompose effectively re-
moves complex lens flare while preserving scene structure
and detail, separates translucent glass and reflection arti-
facts without disrupting background consistency, and accu-
rately eliminates semi-transparent watermarks while main-
taining underlying textures.

Furthermore, we also present more qualitative results of
our proposed DiffDecompose framework on three key semi-
transparent/transparent layer-wise decomposition subtasks
from the AlphaBlend dataset: Subtask IV (Transparent
Glassware Decomposition), Subtask V (Semi-transparent
Cell Decomposition), and Subtask VI (X-ray Contra-
band Decomposition). These additional visualizations pro-
vide deeper insights into the robustness and generaliza-
tion capabilities of our method in handling complex alpha-
composited images characterized by nonlinear blending
and ambiguous layer interactions. DiffDecompose isolates
glass objects from varied backgrounds, accurately sepa-
rates individual cells even in densely overlapping regions,
and distinguishes hidden items from complex scan content
while preserving contextual detail without relying on ex-
plicit masks.

As shown in Table 1 demonstrates the decomposing per-
formance of DiffDecompose on the foreground layer. It
can be seen that it successfully separates the foreground
layer across all tasks, achieving low RMSE and LPIPS
scores and a high SSIM score, indicating its ability to accu-
rately reconstruct the structure and perceive the foreground.
These results confirm that the method effectively preserves
fine details and layer integrity even under semi-transparent
and complex blending conditions. By introducing a proba-
bilistic hierarchical decomposition framework, our model is
able to recover a visually coherent and semantically consis-
tent foreground. This highlights the advantage of modeling
synthetic structures without explicit pixel-level supervision.

Table 1. Quantitative Evaluation of Foreground Separation Qual-
ity. Performance metrics, including RMSE, SSIM, LPIPS, and
FID, demonstrate DiffDecompose’s effectiveness in accurately ex-
tracting foreground layers across transparent glassware, X-ray
contraband, and semi-transparent cell decomposition subtasks.

Subtask Translucent Flare Removal Translucent Occlusion Removal

Models RMSE↓ SSIM↑ LPIPS↓ FID↓ RMSE↓ SSIM↑ LPIPS↓ FID↓
Ours 2.6003 0.8839 0.0215 23.2082 21.3255 0.8523 0.3483 92.2930

Subtask Semi-transparent Watermark Removal Transparent Glassware Decomposition

Models RMSE↓ SSIM↑ LPIPS↓ FID↓ RMSE↓ SSIM↑ LPIPS↓ FID↓
Ours 2.3939 0.9593 0.0596 4.9729 14.9828 0.7819 0.1776 92.2640

Subtask X-ray Contraband Decomposition Semi-transparent Cell Decomposition

Models RMSE↓ SSIM↑ LPIPS↓ FID↓ RMSE↓ SSIM↑ LPIPS↓ FID↓
Ours 7.9984 0.9863 0.0276 34.7315 2.2877 0.9944 0.0082 29.270452

E. User Study
To further evaluate the perceptual quality of our model com-
pared to the baseline methods, we conducted a user study
with 30 subjects using an online voting interface, the vot-
ing interface and voting results are shown in Figures 4 and
5, respectively. For each visual scene, we presented the out-
puts of the six methods in a random order. Participants were
asked to select the best result in terms of removal effective-
ness, background integrity, and result plausibility for six
representative subtasks. Our method received the highest
number of votes in all six categories, demonstrating supe-
riority over other competing baseline methods in terms of
both realism and semantic coherence, without introducing
unnecessary changes.

Figure 4. A user study voting interface was provided to partici-
pants. We present the performance of five competing methods on
the task of watermark removal, cell separation, and glassware re-
moval. The participants can click the alphabet to choose which
method is the best and that best meets their requirements.
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Figure 5. User study results. The voting results of DiffDecom-
pose and the baseline method are compared on different subtasks,
including removal effectiveness, background integrity, and result
plausibility.
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Figure 6. Results of failed decomposition by DiffDecompose.

F. Limitations and Broader Impacts
F.1. Limitations
As shown in Figure 6, although DiffDecompose performs
well in various challenging semi-transparent and transpar-
ent layered decomposition tasks, it still has some limitations
that deserve further study. Since DiffDecompose does not
have an explicit supervision layer and fine-grained masks in
the process of foreground and background separation, the
pixels in the image restoration area will have pixel drift that
is imperceptible to the naked eye. That is, the overall sepa-
rated foreground and background information have good vi-
sual contrast, but lack pixel-level position accuracy. There-
fore, we will introduce Diffusion Guidance Masks in the
future to improve the network’s attention to image bound-
aries, thereby improving the accuracy of pixel restoration.

F.2. Broader Impacts
This work may benefit applications in image editing, sci-
entific visualization, and digital restoration by enabling ac-
curate decomposition of semi-transparent and transparent
layers. The public release of the AlphaBlend dataset and
DiffDecompose code promotes reproducibility and supports
broader research efforts. However, the ability to decompose

image layers may also enable misuse in image manipulation
or privacy invasion. We encourage responsible use and rec-
ommend the development of safeguards, particularly when
extending this work to sensitive data. No personally identi-
fiable or human subject data is involved in our experiments.

References
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