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Training Caption Length
FIDmerged →

Short Cap. Long Cap.
Short Cap. 17.64 18.56
Long Cap. 17.95 16.15
Mixed (50% short + 50% long) 16.13 15.93

Table 1. Effect of caption length during training. We train models with
short captions, long captions, or a mixture of both, and evaluate FID on
VC5K test set using short and long captions respectively.

method Denoise steps Latency(s) Speed up FIDmerged →
Baseline 50 14.4 - 16.02
+ Distill 16 4.5 3.2x 16.21
+ Distill 8 2.3 6.26x 18.58

Table 2. Multi-layer generator distillation with inference time.

#layer numbers 2↑7 8↑11 12↑14 15↑50
PSNRmerged ↓ 22.51 21.99 21.36 20.65
SSIMmerged ↓ 0.8932 0.8869 0.8780 0.8610

Table 3. Effect of layer numbers on image-to-layers (I2L) generation
quality. We evaluate the model’s performance across different ranges of
layer numbers in the generated results.

1. Additional ablation experiments
1.1. Mixed Training with Variable Caption Length
Table 1 demonstrates the importance of caption diversity
during training. Models trained with mixed caption lengths
achieve the best generalization, with FID of 16.13 on short
captions and 15.93 on long captions. Training exclusively
on one caption type creates a domain gap: short-caption-
only training degrades to 18.56 FID on long captions, while
long-caption-only training achieves 16.15 FID, showing
better robustness but still suboptimal on short captions.

1.2. Effect of Layer Numbers on Image-to-layer
Table 3 demonstrates our method’s scalability across differ-
ent layer counts for the image-to-layers task. The model
handles compositions ranging from 2 to 50 layers effec-
tively, maintaining stable performance across this wide
range. This flexibility enables decomposition of both sim-
ple designs and complex multi-element compositions with-
out architectural modifications.

1.3. Analysis of Distilled Models
To evaluate the real-world efficiency of our approach, we
conducted inference speed benchmarks on a single NVIDIA
H200 GPU. We compared the standard baseline method
(operating at 50 denoising steps) against our distilled MRT
model at reduced inference steps (16 and 8 steps). As shown
in Table 2, the baseline model requires 14.4 seconds to com-

plete the generation process. In contrast, applying DMD2
distillation significantly accelerates inference. Specifically,
our model achieves a 3.2→ speed-up (4.5s) at 16 steps with
negligible degradation in generation quality (FID increases
only slightly from 16.02 to 16.21). Furthermore, reducing
the inference budget to just 8 steps yields a massive 6.26→
speed-up (2.3s), showing that our method successfully bal-
ances high-fidelity generation with interactive-level latency.
We also present the generated samples and compare the
original and distilled models in Fig. 1.

2. Attention Analysis of Image-to-Layer Model
To validate that our model learns meaningful semantic rep-
resentations rather than merely memorizing layout priors,
we visualize the pixel-wise attention maps generated dur-
ing the decomposition process. Fig. 3 illustrates the cor-
respondence between the generated transparent layers and
their associated attention activations. As observed, the at-
tention mechanism exhibits strong spatial localization ca-
pabilities. For each predicted layer, the attention weights
(visualized as heatmaps) highly correlate with the semantic
boundaries of the target elements. For instance, when re-
constructing high-frequency components such as text (e.g.,
“Bundle of Joy” in the second case, “Love NEVER FELT...”
in the third one) or fine-grained graphical elements, the at-
tention is tightly focused on the relevant character strokes
and shapes, effectively suppressing background noise. Con-
versely, for background patterns or larger geometric shapes,
the attention acts more broadly to capture the texture and
spatial extent of the region. This visualization confirms that
the model successfully disentangles the composite image
by attending to distinct visual features guided by the layout,
ensuring that the resulting RGBA layers possess clean alpha
mattes and coherent textures.

3. Efficiency Analysis of Image-to-Layer
Model

Latency. As shown in Fig. 2, due to our regional diffusion
transformer architecture, we achieve significant speedup
and over 100→ acceleration compared to Qwen-Image-
Layered, which uses the same number of full-resolution to-
kens to model each transparent layer regardless of the actual
area of contents. We achieve similar latency speed-up as
the statistics shown in ART [38] and we further applied var-
ious advanced cache techniques, model distillation, lower-
precision, parallel inference to optimize the latency of our
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Figure 1. Generation quality of distilled models. We achieve up to 6x speed up without sacrificing the quality and fidelity of images.

Figure 2. Inference efficiency comparison between MRT and Qwen-Image-Layered. (a) Latency scaling with number of layers. MRT maintains
near-constant latency (↑5s) while Qwen-Image-Layered scales linearly, resulting in up to 108.5↔ speedup at ↑20 layers. (b) MRT inference time vs. token
count on H200 and B200 GPUs, demonstrating linear scaling behavior. (c) Peak GPU memory consumption across varying layer configurations. The shaded
region indicates the baseline memory allocated to model weights. MRT reduces memory consumption by 10.5↔ ↗ 23.6↔, with efficiency gains scaling
proportionally with layer numbers. All reported results are conducted over 100 samples on single GPU with identical layer numbers.

model to within ↑ 3 seconds when running with 4→ H100
GPUs and ↑ 5 seconds on a single H100 GPU when re-
quired to decompose a single 1K high-resolution image into
nearly 20 transparent layers.
Memory. Unlike Qwen-Image-Layered, which requires
significantly more visual tokens to extract more layers from
a flat image, our approach is far more memory efficient, re-
quiring far fewer tokens to decompose an image into many
transparent layers as shown in Fig. 2. Our method achieves
clear advantage in memory usage, which is further strength-
ened as the number of layer grows.

4. User study details
4.1. User Study on Text-to-Layer Task
To evaluate the generation quality of our models on the
text-to-layer task, we conducted a user study com-

paring our method (MRT) with the baseline (ART). We em-
ployed a blind, pairwise comparison setup. For each sam-
ple, participants were first shown the input text prompt, fol-
lowed by the corresponding results generated by MRT and
ART displayed side-by-side. To eliminate positional bias,
the display order (left or right) of these two results was ran-
domized for each evaluation. Participants were asked to
cast a three-way forced-choice vote—”Method A is better,”
”Method B is better,” or ”Tie”—across four distinct dimen-
sions: (1) elements (layout), (2) visual appeal (aesthetics),
(3) correctness of the text (typography), and (4) coherence
and quality of each layer (harmonization).

The web-based evaluation interface is shown in Fig. 39,
where two generated results are displayed side-by-side with
the text caption provided on the right panel.
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Figure 3. Attention map visualizations of image-to-layers task. We demonstrate the interpretability of our model by visualizing the internal attention
weights during the layer generation process. Left: The input composite image and its corresponding layout. Right: The decomposition results. The top row
displays the predicted transparent layers, while the bottom row shows the corresponding attention maps overlaid on the input image. Red regions indicate
high activation values. The results highlight that the model’s attention is semantically selective, accurately aligning with specific visual elements (e.g., text,
foreground objects, background patterns) to generate high-quality, disentangled layers.



4.2. User Study on Image-to-Layer Task
For the image-to-layers task, we conducted a com-
prehensive user study by performing three separate pairwise
comparisons between our method and three state-of-the-art
baselines: (1) Ours vs. LayerD, (2) Ours vs. Lovart, and
(3) Ours vs. Roboneo. Each comparison was run as an
independent blind test. Participants in each study were pre-
sented with a three-image layout: the original input image
was displayed as a central reference, while our method’s
result and the corresponding baseline’s result were shown
side-by-side. To eliminate positional bias, the display or-
der (left or right) of our result and the baseline’s result was
fully randomized in every trial. Participants were asked to
make a three-way forced-choice vote (”Method A is better,”
”Method B is better,” or ”Tie”) based on three key metrics:
(1) granularity, (2) layer integrity, and (3) layer quality.

The evaluation interface is illustrated in Fig. 40, where
the reference input image is shown at the center with de-
composition results from two methods displayed on both
sides.

5. Limitations
Although our model demonstrates strong performance in
the image-to-layer task, it faces challenges when applied to
real-world photographs. Specifically, our method often fails
to correctly handle shadows, resulting in segmented object
layers that exclude shadow regions and leaving the shadows
on the background layer, which leads to visual inconsis-
tency. We attribute this limitation primarily to our training
data: our model was trained exclusively on design datasets,
which are planar and lack physical effects such as shadows,
reflections, and refractions that commonly appear in natural
scenes. Despite this domain gap, we were pleasantly sur-
prised to find that our method can still generalize reason-
ably well to real images, even without any supervision on
real-world multi-layer data. As shown in our illustrations,
most objects are successfully separated, which we believe
stems from the strong visual understanding capability in-
herited from the Qwen-Image backbone, demonstrating the
robustness, adaptability, and scalability of our approach. In
future work, we plan to extend our method to real-world
image scenarios by collecting and training on datasets that
include realistic visual effects such as shadows and reflec-
tions. We believe such extensions will further enhance the
model’s ability to produce coherent and physically plausible
layer decompositions.

6. Visualizations and Qualitative Analysis
6.1. Diverse Text-to-Layer Generation
We visualize the qualitative results of our Text-to-Layer task
in Fig. 4 through Fig. 12. Our Masked Region Transformer

demonstrates exceptional versatility in generating high-
fidelity multi-layer designs solely from textual descriptions.
As shown in Fig. 4 through Fig. 10, the model successfully
synthesizes coherent compositions ranging from simple lay-
outs to complex designs with over 25 layers and even more,
maintaining strict spatial consistency and stylistic harmony.
A key advantage of our approach is the native support for
diverse typography; Fig. 11 illustrates our unique overflow
generation capability. Unlike prior methods that truncate
content at the canvas edge, our model generates complete,
full-size RGBA layers that extend beyond the visible back-
ground boundary, thereby preserving full editability and
reusability for downstream compositional tasks. Further-
more, Fig. 12 highlights the model’s capability to render
accurate visual text across multiple languages, including
Chinese, ensuring practical utility for global design appli-
cations.

6.2. Comparative Analysis of Image-to-Layer
In Fig. 13 through Fig. 20, we provide a comprehensive
qualitative comparison between our approach and state-
of-the-art baselines, including LayerD, Lovart, and Robo-
Neo. The results consistently demonstrate that our method
establishes a new standard for layer decomposition qual-
ity. While commercial systems like RoboNeo often intro-
duce visual artifacts or fail to produce clean transparency,
and academic baselines like LayerD tend to produce overly
grouped layers that limit editing flexibility, our Masked Re-
gion Transformer achieves a superior balance. Our method
excels in generating precise alpha mattes, maintaining se-
mantic integrity, and achieving appropriate decomposition
granularity (e.g., separating distinct visual elements rather
than merging them). This is particularly evident in complex
overlapping regions, where our model successfully disen-
tangles elements that other methods fail to separate.

6.3. Scalability on Layer Counts in Image-to-Layer
To evaluate the robustness of our framework, we visualize
image-to-layers decomposition results across varying de-
grees of complexity in Fig. 21 through Fig. 25, ranging
from 6 layers up to 16 layers. These visualizations con-
firm that our architecture scales effectively without perfor-
mance degradation. The model maintains consistent quality
in boundary detection and content preservation in cases of
a wide range of layer counts. This stability across diverse
layer counts validates the efficacy of our masked attention
mechanism, proving that the model can handle the structural
complexity of professional-grade graphic designs.

6.4. Generalization to AI-generated Images in
Image-to-Layer

To validate whether our model can generalize to AI-
generated images, we visualize more image-to-layers de-



composition and compare with Qwen-Image-Layered in
Fig. 26 through Fig. 29. As shown, our method pro-
duces more coherent and well-separated layers, with clearer
foreground-background disentanglement and sharper trans-
parency boundaries. In contrast, Qwen-Image-Layered
tends to mix unrelated contents into the same layer or re-
peat one object across multiple layers. This indicates that
our model is more robust to the distribution shift of AI-
generated data. Overall, the results demonstrate strong gen-
eralization ability and reliable layer decomposition on both
design style and natural images.

6.5. Context-Aware Layer Addition
Fig. 30 demonstrates the capabilities of our layers-to-layers
task, specifically focusing on layer addition. Here, we sim-
ulate a user editing workflow where new elements—such
as text or decorative objects—are inserted into an exist-
ing design based on text prompts and specified bounding
boxes. The results show that our model does not merely
paste isolated objects; instead, it generates new layers that
are contextually aware, matching the lighting, perspective,
and artistic style of the existing layers. By conditioning
on the full composition, the added layers harmonize seam-
lessly with the original design, preserving the global aes-
thetic while fulfilling the user’s semantic requirements.

6.6. Layer Restylization and Harmonization
In Fig. 31, we showcase the layer restylization capability,
where user-provided assets are transformed to align with a
target design’s visual identity. Our model effectively trans-
fers style while preserving the geometric structure of the
input asset. The visualization demonstrates that our single-
pass generation approach ensures cross-layer consistency,
successfully adapting the color palette, texture, and artistic
rendering of external assets to match the pre-existing com-
position. This capability is essential for unifying disparate
elements into a cohesive graphic design.

6.7. Layout Generalization in Text-to-Layer
Fig. 32 and Fig. 33 present an analysis of the interplay be-
tween text prompts and spatial controls. In these experi-
ments, the text prompt contains implicit or explicit descrip-
tions of element positions, while we simultaneously pro-
vide varying spatial layouts (bounding boxes) that may con-
flict with these textual descriptions. Remarkably, the results
demonstrate that our model exhibits strong adherence to the
user-provided layout, effectively overriding the spatial bi-
ases present in the text prompt while retaining the semantic
content. This confirms that our framework successfully dis-
entangles semantic generation from spatial arrangement, al-
lowing users to enforce arbitrary layouts—such as moving
a title from the top to the bottom—without compromising

the generated content’s quality or the prompt’s semantic fi-
delity.

6.8. Layout-Guided Image Decomposition
For the Image-to-Layer task, Fig. 34 through Fig. 36 visu-
alize the input raster images alongside their corresponding
layout structures (bounding boxes and Z-order) used during
inference. These examples illustrate how the model utilizes
layout information—whether derived from automatic detec-
tors or manual annotation—as a structural prior to guide the
decomposition process. The visualizations show that the
model accurately resolves ambiguities in the raster image
by leveraging the provided spatial cues, resulting in seman-
tically meaningful layers that strictly conform to the speci-
fied boundaries. This highlights the model’s ability to pro-
duce controllable and predictable decompositions essential
for professional editing workflows.

6.9. Generalization to Natural Scenes
Although our model is trained exclusively on graphic design
datasets (posters, flyers, etc.), Fig. 37 demonstrates its zero-
shot generalization capability to real-world natural images.
The model successfully segments objects from photographs
into transparent layers, leveraging the strong visual under-
standing inherited from the Qwen-Image backbone. How-
ever, we observe a specific limitation due to the domain gap:
unlike flat graphic designs, real-world scenes contain com-
plex physical lighting effects. Consequently, the model of-
ten fails to associate cast shadows with their respective ob-
jects, leaving shadows on the background layer rather than
the object layer. Despite this limitation regarding physical
lighting effects, the structural decomposition remains sur-
prisingly robust for out-of-domain data.

6.10. Failure Cases
Finally, we analyze representative failure cases in Fig. 38
to provide a balanced view of our method’s current limi-
tations. We observe a common issue across all four tasks:
some transparent backgrounds are decoded into gray instead
of remaining transparent. This ambiguity arises because our
VAE encoder currently uses a 3-channel input, which com-
presses transparent layers into a gray representation that the
decoder sometimes misinterprets. Future work could ad-
dress this by adopting a 4-channel encoder or alternative
encoding schemes. Additionally, we identify task-specific
limitations: 1) for text generation, the model sometimes
struggles with rendering very small glyphs accurately; and
2) for layer-to-layer tasks, we occasionally observe failures
in identity preservation (IP) and instruction following, par-
ticularly when complex style transfer or precise object in-
sertion is required. These cases outline critical directions
for future research in multi-layer generative modeling.



Figure 4. Text-to-layers generation examples. We visualize diverse text-to-layers generation results from our method, showing the input text prompts and
corresponding multi-layer outputs. Each example displays individual transparent RGBA layers along with the merged composition. Our approach generates
coherent multi-layer designs that maintain spatial consistency, stylistic harmony, and accurate layer boundaries, demonstrating strong alignment between
text prompts and layered compositions.



Figure 5. Additional text-to-layers generation examples. More examples demonstrating our method’s capability to generate multi-layer designs from
text descriptions. These results showcase the diversity of generated layouts, layer compositions, and visual styles.



Figure 6. Additional text-to-layers generation examples.



Figure 7. Additional text-to-layers generation examples.



Figure 8. Additional text-to-layers generation examples.



Figure 9. Additional text-to-layers generation examples. Our unified framework handles various design complexities, from simple compositions to
intricate multi-element designs with over 25 layers, while maintaining generation quality.



Figure 10. Additional text-to-layers generation examples. Our model can generate rich images along with high-quality layers beyond flat designs.



Figure 11. Text-to-layers with overflow layer generation. Additional examples highlighting our method’s unique capability to generate overflow layers
that extend beyond the background boundary. As discussed in Section 3 and shown in Fig. 3, over 60% of designs contain overflow layers. Our approach
generates complete full-size RGBA layers on the canvas, preserving editability and reusability that previous methods sacrifice by truncating pixels at
background boundaries.

Figure 12. Text-to-layers with multilingual support. Examples demonstrating our model’s capability to generate designs with multilingual text layers.
Our dataset includes diverse languages (as shown in Fig. 2), enabling generation of visually rendered text in multiple languages including Chinese. This
showcases the model’s ability to handle typography across different writing systems while maintaining design quality.



Figure 13. Qualitative comparison on image-to-layers task. We compare our method with LayerD, Lovart, and RoboNeo on decomposing a graphic
design into transparent layers. Each panel shows: the input image (top-left), followed by our result and baseline results with their decomposed layers. Our
method produces cleaner layer boundaries, better granularity, and more complete RGBA layers compared to the baselines.



Figure 14. Additional qualitative comparison on image-to-layers task. Our method demonstrates superior layer decomposition quality with better
semantic correctness and transparency handling. The decomposed layers from our method maintain higher integrity and can faithfully reconstruct the input
image, while baselines show issues with layer artifacts, improper grouping, or incomplete decomposition.



Figure 15. Additional qualitative comparison on image-to-layers task. This example further demonstrates our method’s advantages in layer quality,
integrity, and appropriate granularity. Our approach successfully decomposes complex compositions while avoiding the overly grouped layers produced by
LayerD or the artifacts present in commercial system outputs.



Figure 16. Additional qualitative comparison on image-to-layers task. Our method consistently outperforms baselines across different design styles
and complexities. The visualization shows that our approach produces high-quality transparent layers with accurate alpha channels and proper semantic
decomposition, essential for downstream editing tasks.



Figure 17. Additional qualitative comparison on image-to-layers task. This case highlights our method’s ability to handle complex multi-element
designs. While commercial systems like RoboNeo suffer from severe artifacts and LayerD produces overly grouped layers that compromise fine-grained
editing flexibility, our method maintains both quality and appropriate decomposition granularity.



Figure 18. Additional qualitative comparison on image-to-layers task. Our method excels at decomposing designs with overlapping elements and
complex visual hierarchies. The comparison demonstrates superior performance across all three evaluation dimensions: quality (semantic correctness and
transparency), integrity (faithful reconstruction), and granularity (appropriate decomposition level).



Figure 19. Additional qualitative comparison on image-to-layers task. This example showcases our method’s robustness across different design
categories. Our decomposed layers maintain sharp boundaries, clean transparency, and semantic coherence, enabling practical editing workflows that
commercial and academic baselines struggle to support.



Figure 20. Additional qualitative comparison on image-to-layers task. Final comparison case demonstrating consistent quality advantages of our
method. The decomposition preserves layer reusability and editability while maintaining visual fidelity, confirming the effectiveness of our masked region
transformer framework for the image-to-layers task.



Figure 21. Image-to-layers visualization with 6 layers. We visualize the layer-by-layer decomposition process showing individual RGBA layers with
transparency. Each layer is displayed separately along with its alpha mask, and the merged composition demonstrates faithful reconstruction of the input
design. This visualization demonstrates our method’s ability to generate clean, reusable layers with accurate spatial boundaries and alpha channels.



Figure 22. Image-to-layers visualization with 8 layers. Decomposition result showing increased layer complexity with 8 distinct transparent layers.
Our method successfully handles more complex compositions, maintaining layer quality and proper decomposition granularity across the extended layer
hierarchy. Each layer preserves semantic meaning and can be independently edited.



Figure 23. Image-to-layers visualization with 10 layers. Further demonstrating scalability to compositions with 10 transparent layers. Our masked
region transformer maintains stable performance across different layer counts, producing coherent decompositions without architectural modifications. The
visualization shows consistent layer quality from background to foreground elements.



Figure 24. Image-to-layers visualization with 12 layers. Decomposition of a complex design into 12 transparent layers, demonstrating our method’s
capability to handle high layer counts while maintaining decomposition quality. Each layer retains sharp boundaries and proper alpha masks, essential for
professional editing workflows.



Figure 25. Image-to-layers visualization with 14 and 16 layers. Two examples showcasing our method’s scalability to very high layer counts (14
and 16 layers respectively). As shown in Table 3, our approach maintains stable performance across a wide range of layer numbers from 2 to 50 layers,
demonstrating flexibility in handling both simple and complex multi-element compositions.



Figure 26. Image-to-layers comparison with Qwen-Image-Layered



Figure 27. Image-to-layers comparison with Qwen-Image-Layered



Figure 28. More image-to-layers results on AI-generated images.



Figure 29. More image-to-layers results on AI-generated images.



<layer> “School”. The text 
is styled in a playful, 
rounded font with a bold 
appearance. The color of the 
text is a bright, light green.
</layer>
</layer> COLOR YOUR 
STUDIES! </layer>

<layer> A pastel blue Easter 
egg decorated with stripes 
and white dots.</layer>

</layer> Text: Happy. The 
text is styled in a light blue 
color </layer>

<layer> Light pink footed 
baby pants with elastic 
waistband. </layer>

</layer> Creamy white 
abstract flower or cloud 
shape with five rounded 
lobes. </layer>

<layer> “School”. The text 
is styled in a playful, 
rounded font with a bold 
appearance. The color of the 
text is a bright, light green.
</layer>
</layer> COLOR YOUR 
STUDIES! </layer>

<layer> Vibrant floral 
arrangement of pink, white, 
and red flowers with green 
leaves.</layer>

</layer> Bright pink 
horizontal line with 
arrowheads at both ends.
</layer>

Existed Layer Merged result Added LayerLayer Caption Added Layer

Figure 30. Additional examples for layer addition task. We demonstrate the layers-to-layers capability by adding new layers to existing compositions
based on text prompts. Our method generates new layers that maintain cross-layer consistency and harmonize with the existing design’s spatial layout and
visual style. By generating multiple layers in a single pass and conditioning on all existing layers, our approach better captures inter-layer relationships and
produces coherent insertions that preserve global composition.



Existed layer Merged resultAdded layers

User asset User assetRestyled result Restyled result

Figure 31. Additional examples for layer restylization task. We visualize the transformation of user-provided assets into stylistically harmonized
layers that match the overall composition. Our method performs this restylization in a single pass for all target layers, preserving geometric structure while
adapting appearance to align with the existing design’s visual identity. The results demonstrate effective style transfer while maintaining layer coherence
and compositional harmony.



Figure 32. Text-to-layers: Merged image vs. layout visualization. Additional example demonstrating our model’s ability to generate well-composed
multi-layer designs from text prompts. The side-by-side comparison shows how textual descriptions are translated into visual compositions (left) with
structured layer hierarchies (right), highlighting the model’s capability to learn both aesthetic and structural design principles.



Figure 33. Text-to-layers: Merged image vs. layout visualization. Another example showing the relationship between the generated merged design
and its underlying layer layout structure. The layout visualization reveals how our model organizes multiple layers with appropriate spatial relationships,
z-ordering, and compositional balance to create aesthetically pleasing designs from text descriptions.



Figure 34. Image-to-layers: Merged image vs. layout visualization. We visualize the input image alongside the extracted layer layout structure for the
image-to-layers decomposition task. This demonstrates how our method decomposes raster images into semantically meaningful layers with well-defined
spatial boundaries. The layout representation shows bounding boxes and z-order that guide the decomposition process.



Figure 35. Image-to-layers: Merged image vs. layout visualization. Another example illustrating the correspondence between input raster images and
their layer layouts. Our method leverages layout information (either from automatic detectors or manual annotations) to perform accurate layer decomposi-
tion. The layer grouping augmentation strategy helps improve robustness to noisy or ambiguous layout specifications.



Figure 36. Image-to-layers: Merged image vs. layout visualization. Final example showing the input-layout relationship in image-to-layers decomposi-
tion. This visualization confirms our method’s ability to handle diverse design categories and layout complexities, producing high-quality transparent layers
that can be independently edited while maintaining faithful reconstruction of the original composition.



Figure 37. Image-to-layers on real-world photographs: Limitation analysis. We demonstrate our method’s generalization to out-of-domain natural
images. Despite being trained exclusively on design datasets, our model can decompose real photographs into layers. However, as discussed in the
Limitations section, the model faces challenges with physical effects like shadows—often excluding shadow regions from object layers and leaving them
on the background. This limitation stems from the domain gap between planar designs and real-world scenes with lighting effects. Nevertheless, the strong
visual understanding from the Qwen-Image backbone enables reasonable generalization, with most objects successfully separated.
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<layer>A stylized illustration of a pink-
haired character interacting with digital 
icons like a heart speech bubble and play 
button, connected by dotted lines in a blue 
and pink color scheme.</layer>

</layer>The text "WE ARE" displayed in a 
bold, white sans-serif font against a clean 
gray background.</layer>La
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This modern, minimalist promotional image depicts a 
serene beach scene with a gradient pale blue sky and 
turquoise water. In the foreground, a woman in an elegant 
black dress stands facing the ocean, evoking a sense of 
sophisticated relaxation. The composition is anchored by 
the bold serif title "SUMMER HOLIDAY," the subtitle 
"TRAVEL TO YOUR FAVORITE PLACES," and a rounded 
"BOOK NOW" call-to-action button. The overall mood is 
tranquil and inspiring, ideal for travel marketing.
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Figure 38. Failure cases and limitations. We present representative failure cases across our tasks. A common issue (top right) is the ”gray background”
artifact, where transparent areas are decoded as gray due to the ambiguity of 3-channel VAE encoding. Other limitations include (bottom left) malformed
glyphs when generating very small text, and (bottom right) occasional failures in identity preservation and instruction following during layer-to-layer editing.



Figure 39. User study interface for text-to-layers evaluation. Two generated results are displayed side-by-side with the text caption shown on the right.
Participants vote across four dimensions: elements (layout), aesthetics, typography, and overall preference.

Figure 40. User study interface for image-to-layers evaluation. The reference input image is displayed at the center with decomposition results from
two methods shown on both sides. Participants evaluate based on three metrics: granularity, layer integrity, and layer quality.


