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A Disclaimer1

In the provided qualitative results throughout this paper, we apply blurring to any trademark logos2

visible in the generated samples for copyright issues.3

B Related Work4

Denoising Probabilistic Diffusion Models Diffusion models contributed significantly in the field5

of image generation, specifically for the task of text-to-image generation. In early efforts, [11, 21, 22]6

made significant contributions to the area, where significant improvements in generation performance7

have been experienced with diffusion models on the pixel level. In another paradigm [20] proposed8

operating in a latent space, which enabled the generation of high-quality images with a lower9

computational cost compared to models operating at the pixel level, which built the foundation of10

the state-of-the-art image generation models [18, 8, 16]. Although such approaches differ in terms11

of their architecture designs, they all follow a paradigm that prioritizes building blocks based on12

attention blocks [24].13

Transparent Image Layer Processing In terms of obtaining a single foreground layer, the work14

of [5] presents PP-Matting, a trimap-free natural image matting method that achieves high accuracy15

without requiring auxiliary inputs such as user-supplied trimaps. Meanwhile, [19] propose Alfie, a16

method for generating high-quality RGBA images using a pretrained diffusion transformer model,17

designed to provide fully automatic, prompt-driven illustrations for seamless integration into design18

projects or artistic scenes. It modifies the inference-time behavior of a diffusion model to ensure19

that the generated subjects are centered and fully contained without sharp cropping. It utilizes cross-20

attention and self-attention maps to estimate the alpha channel, enhancing the flexibility to integrate21

generated illustrations into complex scenes. In terms of multi-layer, [23] recently introduced MuLAn,22

a novel dataset comprising more than 44,000 multilayer RGBA decompositions of RGB images,23

designed to provide a resource for controllable text-to-image generation. MuLAn is constructed using24

a training-free pipeline that decomposes a monocular RGB image into a stack of layers, including25

background and isolated instances.26

Although these methods have made significant progress, precise control over image layers and their27

harmonization remain challenging. The most related effort for layered content synthesis is done by28

[25]. This approach is notable for its ability to generate both single and multiple transparent image29

layers with minimal alteration to the original latent space of a pre-trained diffusion model. The30

method utilizes a ’latent transparency’ that encodes the alpha channel transparency into the latent31

manifold of the model. It offers two main workflows. One is jointly generating foreground and32

background layers by attention sharing. The other one is a sequential approach that generates one33

layer first and then another layer based on the previous layer. Both requires heavy model training34

relying on synthetic training data in less satisfying quality (obtained by a pretrained inpainting35

model). In contrast, our framework provides a training-free solution that offers generation of layered36

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



Q KT

Structure Prior 
Extraction

a) Extracting the Structure Prior

FG Diffusion Model

Diffusion Model (SDXL)

Generative Blending

b) The Blending Pipeline c) Attention-level Blending

Content Confidence 
Prior Extraction

x

x

Generative Blending

+ x

x +

-1 1

HighLow

𝑚𝐿

𝑠′

𝑐𝑙

Sec. 3.1(a)

Sec. 3.1(b)

𝑚𝑎𝑠𝑘𝑠𝑜𝑓𝑡

Sec. 3.3

𝑚𝑎𝑠𝑘𝑠𝑜𝑓𝑡 1 −  𝑚𝑎𝑠𝑘𝑠𝑜𝑓𝑡

𝑎𝐹𝐺

Figure 1: LayerFusion Framework. By making use of the generative priors extracted from transpar-
ent generation model ϵθ,FG, LayerFusion is able to generate image triplets consisting a foreground
(RGBA), a background, and a blended image. Our framework involves three fundamental components
that are connected with each other. First we introduce a prior pass on ϵθ,FG (a) for extracting the
structure prior, and then introduce an attention-level interaction between two denoising networks
(ϵθ,FG and ϵθ) (b), with an attention level blending scheme with layer-wise content confidence prior,
combined with the structure prior (c).

content in a simultaneous manner, which benefits both from layer transparency and achieves harmony37

between layers.38

Compositional Image Generation with Diffusion Models Text-to-image models are known to be39

limited in generating images with multiple objects specified in the prompt. To tackle it, [14] introduces40

a compositional generation scheme using conjunction and negation operations. Additionally, [4]41

resolves the issue of neglected objects with an objective targeting the cross attention maps directly.42

Extending on this paradigm, [1, 15, 3] offer additional approaches to solve the text-image alignment43

problem for multiple image elements. However, such approaches all operate on text level, which44

offers limited control on the spatial positions of the objects in the image.45

To enable spatial control over the generated images, [7] utilizes the cross attention maps to determine46

the object boundaries and introduces spatial edits on latent level. Despite enabling spatial editing for47

the desired objects, they suffer from the identity preservation problem, where they do not define an48

explicit layer representation for objects but operate in the RGB space. By addressing this limitation,49

our approach enables such editing by generating foreground and background pairs that are in harmony50

with each other, where the foreground object can be moved freely with its transparency properties.51

C Ablation Study52

Influence on BG on FG We explore how changes in the background prompt affect the generated53

foreground content. As shown in Fig. 3 (a), by varying the background conditions, such as changing54

weather scenarios, leads to corresponding adjustments in the foreground details, like the clothing or55

accessories of a person, as well as fine-grained details such as adding snow on the boots (see rightmost56

image in Fig. 3 (a)). All experiments are conducted using the same seed, allowing for the preservation57

of the subject’s identity while adapting other features to match the changing background context.58

This demonstrates the dynamic adaptability of our method, where the foreground is influenced by59

the background for more contextually appropriate outputs. We provide additional examples on the60

impact of the background in the supplementary material.61
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Figure 2: Qualitative Comparisons on Layered Generation. We compare our proposed framework
with [25] to evaluate the performance in terms of layered image generation (e.g. foreground, back-
ground, blended). It clearly shows that [25] propagates the background completion issues observed
in SDXL-Inpainting, which degrades the spatial editing quality with the outputted layers. In contrast,
our method can provide both harmonized blending results and isolated foreground and background,
which enables spatial editing in a straight-forward manner. In our comparisons, we use identical
foreground and background prompts for both methods.

Alpha Blending vs. Generative Blending We compare two blending strategies: Alpha Blending,62

which guarantees a complete match between the generated foreground and the blended result,63

and Generative Blending, which aims for a more realistic composition by considering shadows,64

lighting, and contextual harmonization. As can be seen from Fig. 3 (b), the Alpha Blending65

is more deterministic, ensuring that the foreground remains consistent with the original output66

without considering the interactions between foreground and background. Meanwhile, the Generative67

Blending produces more visually appealing results by better handling subtle elements like shadows68

and lighting, making the generated content appear more natural and harmonized with the background.69

Note how the feet of the cow is harmonized with the grassy surface in Generative Blending as opposed70

to Alpha Blending.71

Self-Attention vs. Cross-Attention The use of attention masks plays a crucial role in controlling72

the interaction between the foreground and background layers. As can be seen from Fig. 3 (c),73

when the self-attention map is used alone, there are risks of unwanted leaks from the premultiplied74

image (i.e., the output from the foreground generation model with a gray background), resulting in75

imprecise boundaries. The cross-attention map, on the other hand, provides more precise information,76

sharpening the bounding map. However, if the cross-attention map is used in isolation, the regions that77

are not voted by the structure prior(from the self attention map) may create artifacts. By combining78

both attention maps, we are able to balance these effects, where the cross-attention sharpens the79

boundary, and the self-attention ensures coherence within the bounded region.80

Soft Decision Boundary Coefficient We investigate the effect of varying the soft decision boundary81

coefficient, which is used to derive the hard mask in our blending formulation. Lower coefficients82

result in softer decision boundaries, causing leaks into the foreground and leading to imprecise alpha83

channel predictions, as seen in the first image of Fig. 3 (d). As the coefficient value increases,84

the boundary becomes more defined, allowing for more accurate capture of foreground details and85

improving consistency between the foreground and blended image. This is particularly evident in the86

pocket area of the man’s clothing in the second and third images, where higher coefficients result in87

more precise blending and alignment.88
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Table 1: Latent-blending benchmark. Higher aesthetic scores and lower KID are better.

Method Aest. (SigLIP) ↑ Aest. (CLIP) ↑ KID ↓
LayerDiffuse 5.64 5.84 0.0047
BLD 6.13 6.02 0.0156
Ours 6.33 6.24 0.0032

D Qualitative Results89

Comparisons with Layered Generation Methods We compare our proposed method against90

LayerDiffuse to evaluate the quality of the generated foreground (FG), background (BG), and the91

blended image (see Fig. 2). As shown in the results, our model achieves harmonious blending with92

smooth FG and BG images. In contrast, LayerDiffuse (Generation) struggles to produce a smooth93

and consistent background (see the artifacts in Fig. 2 (b) in the background images). This limitation94

arises from the sequential approach used to curate the training dataset of LayerDiffuse [25], where95

given a foreground and a blended image, the background is generated by outpainting the foreground96

from the blended image with SDXL-Inpainting [18]. As a result of this strategy on dataset generation,97

the background generation model experiences artifacts in the outpainted region, which propagates98

from the inpainting model. As it is also highlighted in Fig. 2, such artifacts effect the ability of99

performing spatial edits with the generated foreground and background layers.100

Foreground Extraction Methods As another baseline, we compare our proposed framework with101

foreground extraction methods given the blended image (background and blended for LayerDiffuse102

[25]) to outline the advantages of simultaneous generation of the foreground and background images103

(layers) in Fig. 5. In addition to background and blended image conditioned foreground extraction104

pipeline of [25], we also consider PPMatting [5] and MattingAnything [13] as competitors as105

they apply matting to extract the foreground layer from the blended image. As we demonstrate106

qualitatively in Fig 5, simultaneous generation results in more precise foreground for the cases that107

include interaction between foreground and background layers (e.g. legs of the horse occluded in the108

grass) compared to state-of-the art foreground extraction/matting methods.109

Harmonization Quality For the evaluation of the blending capabilities of our framework, we110

compare our generative blending result with state-of-the-art image harmonization methods. In our111

comparisons, we investigate the realism of the harmonized output considering the object (foreground)112

getting harmonized in the process. To get the harmonized outputs from the competing methods, we113

give the alpha blending result obtained from our pipeline to each of the competitor methods, and114

qualitatively evaluate the obtained outputs in Fig. 4. Specifically, we compare our framework with115

[12, 6, 10].116

E Supplementary Quantitative Results117

Comparison with Latent-Blending Baselines To gauge the gains of our attention-level fusion118

over approaches that merge features directly in latent space, we benchmark against LayerDiffuse119

(Generation) and Blended Latent Diffusion (BLD)[2]. Using the same 150 prompts and seeds for all120

methods, we generate blended images and score them with two public aesthetic predictors—one that121

uses a CLIP backbone and another that uses a SigLIP backbone. We also compute Kernel Inception122

Distance (KID) to a reference set of SDXL generations conditioned on the same prompts. For fairness,123

BLD [2] receives the exact α-mask produced by our pipeline instead of a user-drawn mask. The124

results in Table 1 show that our method attains the highest aesthetic scores and the lowest KID,125

outperforming LayerDiffuse on every metric and reducing BLD’s KID by more than 5x. Qualitative126

comparisons in Fig.6 highlight these differences: our attention-guided fusion delivers crisp object127

boundaries and consistent colors, whereas BLD introduces visible color fringing and soft halos along128

the foreground edge. The cleaner edges and seamless backgrounds in our outputs corroborate the129

quantitative gains and show that attention-level fusion produces composites closer to native SDXL130

generations.131
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Figure 3: We perform extensive ablation studies on the effect of (a) Background Influence on
Foreground: Background changes (e.g., weather) dynamically adjust the foreground (e.g., outfit)
while preserving identity. (b) Alpha vs. Generative Blending: Alpha Blending ensures a perfect
match, while Generative Blending creates more realistic harmonization by handling shadows and
lighting. (c) Self-Attention vs. Combined Attention Masks: Self-attention alone causes leaks;
cross-attention alone affects the entire image. Combining both achieves sharper boundaries and
better coherence. (d) Soft Decision Boundary Coefficient: Lower coefficients cause leaks; higher
coefficients yield more precise alpha and consistent blending (e.g., the pocket of the man’s clothing).

F Limitations132

While our proposed image generation pipeline based on Latent Diffusion Models (LDMs) demon-133

strates significant advancements in generating harmonized foreground (RGBA) and background134

(RGB) layers, there are several limitations that warrant discussion. Our current approach focuses on135

generating images with two distinct layers—a foreground and a background. While this is suitable for136

many creative workflows, it does not extend to more complex scenarios involving multiple layers or137

hierarchical relationships among multiple visual elements, which we intent to explore for future work.138

Moreover, the harmonization between foreground and background layers in our framework relies139

heavily on the quality of the cross-attention and self-attention masks extracted from the generation140

model. In cases where these masks are suboptimal or noisy, the blending of layers may not be as141

effective, leading to artifacts or less coherent outputs. Finally, our method depends on pre-trained142

Latent Diffusion Models both for foreground and background generation, which may carry inherent143

biases from their training data (such as generating centered foregrounds for the RGBA component).144

These biases can affect the generated content, potentially leading to outputs that are not entirely145

aligned with user expectations or specific requirements in diverse applications. Nevertheless, our146

method provides a structured framework for generating transparent images and layered compositions,147

which are crucial for many creative tasks.148

G Analyses on Structure Priors from Different Layers149

In all of the experiments we provide, we utilize the structure prior extracted from the last attention150

map of the foreground diffusion model, ϵθ,FG. As a justification of this decision and to clearly151

illustrate what different self attention layers focus on throughout the generation process, we provide152
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HarmonizerForeground Background OursAlpha Blending INR-Harmonization PCT-Net

Figure 4: Comparisons on Image Harmonization. We qualitatively evaluate our methods blending
capabilities by comparing with image harmonization methods Harmonizer [12], INR-Harmonization
[6], and PCT-Net [10]. Our proposed generative blending approach results in adaptation of the
foreground object to the background scene (e.g. snow effect on the campfire), in addition to harmo-
nization methods.

Foreground Background Blending PPMatting-v2MattingAnythingLayerDiffuse Zoomed View

Figure 5: Comparisons with Foreground Extraction Methods To illustrate the advantage of our
method over the task of foreground extraction given a blended image, we qualitatively compare our
approach with LayerDiffuse [25], Matting Anything [13], and PPMatting [5]. As also highlighted by
[25], simultaneous generation of the foreground layer is more advantageous compared to extracting
from the blended image in terms of the quality of the foreground image.

structure priors extracted from different layers in Fig. 7. As it can also be observed visually, the153

structure prior extracted from the last self attention layer provides a more precise estimate of the154

shape of the foreground being generated.155

H Detailed Blending Algorithm156

Supplementary to the definition of the blending algorithm provided in the methodology section,157

we provide a more detailed description in this here, for clarity. Our proposed blending approach158

involves three sub-procedures, which are the extraction of the structure prior, extraction of the content159

confidence prior and the attention blending step. In this section, we provide the pseudo-code for all160

three procedures as Alg. 1, 2 and 3.161

I User Study Details162

We conduct our user study over 50 participants with 40 image triplets generated by LayerFusion and163

[25]. For the generation of the subjected triplets, we generate examples with animal, vehicle, matte164

objects, person and objects with transparency properties as the foreground to get samples representing165

a diverse distribution of subjects. Following sample generation, we ask users to rate each image166

6
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Figure 6: Comparisons with Latent Blending Baselines. We provide qualitative comparisons
with latent blending baselines. In correspondence to a triplet generated by our method, we perform
background-conditioned generations using the same generation prompts for BLD [2] and LayerDif-
fuse. Supplementary to the background image, we also provide the binarized alpha channel of the
foreground layer to BLD [2]. As can be observed qualitatively, our method provides blending superior
capabilities compared to latent blending baselines.

“a man, standing”

down.1.attns.1.block.1High

Low

Foreground down.2.attns.0.block.9 down.2.attns.1.block.9 mid.0.attns.0.block.9

up.0.attns.0.block.9 up.0.attns.1.block.9 up.0.attns.2.block.9 up.1.attns.2.block.1

Figure 7: Visualization of the structure priors from different self attention layers. We visualize
the structure priors extracted from different self attention layers of the foreground diffusion model,
where the diffusion timestep is set as t = 0.8T . We visualize the structure priors from the self
attention layer of each model block, follow the block definition of [9]. We follow the naming
convention of diffusers ([17]). In all of our experiments, we use the structure prior from self attention
layer up.1.attns.2.block.1.
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Algorithm 1: Extracting the Structure Prior
Input: Foreground denoiser ϵθ,FG, latent feature map zt, prompt pFG

Output: Structure prior s′
Procedure: EXTRACTSTRUCTUREPRIOR(ϵθ,FG, zt,pFG)
begin

// Retrieve Noise Prediction (unused) and Last Self Attention Map
ϵ̂, mL ← ϵθ,FG(zt,pFG)
// Row-wise sparsity (Eq. 6 in main text)
for i = 1 to M do

si ←
(∑M

j=1(m
L
i,j)

2
)−1

end
// Convert sparsity to density and normalize
s′ ← 1− norm

(
{si}Mi=1

)
return s′

end

Algorithm 2: Extracting the Content-Confidence Prior
Input: Foreground denoiser ϵθ,FG, hidden states h, prompt pFG

Output: Content prior c
Procedure: EXTRACTCONTENTPRIOR(ϵθ,FG, h,pFG)
begin

// Cross-attention forward pass
attn_out, attn_probs← ATTENTIONθ,FG(h,pFG)
n = attn_probs
// Average EOS channel over H heads
c ← 1

H

∑H
k=1 nk,:, <EOS>

return c
end

triplet from a scale of 1-to-5, with the following question: “Please rate the following image triplet167

from a scale of 1-to-5 (1 - unsatisfactory, 5 - very satisfactory) considering how realistic each image168

is and how naturally blended they are". The users are also supplied the foreground and background169

prompts used to generate the image triplet, for each method. We provide an example question from170

the conducted user study in Fig. 8.171

J Supplementary Generation Results172

In addition to the results provided in the main paper, we provide supplementary generation results in173

this section. Below, we include harmonized generations of a variety of subjects. We provide Fig. 9 to174

Fig. 19 as supplementary results.175
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Figure 9: Supplementary Generation Results with animal subjects. Supplementary results with
image resolution 896x1152. The foreground & background prompt pairs from left to right are: “a
lynx", “a snowy forest"), (“a crab", “a rocky tide pool"), (“a duck", “a village pond"), (“a dolphin",
“a crystal-clear coral reef")
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Figure 10: Supplementary Generation Results with animal subjects. Supplementary results with
image resolution 1024x1024. The foreground & background prompt pairs from left to right are: (“a
monkey", “a vibrant tropical rainforest"), (“a rabbit", “a backyard garden"), (“a hedgehog", “a forest
floor covered in leaves"), (“a turtle", “a warm sandy beach")
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Comics Style Animation Style

Figure 11: Supplementary Generation Results with stylization prompts. We provide additional
examples with stylization prompts to demonstrate the harmonization capabilities of our method.
For each image triplet, we generate the examples with the prompt set (“a man, standing", “a street,
style_name") where style_name is “comics style" for the leftmost column. We provide the label
(style_name) for each style under its respective image triplet. All images have the resolution of
896x1152.
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Figure 12: Supplementary Generation Results for “comics" style. To demonstrate the stylization
capabilities of our layer harmonization approach, we provide additional results with the background
prompt “a street, comics style". The resolution is 896x1152 for all of the images.
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Figure 13: Supplementary Generation Results with human subjects. We provide additional
examples with human subjects with different background prompts. The background prompts used are
“a rainy jungle", “a forest in fire", “a street, winter time", “a street, daytime". Note that depending on
the background prompt, the blending involves an interaction between the background and foreground
(e.g. wetness in arm for the left-most image triplet). Image resolution is 1024x1024 for all examples.
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Figure 14: Supplementary Generation Results for the background “a rainy forest". For each of
the images, the background prompt "a rainy forest" is used to generate the background image. As
it can also be observed from the provided examples, the background creates an influence over the
foreground (e.g. wetness effect on the human subjects). The image resolution is 896x1152 for all
examples.
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Figure 15: Supplementary Generation Results for subjects with transparency property. To
demonstrate that our framework is able to preserve the transparency properties of layered image
representations, we provide additional results here. With the background prompt "a table" we use the
following foreground prompts: “a wine glass", “a glass bottle", “a cup filled with coke", “a cup of
tea". All images have the resolution of 1024x1024.
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Figure 16: Supplementary Generation Results for the subject "a campfire". We provide additional
generation results for the foreground prompt “a campfire" and background prompt “a beach, night
time." The image resolution is 896x1152 for all examples.
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Figure 17: Supplementary Generation Results for the subject “a book". We provide additional
generation results for the foreground prompt “a book" and background prompt “a table". The image
resolution is 896x1152 for all examples.
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Figure 18: Supplementary Generation Results for the subject “a candle". We provide additional
generation results for the foreground prompt “a candle" and background prompt “a dark cave". The
image resolution is 896x1152 for all examples.
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Foreground Background Alpha Blending Generative Blending

Figure 19: Supplementary Generation Results for Grounding and Shadowing Effects. We
provide additional generation examples to demonstrate the grounding and shadowing capabilities of
our framework. Our approach succeeds in both appropriate lighting compared to alpha blending (see
rows 1, 2, 3), and can successfully ground the foreground on the background (row 4). We perform our
generations with foreground prompt “a man, standing” and background prompt “a forest, daytime”.
The image resolution is 896x1152 for all examples.
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