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Abstract
Recent advances in image generation and edit-
ing have been driven by powerful pretrained
unified models, yet most existing approaches
remain fundamentally raster-centric: they rep-
resent images as opaque pixels without na-
tively modeling transparency. This limita-
tion restricts their applicability to a broad
range of real-world applications. In this work,
we present Qwen-Image-Layered 1.5, a pre-
trained unified image generation and editing
model with native transparency awareness. By
jointly modeling visual appearance and trans-
parency, our framework supports a wide range
of both raster-centric and transparency-aware
tasks within a single model. Notably, we ob-
serve that the model can perform transparent
image editing in a zero-shot manner. To sys-
tematically evaluate this new task, we intro-
duce TransEdit-Bench, the first benchmark
specifically designed for transparent image
editing. Extensive experiments across vari-
ous tasks demonstrate strong performance and
highlight the great potential of transparency-
native image modeling as a unified paradigm
for future image synthesis and editing.

1 Introduction

Recent image generative models have achieved re-
markable progress toward unifying image genera-
tion and editing within a single architecture (Labs
et al., 2025; Wu et al., 2025a; Cai et al., 2025a;
Kou et al., 2026; Feng et al., 2026). However, ex-
isting unified visual generation models remain pre-
dominantly raster-centric, focusing exclusively on
opaque images and assuming that all visual con-
tent can be represented as three-channel pixels.

This assumption overlooks transparency, a fun-
damental component of visual content in many
real-world applications such as graphic design,
digital asset creation, and compositional im-
age editing, where appearance and transparency
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Figure 1: Qwen-Image-Layered 1.5 supports a wide
range of both raster-centric and transparency-aware
tasks. All the tasks are performed in one model
within a share latent space.

jointly determine not only how an object looks,
but also how it can be edited or recomposed. In
contrast, RGB images entangle foreground ap-
pearance, opacity, and background into a single
raster observation. As a result, current unified im-
age models cannot natively support transparency-
aware tasks that require explicit reasoning over al-
pha and compositional structure.

Meanwhile, existing efforts on transparency
modeling are relatively fragmented. Tasks involv-
ing alpha channels often rely on task-specific ar-
chitectures (Huang et al., 2025; Pu et al., 2025;
Huang et al., 2026), additional fine-tuning (Zhang
and Agrawala, 2024; Dai et al., 2025), or post-
processing pipelines (Quattrini et al., 2024). More-
over, different tasks are often studied in isola-
tion under highly specialized model designs, such
as image matting (Yao et al., 2024a; Kim et al.,
2025; Hu et al., 2024; Xia et al., 2024; Yao et al.,
2024b; Xiang et al., 2025) and image decomposi-
tion (Yang et al., 2025; Suzuki et al., 2025; Wang
et al., 2025c; Liu et al., 2025c; Yin et al., 2025).

In this work, we argue that transparency should
be treated as a first-class property of visual gener-
ative models, rather than an auxiliary attribute of
raster images. Based on this insight, we present
a unified framework for image generation and
editing with native transparency awareness. Our
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core idea is to jointly model appearance and trans-
parency within a shared latent space, enabling
a single generative model to seamlessly support
both raster-centric and transparency-aware tasks.

To this end, we propose RGBA Visual foun-
dation model Aligned Variational AutoEncoder
(RGBA-VAVAE), which learns a unified latent rep-
resentation for both RGB and RGBA images. A
key challenge is that transparent images are both
less abundant and statistically different from stan-
dard RGB images, making a naive four-channel
extension (Wang et al., 2025b) insufficient for
learning transferable semantics. To address this
issue, we introduce a visual foundation model
alignment loss (Yao et al., 2025) that aligns the
learned latent space with strong pretrained vi-
sual priors (Siméoni et al., 2025), thereby improv-
ing both optimization efficiency and cross-format
generalization. Built on this unified representa-
tion, our transparency-aware framework supports
a broad range of tasks without requiring task-
specific architectural modifications, as illustrated
in Fig. 1. Notably, the model demonstrates zero-
shot transparent image editing capability, suggest-
ing that transparency-native modeling can unlock
capabilities beyond those of existing unified mod-
els. To systematically evaluate this new task, we
further introduce TransEdit-Bench, the first bench-
mark for text-guided transparent image editing.

We summarize our contributions as follows:
• We propose Qwen-Image-layered 1.5, a

pretrained unified image generation and
editing framework with native transparency
awareness, seamlessly supporting both raster-
centric and transparency-aware tasks within a
single architecture.

• We introduce RGBA-VAVAE, a 4-channel
VAE that learns a shared latent space for
RGB and RGBA images. Furthermore, we
incorporate a visual foundation model align-
ment loss to improve training efficiency and
cross-format generalization.

• Our transparency-aware framework enables
zero-shot transparent image editing. For
rigorous evaluation, we present TransEdit-
Bench, the first benchmark dedicated to text-
guided transparent image editing.

• Extensive experiments demonstrate state-of-
the-art performance across a broad range of
tasks, establishing a new paradigm for unified
visual generative modeling.

2 Related Work

2.1 Raster-Centric Image Synthesis

The quality of image generation has improved re-
markably through the combination of diffusion-
based generative frameworks (Ho et al., 2020;
Song et al., 2020; Lipman et al., 2022) and the scal-
ability of Transformer backbones (Vaswani et al.,
2017). Early approaches relied on latent diffu-
sion models (Rombach et al., 2022; Podell et al.,
2024), which were subsequently evolved to dif-
fusion Transformer backbones (Peebles and Xie,
2023; Chen et al., 2024; Li et al., 2024b; Esser
et al., 2024). More recent paradigms further in-
corporate vision-language models as condition en-
coders (Wu et al., 2025a; Team, 2025), enabling
finer-grained semantic control.

Parallel to advances in generation, image edit-
ing has also made significant progress, particu-
larly in enhancing instruction-following capabil-
ity and maintaining visual consistency (Brooks
et al., 2023; Zhang et al., 2023a; Wang et al.,
2025a; Liu et al., 2025b). For instance, Qwen-
Image-Edit (Wu et al., 2025a) leverages both high-
level semantic features from vision-language mod-
els (Bai et al., 2025b) and low-level reconstructive
features from VAEs (Kingma and Welling, 2013)
to improve edit fidelity and semantic alignment.

More recently, unifying image generation and
editing within a single framework has emerged as
a dominant paradigm (Xia et al., 2025; Labs et al.,
2025; Wu et al., 2025a; Feng et al., 2026), foster-
ing cross-task enhancement and improving deploy-
ment efficiency. Despite these advances, existing
methods remain fundamentally raster-centric, op-
erating exclusively on opaque pixels. This archi-
tectural constraint precludes the explicit modeling
of alpha channels and layered structure, making
transparency-aware tasks inherently infeasible.

2.2 Transparent-Aware Image Synthesis

Transparent image synthesis and processing, es-
sential for numerous real-world applications, have
garnered growing attention. Early studies adapted
RGB generators to produce RGBA outputs via ad-
ditional fine-tuning (Zhang and Agrawala, 2024)
or post-processing (Quattrini et al., 2024). A
closely related task is image matting (Li et al.,
2021b; Yao et al., 2024a; Kim et al., 2025; Xia
et al., 2024; Yao et al., 2024b), which focuses on
estimating the alpha channel from a given image.
Along this line, Matting Anything (Li et al., 2024a)
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Figure 2: Overview of Qwen-Image-Layered 1.5 architecture. Left: Illustration of RGBA-MMDiT, where all
images are represented in four channels and encoded by the RGBA-VAVAE Encoder, while input images are
simultaneously encoded by Qwen2.5-VL to extract semantic embeddings. Right: Illustration of Bi3D RoPE,
which introduces a new context dimension to distinguish between input and output images.

leverages the Segment Anything Model (Kirillov
et al., 2023) as its backbone, enabling flexible and
interactive user guidance. More recently, diffusion
models (Xu et al., 2023; Hu et al., 2024; Xiang
et al., 2025) have been successfully applied to im-
age matting. For instance, DiffMatte (Hu et al.,
2024) introduces a lightweight diffusion decoder
to improve efficiency and employs a modified self-
aligned strategy to tackle sampling drift.

Meanwhile, multilayer image generation has
seen rapid advancements (Zhang et al., 2023b; Tu-
dosiu et al., 2024; Fontanella et al., 2024; Huang
et al., 2024; Chen et al., 2025a; Huang et al.,
2025; Pu et al., 2025; Liu et al., 2025a; Huang
et al., 2026). Among these, LayerDiff (Huang
et al., 2024) explicitly models cross-layer depen-
dencies through carefully designed inter- and intra-
layer attention mechanisms. Concurrently, several
studies have also explored decomposing images
into layers. For instance, LayerD (Suzuki et al.,
2025) iteratively extracts the topmost unoccluded
layer and completes the background, while Lay-
eringDiff (Kang et al., 2025) leverages mask con-
ditioning to separate foreground and background
layers. More recently, Qwen-Image-Layered (Yin
et al., 2025) introduces an end-to-end diffusion
model capable of directly decomposing RGB im-
ages into a variable number of layers.

Despite substantial progress, existing methods
typically address each transparency-related task in
isolation, lacking a unified framework. In partic-
ular, transparent image editing remains underex-
plored, representing a critical gap in the field.

3 Method

3.1 RGBA-VAVAE

Latent diffusion models (LDMs) (Rombach
et al., 2022) leverage variational autoencoders
(VAEs) (Kingma and Welling, 2013) to reduce
data dimensionality, thereby improving both train-
ing and sampling efficiency. However, most exist-
ing VAEs primarily focus on three-channel RGB
image reconstruction (Yao et al., 2025; Zheng
et al., 2025). To accommodate transparency,
LayerDiffuse (Zhang and Agrawala, 2024) intro-
duces a shift in the latent space to encode the al-
pha channel; ART (Pu et al., 2025) maps trans-
parency into a grayscale to facilitate encoding; Al-
phaVAE (Wang et al., 2025b) extends the VAE
to four channels, though it focuses exclusively on
transparent image reconstruction. These discrep-
ancies hinder the development of a unified genera-
tion and editing model capable of seamlessly han-
dling both opaque and transparent imagery.

To address this limitation, we propose jointly
modeling opaque and transparent images within
a shared latent space. To this end, we intro-
duce RGBA Visual foundation model Aligned
Variational AutoEncoder (RGBA-VAVAE). In or-
der to learn a unified representation, we train the
model on both types of images. However, be-
cause transparent images are both less abundant
and statistically different from standard RGB im-
ages, a naive four-channel extension is insufficient
to learn transferable semantics. To bridge this
gap, we propose an alpha-aware visual foundation
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model alignment loss (α-VF loss). Since vision
foundation models accept only three-channel in-
puts, we composite RGBA images over both white
and black backgrounds to extract semantic fea-
tures. Formally, the alignment loss is defined as:

Lα-VF =
1

2

[
VF

(
E(x),DINOv3(A(x,0))

)
+

VF
(
E(x),DINOv3(A(x,1))

)]

Here, A denotes the alpha compositing oper-
ation, x is the input image, and E is the VAE
encoder. For the visual foundation model, we
employ DINOv3 (Siméoni et al., 2025). Follow-
ing VAVAE (Yao et al., 2025), VF(·) incorpo-
rates both a marginal cosine similarity loss and a
marginal distance matrix similarity loss. Notably,
for opaque images (α = 1), alpha compositing
leaves the visual content unchanged, and the for-
mulation thereby degenerates to the standard vi-
sual foundation model alignment loss. The over-
all training objective is formulated as a weighted
sum of reconstruction, perceptual, KL regulariza-
tion, and the proposed alignment loss.

3.2 RGBA-MMDiT
Based on this unified representation, we pro-
pose RGBA-MMDiT, a framework designed to
accommodate both variable-length inputs (e.g.,
multi-image editing) and outputs (e.g., multi-layer
image decomposition), thereby enabling a wide
range of tasks across different image formats.

Formally, the model accepts M input images,
I ∈ RM×H×W×4, where all images are repre-
sented in four channels and the alpha channel of
RGB images is set to 1. The model then gener-
ates N output images O ∈ RN×H×W×4. Follow-
ing Qwen-Image (Wu et al., 2025a), we adopt a
flow-matching (Lipman et al., 2022) training ob-
jective. Let x0 ∈ RN×h×w×c denote the latent
representation of the target images. We sample ini-
tial noise x1 from a standard Gaussian distribution
and a timestep t ∈ [0, 1] from a logit-normal dis-
tribution. The intermediate state xt and velocity
field vt at timestep t are defined as:

xt = tx1 + (1− t)x0

vt =
dxt
dt

= x1 − x0

For the input images I , we employ Qwen2.5-
VL (Bai et al., 2025b) to extract semantic em-
beddings. Specifically, images are first encoded

by a Vision Transformer (ViT), then concatenated
with text tokens and fed into a large language
model; the output hidden states serve as the se-
mantic condition h. For transparent images, we
pre-composite them over a white background be-
fore feeding them into ViT. Furthermore, we incor-
porate reconstructive features to preserve visual
consistency: the input images are encoded by the
RGBA-VAVAE Encoder, and the latent representa-
tions zI are concatenated with the noisy image la-
tent xt along the sequence dimension. The model
is optimized to predict the target velocity by min-
imizing the mean squared error between the pre-
dicted value vθ(xt, t, zI , h) and the ground-truth
vt, where D denotes the training dataset.

LFM = E(xt,t,zI ,h)∼D||vθ(xt, t, zI , h)− vt||2

To model the relationship between input and
output images, we adopt a multi-modal attention
mechanism, as shown on the left of Fig. 2. Specif-
ically, we apply 2× patchification to both zI and
xt along spatial dimensions. Within each RGBA-
MMDiT block, two separate sets of parameters are
utilized to process the semantic condition h and
the visual inputs xt, zI , respectively. During at-
tention computation, these representations are con-
catenated to explicitly model the relationship be-
tween the conditions and the targets.

As illustrated on the right of Fig. 2, we propose
a Bi3D RoPE for each RGBA-MMDiT block to
distinguish between conditions and targets. Build-
ing on Qwen-Image, we adopt the MSRoPE de-
sign, where the positional encodings are shifted
toward the center. To accommodate variable num-
bers of input and output images, we introduce an
additional context dimension. Specifically, for the
intermediate state xt, context indices start from 0
and increase sequentially. Conversely, for the con-
ditional images zI , we assign negative context in-
dices, where the first input image is indexed as −1,
followed by subsequent images in descending or-
der. This bidirectional indexing scheme ensures a
clear distinction between conditions and targets.

4 Experiments

4.1 Data Collection
To train a unified image generation and editing
model that simultaneously supports raster and
transparent imagery, we curated the following
datasets. It is worth noting that no dedicated
datasets exist for transparent image editing.
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Table 1: Quantitative evaluation of transparent image editing on TransEdit-Bench-EN and TransEdit-Bench-CN.
SC: Semantic Consistency. PQ: Perceptual Quality. TC: Transparency Consistency. O: Overall.

Method
TransEdit-Bench-EN↑ TransEdit-Bench-CN↑

SC PQ TC O SC PQ TC O

AlphaVAE (Wang et al., 2025b)+SDEdit (Meng et al., 2022) 1.64 7.49 5.43 1.94 1.46 7.38 5.21 1.92
Editing (Wu et al., 2025a)+Matting (Zheng et al., 2024) 8.94 7.68 8.93 8.30 8.92 7.69 8.85 8.25

Qwen-Image-Layered 1.5 9.23 7.72 9.45 8.65 9.08 7.72 9.39 8.54

Figure 3: Left: Distribution of training tasks. Right:
Category distribution in the proposed TransEdit-Bench.

Transparent Image Generation We curated a
large corpus of RGBA images from the web. To
ensure data quality, we first excluded images with
insufficient resolution or an excessive proportion
of opaque areas. We then utilized ArtiMuse (Cao
et al., 2025) to filter the dataset based on aesthetic
quality, yielding a final collection of 200K high-
quality RGBA images. For annotation, we lever-
aged Qwen3-VL (Bai et al., 2025a) to generate de-
tailed descriptions for each image, placing specific
emphasis on transparency attributes to distinguish
between opaque and transparent images.

Referring Image Matting We collected 150K
image-alpha pairs from open-source matting
datasets (Zeng et al., 2019; Li et al., 2021b,a; Xie
et al., 2022; Qin et al., 2022; Li et al., 2022; Sun
et al., 2022; Deng et al., 2023). Subsequently, we
employed Qwen3-VL to generate referring mat-
ting prompts for each pair. Finally, the source im-
ages were combined with their corresponding al-
pha mattes to construct 4-channel RGBA outputs.

Semantic Guided Layer Decomposition We
leveraged the multilayer dataset proposed in
Qwen-Image-Layered (Yin et al., 2025) and em-
ployed a Vision-Language Model (VLM) to gen-
erate descriptions for each layer. During training,
we concatenated the descriptions of all layers to
form a decomposition instruction.

Raster Image Generation and Editing To
maintain robust raster image generation and edit-
ing capabilities, we utilize the dataset from Qwen-
Image, spanning diverse domains and scenarios.

Figure 4: Qualitative evaluation of transparent im-
age editing. The leftmost column is the input image;
prompts are listed above each row.

4.2 Implementation Details

We initialize Qwen-Image-Layered 1.5 based on
Qwen-Image-Edit (Wu et al., 2025a). Specifically,
the RGBA-VAVAE is trained for 400K steps us-
ing AdamW (Loshchilov and Hutter, 2017) with
a learning rate of 1 × 10−4. Subsequently, the
RGBA-MMDiT is optimized using Adam opti-
mizer (Kingma and Ba, 2014) for 600K steps at
a learning rate of 5 × 10−5. The distribution of
different tasks during training is shown in the left
of Fig. 3.

4.3 TransEdit-Bench

Transparent image editing remains a largely un-
derexplored task. To bridge this gap, we intro-
duce TransEdit-Bench, the first benchmark dedi-
cated to this task. We first collected diverse trans-
parent images, spanning typographic designs, car-
toons, and portraits. For each image, we manu-
ally crafted an editing instruction, resulting in a
total of 556 samples across 8 categories, as illus-
trated in the right of Fig. 3. Regarding evaluation
protocol, we adopt semantic consistency and per-
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Table 2: Quantitative evaluation of transparent image generation on GenEval (Ghosh et al., 2023).

Model
Single Two

Counting Colors Position
Attribute

Overall↑
Object Object Binding

LayerDiffuse (Zhang and Agrawala, 2024) 0.95 0.71 0.40 0.84 0.16 0.27 0.55
AlphaVAE (Wang et al., 2025b) 0.95 0.66 0.70 0.75 0.18 0.38 0.60
OmniAlpha (Yu et al., 2025) 0.88 0.92 0.79 0.81 0.52 0.70 0.77

Qwen-Image-Layered 1.5 0.98 0.87 0.77 0.83 0.74 0.56 0.79

Table 3: Quantitative evaluation of semantic guided layer decomposition.

Model
DreamLayer (Huang et al., 2025) PrismLayer (Chen et al., 2025c)

RGB L1↓ Alpha Soft IoU↑ RGB L1↓ Alpha Soft IoU↑
LayerD (Suzuki et al., 2025) 0.2125 0.5722 0.0490 0.6346
Qwen-Image-Layered (Yin et al., 2025) 0.0376 0.8000 0.0157 0.8845

Qwen-Image-Layered 1.5 0.0201 0.9103 0.0106 0.9219
This is an RGBA-format promotional banner image with transparency. It features an overall orange-yellow gradient as the primary color scheme, creating a vibrant, festive visual style that strongly conveys an e-commerce promotional atmosphere. 
Centered slightly to the left of the image, the main message “Split 1212 Cash Red Packets” appears in large, bold white text, with subtle drop shadows along the font edges to enhance its three-dimensional appearance. Directly above this text, 
centered at the top, is a yellow ribbon-like label containing smaller red text that reads “Double 12 Year-End Grand Sale.” On the right side of the banner, there is a circular yellow button featuring bold red text that says “Grab Now.” Flanking both 
sides of the composition are golden circular icons, each displaying the Chinese yuan symbol “¥.” On the right portion of the image, a cartoon-style hand illustration holds a red envelope (red packet). The hand is rendered in a light beige skin tone, 
with fingers naturally curved around the envelope. The front center of the red envelope bears a circular yellow seal. The hand is depicted in a simplified, flat design without nail details or skin textures. The entire image contains no human faces or 
realistic human figures—only abstract, stylized hand graphics. The composition follows a horizontal, capsule-shaped (elliptical) layout with highly saturated colors and strong contrast, making it ideal for use as a mobile or web activity entry point.

This is an RGBA watercolor-style illustration with transparency, depicting a cozy forest cabin café surrounded by lush greenery and warm lighting. No human figures appear in the image. The roof of the cabin is adorned with a garland of orange, pink, and white flowers 
intertwined with green leaves. Beneath the eaves, strings of small, round light bulbs emit a soft yellow glow, evenly spaced along the edge of the roofline. The front of the cabin features two large glass windows, through which gentle interior light shines. In front of the windows 
sits a round wooden table, upon which rest two white mugs and several small potted plants. To the left stands an A-frame blackboard sign with the word “CAFE” handwritten in white chalk. Below the text is a simple illustration of a coffee cup with rising steam. This signage is 
located in the bottom-left corner of the image, rendered in a clear, medium-sized, handwritten white font. On the right side of the cabin hangs a smaller blackboard menu displaying faint, blurred white chalk markings that are not legible enough to discern specific details. 
Surrounding the cabin is an abundant variety of potted plants, including tall broad-leaf green plants, cacti, succulents, and hanging flower baskets. The planters are made from diverse materials, such as terracotta, woven textures, and metallic finishes. In the background rise 
several tall pine trees with deep green canopies; some foliage shows autumnal hints of brown and yellow. Strings of fairy lights also hang among the trees. The overall composition is centered and symmetrical, viewed from a straight-on, eye-level perspective. Dominant colors 
include warm browns, dark greens, and orange-yellows, creating a serene and inviting atmosphere. The image has no background—the main elements stand alone on a transparent canvas. The image includes an alpha channel, resulting in a transparent background.

This is an RGBA image with transparency, containing four distinct hand-drawn–style illustration elements arranged in a 2×2 grid layout. - Top-left: An orange-brown gift box adorned with six red heart-shaped patterns and tied with a white bow on 
top. - Top-right: An open white envelope containing a pink card, which features a large red heart at its center. - Bottom-left: A light green cloud-shaped speech bubble enclosing a red heart. - Bottom-right: A yellow mug with a red heart printed on its 
front, filled with black liquid. All elements are outlined with bold black lines, rendered in vivid colors, and styled in a cartoon illustration aesthetic. 

LayerDiffuse AlphaVAE Qwen-Image-Layered 1.5

Figure 5: Qualitative evaluation of transparent image
generation. The text prompts are listed above each row.

ceptual quality, following GEdit-Bench (Liu et al.,
2025b). Furthermore, to assess the preservation
of transparency, we introduce a new metric: trans-
parency consistency. To ensure reproducibility,
we employ Qwen3-VL-32B for automatic evalua-
tion. Notably, to enable the VLM to perceive trans-
parency, we composite all transparent images over
a gray-white checkerboard background.

4.4 Quantitative and Qualitative Results
4.4.1 Transparent Image Editing
We compare our approach against two baselines
on transparent image editing: (1) the first com-
bines AlphaVAE with SDEdit, which employs
noise injection followed by denoising; (2) the sec-

ond blends the transparent image onto a solid-
color background for editing and then performs
image matting. As shown in Tab. 1, Qwen-Image-
Layered 1.5 achieves state-of-the-art performance
across all metrics. Notably, it demonstrates supe-
rior transparency consistency, underscoring the ad-
vantages of unified image generation and editing
with native transparency. We also provide a qual-
itative comparison in Fig. 4: AlphaVAE+SDEdit
struggles to follow the textual prompts, while Edit-
ing+Matting suffers from transparency corruption
and noticeable matte contamination. In contrast,
Qwen-Image-Layered 1.5 not only accurately fol-
lows instructions but also maintains both visual
and transparency consistency.

4.4.2 Transparent Image Generation
To quantitatively evaluate transparent image gen-
eration, we employ GenEval, an object-centric
text-to-image benchmark. As shown in Tab. 2,
our method outperforms existing models in over-
all performance, demonstrating strong instruction-
following capabilities. Furthermore, Fig. 5
presents a qualitative comparison: as shown in the
first row, while LayerDiffuse and AlphaVAE strug-
gle to correctly render the text, our model accu-
rately generates the required text. The subsequent
rows further highlight our model’s superior con-
trollability in style, position, and object counting.

4.4.3 Semantic Guided Layer Decomposition
To quantitatively evaluate semantic guided layer
decomposition, we curated a test set containing
1,000 instances (500 each from DreamLayer and
PrismLayer) with detailed layer-wise annotations.
We report two metrics in Tab. 3: RGB L1 (the L1
distance after blending layers onto a white back-
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Decompose this image into 3 layers. 
Layer 1: Blue sky with a few white clouds, and there are distant mountain ranges. On the left is a yellow crane, next to several white factory. On the right are neatly arranged red, blue, and green containers, 
as well as a red-and-white smokestack. The midground consists of rolling green fields, with a few small houses with white walls and red roofs scattered across them. In the foreground is a vast golden wheat 
field, with full wheat ears.
Layer 2: On the left side is a short-haired woman wearing a white short-sleeved T-shirt with a blue collar and cuffs, and dark blue pants. She is smiling, with her right arm bent upward, making a cheering fist 
gesture. On the right side of the image is a short-haired man, wearing a blue long-sleeved shirt over a white T-shirt, dark gray pants, and a black belt. He is smiling, with his arms crossed over his chest. 
Layer 3: In the very front of the image, on both sides below the figures, there are several protruding golden wheat ears.
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Figure 6: Qualitative evaluation of semantic guided
layer decomposition. The leftmost column is the input
image; the subsequent columns are decomposed layers.

Extract the cartoon character in the picture, the canvas in front of it, and the floating images.

Extract the woman in the picture and the bottle she is holding.

Matting Anything OmniAlpha Qwen-Image-Layered 1.5Input Image

Figure 7: Qualitative evaluation of referring image mat-
ting. The matting prompts are shown above each row.

This Mother‘s Day poster features a Lego-style design. The main title is above the image, using a creative font design that abstractly transforms the lettering to create a flat effect. The text reads “⺟亲节快乐,” with a smaller line below: “您陪我⻓⼤，我陪您变⽼" The main image depicts a loving mother 
facing her daughter, holding her hand, surrounded by a sea of ​​carnations. A blue sky background completes the bright and vibrant picture.

On a winter's evening, a thin layer of snow blankets the frozen sea, the ice reflecting pink and purple hues in the setting sun. Icicles hang from the bare branches of trees along the shore, and a solitary, abandoned wooden pier stretches out onto the ice. The sky is a cold, gradient of colors, creating an overall 
atmosphere of chilling tranquility.

A young East Asian woman, around 20-25 years old, is taking a selfie in the kitchen. Her hair is tied up with a cute carrot headband, and she has a green mud mask on her face. She's wearing a cartoon-patterned cotton pajama set. Holding her phone in one hand and a spatula in the other, she's making a 
playful face at the camera. The background is a homely kitchen, showing the refrigerator, stove, and some ingredients. The overall lighting is natural, coming from the window, creating a relaxed, homey, and fun atmosphere.

Seedream 5.0 Lite Nano Banana Pro GPT Image 2 Qwen-Image-Layered 1.5

Figure 8: Qualitative evaluation of raster image gener-
ation. The prompts are shown above each row.

ground) and Alpha Soft IoU (the soft IoU between
predicted and ground-truth alpha channels). As
shown in Tab. 3, our method achieves higher de-
composition accuracy. Furthermore, Fig. 6 pro-
vides a qualitative comparison. While LayerD and
Qwen-Image-Layered struggle to follow decompo-
sition instructions, Qwen-Image-Layered 1.5 can
accurately control the content of each layer, signif-
icantly improving its practical utility.

4.4.4 Referring Image Matting
Tab. 4 presents a quantitative comparison of refer-
ring image matting on RefMatte-RW100, where
Qwen-Image-Layered 1.5 achieves state-of-the-art
matting accuracy in MSE and MAD. Furthermore,

Table 4: Quantitative evaluation of referring image mat-
ting on RefMatte-RW100 (Li et al., 2023).

Model SAD↓ MSE↓ MAD↓
MDETR (Kamath et al., 2021) 131.580 0.068 0.075
CLIPSeg (Lüddecke and Ecker, 2022) 211.860 0.118 0.122
SAM (Kirillov et al., 2023) 122.760 0.068 0.069
MAM (Li et al., 2024a) 120.100 0.066 0.068
CLIPMat (Li et al., 2023) 85.830 0.047 0.050
OmniAlpha (Yu et al., 2025) 14.768 0.022 0.026

Qwen-Image-layered 1.5 37.942 0.019 0.022

Table 5: Quantitative evaluation of raster image gener-
ation on OneIG-EN (Chang et al., 2025).

Model Alignment Text Reasoning Style Diversity Overall↑
Janus-Pro (Chen et al., 2025d) 0.553 0.001 0.139 0.276 0.365 0.267
BLIP3-o (Chen et al., 2025b) 0.711 0.013 0.223 0.361 0.229 0.307
BAGEL (Deng et al., 2025) 0.769 0.244 0.173 0.367 0.251 0.361
Show-o2-7B (Xie et al., 2025) 0.817 0.002 0.226 0.317 0.177 0.308
OmniGen2 (Wu et al., 2025b) 0.804 0.680 0.271 0.377 0.242 0.475
SD 1.5 (Rombach et al., 2022) 0.565 0.010 0.207 0.383 0.429 0.319
SDXL (Podell et al., 2024) 0.688 0.029 0.237 0.332 0.296 0.316
SD3.5 Large (Esser et al., 2024) 0.809 0.629 0.294 0.353 0.225 0.462
FLUX.1 [Dev] (Labs, 2024) 0.786 0.523 0.253 0.368 0.238 0.434
CogView4 (Z.ai, 2025) 0.786 0.641 0.246 0.353 0.205 0.446
Lumina-Image 2.0 (Qin et al., 2025) 0.819 0.106 0.270 0.354 0.216 0.353
HiDream-I1-Full (Cai et al., 2025b) 0.829 0.707 0.317 0.347 0.186 0.477
Imagen3 (Baldridge et al., 2024) 0.843 0.343 0.313 0.359 0.188 0.409
Recraft V3 (Recraft, 2024) 0.810 0.795 0.323 0.378 0.205 0.502
Kolors 2.0 (team, 2025) 0.820 0.427 0.262 0.360 0.300 0.434
Seedream 3.0 (Gao et al., 2025) 0.818 0.865 0.275 0.413 0.277 0.530
Imagen4 (Google, 2025) 0.857 0.805 0.338 0.377 0.199 0.515
GPT Image 1 (OpenAI, 2025) 0.851 0.857 0.345 0.462 0.151 0.533
Qwen-Image (Wu et al., 2025a) 0.882 0.891 0.306 0.418 0.197 0.539
Nano-Banana (DeepMind, 2025a) 0.878 0.894 0.346 0.450 0.182 0.550

Qwen-Image-Layered 1.5 0.872 0.960 0.287 0.396 0.276 0.558

Table 6: Quantitative evaluation of raster image edit-
ing on GEdit-Bench-EN (Liu et al., 2025b). G_SC: Se-
mantic Consistency. G_PQ: Perceptual Quality. G_O:
Overall.

Model G_SC↑ G_PQ↑ G_O↑
OmniGen (Xiao et al., 2025) 5.96 5.89 5.06
OmniGen2 (Wu et al., 2025b) 7.16 6.77 6.41
BAGEL (Deng et al., 2025) 7.36 6.83 6.52
FLUX.1 Kontext [Dev] (Labs et al., 2025) 6.52 7.38 6.00
FLUX.1 Kontext [Pro] (Labs et al., 2025) 7.02 7.60 6.56
FLUX.2 [Dev] (Labs, 2025) 7.84 8.06 7.41
Step1X-Edit (Liu et al., 2025b) 7.66 7.35 6.97
GPT Image 1 (OpenAI, 2025) 7.85 7.62 7.53
Qwen-Image (Wu et al., 2025a) 8.00 7.86 7.56
Nano-Banana (DeepMind, 2025a) 7.40 8.45 7.29
Nano-Banana-Pro (DeepMind, 2025b) 8.10 8.34 7.74
Seedream 4.0 (Team et al., 2025) 8.14 8.12 7.70
Emu3.5 (Cui et al., 2025) 8.11 7.70 7.59

Qwen-Image-Layered 1.5 8.39 8.02 7.76

Fig. 7 provides a qualitative comparison, highlight-
ing our model’s superior semantic controllability.
In contrast, other methods produce inaccurate or
incomplete results (e.g., the woman in the first row
and the canvas in the second row).

4.4.5 Raster Image Generation
Tab. 5 presents a quantitative evaluation of raster
image generation on the OneIG-EN benchmark,
where Qwen-Image-Layered 1.5 achieves state-of-
the-art overall performance. Notably, the model
demonstrates exceptional text rendering capabili-
ties. Furthermore, Fig. 8 provides a qualitative
comparison, highlighting that while the model na-
tively supports transparency-aware tasks, it main-
tains competitive performance in standard raster
image generation, on par with leading models.
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Table 7: Quantitative comparison of image reconstruction on RGBA and RGB images.

(a) RGBA Image Reconstruction on the AIM-500.

Model Base Model PSNR↑ SSIM↑ LPIPS↓
LayerDiffuse (Zhang and Agrawala, 2024) SDXL 32.09 0.9436 0.0418

AlphaVAE (Wang et al., 2025b)
SDXL 35.74 0.9576 0.0495
FLUX 36.94 0.9737 0.0283

Qwen-Image-Layered (Yin et al., 2025) Qwen-Image 38.83 0.9802 0.0123

RGBA-VAVAE Qwen-Image 40.81 0.9844 0.0091

(b) RGB Image Reconstruction on the ImageNet.

Model PSNR↑ SSIM↑ LPIPS↓
SD-3.5 (Esser et al., 2024) 31.22 0.8839 0.0459
FLUX.1-dev (Labs, 2024) 32.84 0.9155 0.0445
HunyuanImage-3.0 (Team, 2025) 31.08 0.8655 0.0812
Cosmos-CI8x8 (Agarwal et al., 2025) 32.23 0.9010 0.1086

RGBA-VAVAE 33.10 0.9170 0.0302

Table 8: Ablation study on transparency-aware tasks. TIE: Transparent Image Editing. TIG: Transparent Image
Generation. SGLD: Semantic Guided Layer Decomposition. RIM: Referring Image Matting. Unless otherwise
noted, higher values indicate better performance.

Task TIE(TransEdit-Bench-EN) TIG(GenEval) SGLD(DreamLayer) RIM(RefMatte-RW100)

Metric SC PQ TC O
Single Two

Counting Colors Position
Attribute

Overall RGB L1↓ Alpha
SAD↓ MSE↓ MAD↓

Object Object Binding Soft IoU

Qwen-Image-Layered 1.5 w/o α-VF loss 8.38 7.58 9.22 7.83 0.76 0.51 0.51 0.51 0.57 0.19 0.51 0.0294 0.8591 60.699 0.033 0.035
Qwen-Image-Layered 1.5 w/o Bi3D 9.06 7.67 9.35 8.49 0.87 0.69 0.63 0.66 0.64 0.45 0.66 0.3280 0.5522 97.659 0.059 0.061

Qwen-Image-Layered 1.5 9.23 7.72 9.45 8.65 0.98 0.87 0.77 0.83 0.74 0.56 0.79 0.0201 0.9103 37.942 0.019 0.022

Print this pattern on a white T-shirt and a handbag. A female model is showcasing these items, wearing a baseball cap with the text "Be Kind" on it, matching the speech bubble style from the original illustration. 
The model should have a casual, friendly pose, standing against a clean studio background.

Transform the sketch into a 3D claymation style with macro lens perspective. The little boy wears a gray pointed wizard hat with brown trim, playing guitar while seated on a dreamlike forest path surrounded 
by colorful mushrooms and soft moss; faintly visible in the background is a fairy-tale castle glowing softly under night sky.

Input Image Nano Banana Pro GPT Image 2 Qwen-Image-Layered 1.5

Professional triptych photoshoot set on a sunny beach with clear blue sky and floating white clouds. The cat in all three panels matches the reference image exactly. Panel 1 (close-up): Cat standing on sandy 
beach, back facing camera, centered composition; overlay text in Chinese and English: "⼭的后⾯是什么 - What's on the other side of the mountain". Panel 2 (medium shot): Cute plush doll placed on sand 
nearby; cat lying sideways on grass beside it, relaxed posture; overlay text: "你不⽤告诉我 - You don't have to tell me". Panel 3 (extreme close-up): Cat’s face filling frame, gentle gaze toward viewer; overlay 
text: "我只是⼀只乖乖猫 - I'm just a good cat”.

Figure 9: Qualitative evaluation of raster image editing.

4.4.6 Raster Image Editing
We conducted a quantitative evaluation of raster
image editing on the GEdit-Bench-EN benchmark.
As shown in Tab. 6, Qwen-Image-Layered 1.5
achieves outstanding overall performance, notably
excelling in semantic consistency. Furthermore,
Fig. 9 presents a qualitative comparison, demon-
strating that our model attains performance compa-
rable to top-tier models in both visual consistency
and instruction adherence.

4.4.7 Image Reconstruction
We quantitatively evaluated the image recon-
struction performance of RGBA-VAVAE on both
RGBA and RGB images. For RGBA images,
we adopted the evaluation protocol proposed by
AlphaVAE and report results on the AIM-500
dataset (Li et al., 2021b) in Tab. 7a. As demon-
strated in the table, our method achieves state-of-
the-art performance across all metrics. Further-
more, we evaluated RGB image reconstruction on

ImageNet (Deng et al., 2009) in Tab. 7b. Notably,
despite being a 4-channel VAE, our model delivers
superior reconstruction quality on RGB images,
thereby establishing a solid foundation for unify-
ing raster-centric and transparency-aware tasks.

4.5 Ablation Study
To validate the effectiveness of our model de-
sign, we conducted an ablation study on four
transparency-aware tasks, with results presented in
Tab. 8. First, we removed the α-VF loss during
VAE training. As evidenced by the comparison be-
tween the first and third rows, this removal leads to
a slight performance decline, demonstrating that
our proposed RGBA-VAVAE effectively enhances
cross-format generalization. Furthermore, we re-
placed Bi3D RoPE with standard 2D MSRoPE po-
sitional encoding. The comparison between the
second and third rows shows noticeable perfor-
mance degradation across all tasks, especially in
semantic guided layer decomposition, underscor-
ing the necessity of Bi3D RoPE in distinguishing
between different input and output images.

5 Conclusion

We present Qwen-Image-Layered 1.5, a unified
image generation and editing framework that na-
tively supports both opaque and transparent im-
ages by unifying them into a shared latent space.
Notably, our approach unlocks zero-shot transpar-
ent image editing capabilities. We further pro-
pose TransEdit-Bench to systematically evaluate
this new task. Extensive experiments demon-
strate that our method achieves state-of-the-art per-
formance across a broad range of raster-centric
and transparency-aware tasks, establishing a new
paradigm for unified visual generative modeling.

54718



Limitations

While Qwen-Image-Layered 1.5 unifies the gener-
ation and editing of both opaque and transparent
images, the generation quality for transparent im-
ages still lags behind that of opaque ones. This
limitation is primarily attributed to the scarcity and
inferior quality of available transparency-related
datasets compared to standard raster imagery.
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