9502

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 48, NO. 8, AUGUST 2026

DreamFuse: Toward Realistic and Seamless Image
Fusion Across Diverse Scenarios

Junjia Huang ", Pengxiang Yan
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Abstract—Image fusion seeks to seamlessly integrate foreground
objects with background scenes, producing realistic and har-
monious fused images. While existing methods often insert ob-
jects directly, adaptive and interactive fusion—requiring contex-
tual adaptation and foreground-background interplay—remains
a challenging yet critical task. To address this, we first propose
a pipeline for generating high-quality fusion data. By combining
iterative in-context learning with existing tools, we curate a diverse
cross-scene dataset supporting three core tasks: object integration,
replacement, and attribute-referenced editing. Leveraging this, we
introduce DreamFuse, a unified diffusion-based approach that
jointly optimizes these capabilities. DreamFuse exploits the Diffu-
sion Transformer (DiT) architecture, using its attention mechanism
to extract and align foreground-background features for coherent
fusion. For flexible control, we incorporate a Positional Affine
mechanism, enabling precise spatial and scale adjustments while
supporting diverse text-driven fusion. Furthermore, we employ
Localized Direct Preference Optimization (L-DPQO), refining the
model via human feedback to enhance harmony and consistency.
Extensive experimental results demonstrate DreamFuse’s superi-
ority over state-of-the-art approaches across multiple metrics.

Index Terms—Image fusion, reference-image based editing,
diffusion model, multimodal image customization.

I. INTRODUCTION

OREGROUND-BACKGROUND image fusion is a fun-
damental and practical task in image editing. Recently,
with the rapid development of generation methods based on
diffusion models, numerous innovative and imaginative ap-
proaches have emerged in this field. Beyond generating im-
ages purely driven by text prompts, increasing attention has
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been directed toward generating customized images guided
by specific foreground objects [1], [2], [3], [4] or perform-
ing inpainting on designated background regions [5] for im-
age editing and fusion. Going further, several methods aim
to achieve harmonious fusion of foreground and background
by adjusting details such as lighting [6], shadows [7], and
brightness-contrast consistency [8], making the fused images
appear more natural. Other approaches [9], [10], [11] strive to
enhance fusion by modifying the orientation, pose, or style of
the foreground object while preserving its identity attributes,
enabling better adaptation to the background. However, most
of these methods typically focus on directly placing the fore-
ground object into the background scene. In contrast, real-world
scenarios often involve more diverse and interactive conditions,
such as partial occlusion, alternating visibility, or integration
cases where objects are held, worn, or otherwise physically
interacted with. In some cases, the goal may also be to incor-
porate only specific attributes of the foreground object into the
background.

A major challenge in handling such complex fusion scenarios
is the lack of suitable datasets. Existing methods typically rely on
object segmentation from images or videos [12], [13] followed
by inpainting [14], [15] to reconstruct backgrounds. However,
this multi-step process frequently suffers from quality degrada-
tion due to imprecise segmentation or suboptimal inpainting,
which can introduce artifacts like shadows or residual ele-
ments in the background. Moreover, handling partially occluded
foregrounds is particularly challenging [16], and segmentation-
based data often fails to adjust object pose or perspective to align
with the background during fusion. To address these challenges,
we propose a systematic pipeline for generating high-quality im-
age fusion data, comprising foregrounds, backgrounds, and the
fused images, avoiding issues such as incomplete foregrounds
and background artifacts. We leverage a Multimodal Large Lan-
guage Model (MLLM) to dynamically sample and combine fore-
grounds, backgrounds, and fusion types from a meta-database,
ensuring diverse yet coherent fusion scenarios. Corresponding
text prompts are then generated, and images of the foreground,
background, and fused scene are produced through Self-Inspired
In-Context Generation and Tool-Invoking Generation. To ensure
quality, we further employ the MLLM for data inspection and
filtering, complemented by rule-based criteria to remove sub-
standard samples. This process ultimately constructs a dataset
of 160 k high-quality, multi-scene, multi-scale fused image
samples.
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DreamFuse demonstrates robust adaptability across a wide range of scenarios, including style transfer, integration of wearable items, logo embedding,

object placement, handheld interactions, and fine-grained attribute editing involving color, texture, and material. Notably, when given a text prompt, our method
effectively responds by further editing the attributes of the foreground object (e.g., a golden car).

Another critical challenge in image fusion is ensuring
background consistency and foreground harmony. Some ap-
proaches [9], [11] rely on masks or bounding boxes for fore-
ground placement, blending the background outside the mask
to maintain consistency. However, these approaches often fail
to realistically render effects like shadows or reflections be-
yond the mask, limiting the realism of the fused results. Other
methods [17], [18] reconstruct fused images through inver-
sion, improving foreground harmony but often compromising
background consistency. To address this trade-off, we propose
DreamFuse, an adaptive image fusion framework based on DiT.
By incorporating shared attention, we condition the fused image
generation on both the foreground and background while em-
ploying positional affine to introduce the foreground’s position
and scale without restricting its editable regions. Additionally,
we employ Localized Direct Preference Optimization (LDPO)
to further optimize the foreground and background regions of the
fused image, ensuring better alignment with human preferences.
Experimental results demonstrate that DreamFuse performs ex-
ceptionally well across various scenarios. As shown in Fig. 1,
DreamFuse produces highly realistic fusion effects for real-
world images. Furthermore, during training, a certain proportion
of fused image descriptions is incorporated as prompts. When
given a text prompt, DreamFuse effectively responds to the input
and enables attribute modifications in the fused scenes, such as
turning a car into gold.

In summary, our key contributions are threefold:

e We construct a diverse cross-scene fusion dataset con-
taining 160 k diverse fusion scenarios, including object
integration, object replacement, and attribute-referenced
editing.

® We propose DreamFuse, a fusion framework based on DiT,
which leverages positional affine and LDPO strategies to
integrate the foreground into the background more natu-
rally and adaptively.

¢ Our method outperforms the state-of-the-art methods on

various benchmarks and remains effective in real-world
and out-of-distribution scenarios.

Difference from our conference version: This manuscript
presents significant extensions over the conference version,
enabling broader fusion scenarios and providing more compre-
hensive analyses. (1) We expand the data generation pipeline to
a more flexible and automated framework capable of producing
a greater variety of fusion data. The framework extends be-
yond object insertion to support multiple tasks, including object
insertion, object replacement, and attribute-referenced editing
(see Section III). A more detailed analysis and summary of the
data distribution are provided in Section V-A. (2) We further
enhance the Positional Affine mechanism to support scenarios
where explicit positional input is unnecessary, enabling fusion
guided solely by textual descriptions. In addition, we distinguish
specific fusion tasks by leveraging both textual instructions and
captions. (3) We conduct more extensive and detailed exper-
iments and analyses in Section V-D, discuss additional related
studies in Section II, and provide comparisons with a wider range
of concurrent methods in Section V-C.

II. RELATED WORK

Customized Image Generation: Customized image generation
aims to create user-specific images based on text prompts or
reference images. Some methods [1], [19], [20], [21], [22]
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Fig.2. The framework of the data generation model and position matching process. The left side of the figure illustrates the design structure of our data generation

model, while the right side shows the position matching process and data format. We enhance the diversity of fused data generation through flexible and rich

prompts combined with various style LoRAs.

incorporate reference concepts into specific text prompts, To-
kenVerse [23] disentangles complex visual elements and at-
tributes, leveraging the modulation space to generate composite
images of intricate concepts. Approaches [24], [25], [26], [27]
employ additional encoders to encode reference images as visual
prompts, introducing customized representations for generation.
Other methods [3], [28] achieve subject-driven generation by
directly concatenating reference and target images during gen-
eration. Recently, Mod-Adapter [4] and XVerse [29] transform
reference images into offsets for token-specific modulation,
offering training-free capabilities for complex customized im-
age generation. In this paper, we further focus on customized
image editing, enabling the model to modify the background
image by referencing objects or even specific attributes from the
foreground image.

Image Fusion: The goal of image fusion is to seamlessly
integrate an object from a foreground image into a background
image. Compared to directly cutting and pasting, some ap-
proaches [6], [30], [31], [32] adjust the lighting, shadows, and
colors of the pasted foreground region to achieve a more har-
monious fusion. Other methods [9], [10], [11], [17], [18], [33],
[34], [35], [36] focus on altering the perspective, pose, or style
of the foreground object to make it fit more naturally into the
background image. ACE++ [37] and InsertAnything [38] fol-
low the inpainting paradigm of FLUX.1-Fill-dev and proposes
an inpainting-based generation model capable of referencing
objects from the foreground image. However, these methods are

largely limited to object placement, and inpainting approaches
that restrict editing to the input mask often produce fused images
lacking coherence and harmony. Omnigen2 [39] provides a
unified solution for multiple generation tasks. Nevertheless, for
image fusion, it predominantly adopts in-context generation,
which limits its ability to maintain full background consistency.
In this paper, we propose a more versatile fusion approach that
supports a wide range of scenarios, including interactive object
insertion, object replacement, and attribute-referenced editing,
thereby enabling more diverse and coherent integrations.

Human Feedback Learning: Many methods now leverage hu-
man feedback learning to make generated images more aligned
with users’ preferences. Some approaches [40], [41], [42], [43],
[44] train a reward model to understand human preferences and
improve the generation quality through reward feedback learn-
ing. Others [45], [46], [47] utilize human comparison data to
directly optimize a policy that best satisfies human preferences.
For the image fusion task, we propose localized direct preference
optimization, which focuses on region-specific optimization to
enhance both the background consistency and the harmony in
fused images.

III. DATA GENERATION PIPELINE

As shown in the data format in Fig. 2, the image fusion task
typically involves the following types of images: a foreground
image ' € RT*W>3 with mask F),, € RT*W  a background
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image B € REXWx3 3 fused image I € RHXWx3 3 fused
mask I,,, € RF>*W associated with the fused object. The masks
F,, and I,,, are primarily used to indicate the position and size of
the foreground object. In practical applications, only the centroid
and bounding box of the mask are required, or in some cases,
merely a textual prompt.

A. Meta-Data Generation

To generate diverse fused data, we first construct a sufficiently
rich set of text prompts by collecting a pool of metadata as
foreground and background sources. For different tasks such as
insertion, handheld integration, replacement, and attribute refer-
ence, we utilize Doubao [48] to select suitable foreground—back-
ground combinations and generates task-specific prompts for the
foreground, background, and fused images. These prompts are
then processed through two pipelines, Self-Inspired In-Context
Generation and Tool-Invoking Generation, to produce the corre-
sponding images. Finally, the results undergo quality inspection
and are formatted into the finalized data format.

B. Self-Inspired In-Context Generation

Data Startup: Unlike methods [11], [49] that start with a fused
image to segment the foreground and generate the background
using inpainting, we aim to create higher-quality fusion data
with richer scenes and more diverse foreground fusion. To this
end, we design an iterative, human-in-the-loop data generation
process. We first extract a pair of high-quality foreground F
and fused image I from a subject-driven dataset [3]. We then
manually refine the inpainting regions to remove the foreground
object and its effects, such as reflections and shadows, creat-
ing a high-quality background image B. A total of 86 initial
samples are curated, and their corresponding descriptions C are
generated with GPT-40. These data are then fed into the data
generation model depicted in Fig. 2 for training. We performed
a total of three rounds of human inspection and refinement. This
iterative process allowed us to progressively scale our dataset
from an initial seed of 86 samples to 1,000, and finally to 4,000
high-quality pairs, which were used to train the self-inspired
model.

Data Generation Model Design: We adopt Flux-Dev [50]
as the base model and input our curated fusion samples G =
(F, B,I) with prompts C=(CF,Cp,Cy) in batches. The
images and prompts are encoded into image embeddings E; €
RP>wxd and text embeddings E., supplemented by learnable
tag embeddings to differentiate the foreground and background.
In Flux’s RoPE [51] mechanism, which uses a 2D position
index P, = (4,7),Vi € [0,h),j € [0,w) to represent image
positions, we optionally introduce an offset A to P;y, for F,
B, and I as follows:

(4,7, if F,
(i,4) + 24, if L.

During training, adding an offset improves the model’s ability
to generate diverse fused scenes but performs poorly across
resolutions, while omitting the offset produces overly consistent
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Fig.3. Comparison of generalization capabilities introduced by offset: Models
with offset A = (0, 0) tend to generate consistent images, leading to foreground
objects appearing in background scenes.

results yet adapts well to multi-scale data, as shown in Fig. 3.
Based on this, we use two models—with and without offset—to
generate diverse, multi-scale samples.

To establish connections between F, B and I, we modify
the original independent attention mechanism in the DiT to a
shared attention (SA) mechanism [52]. As shown in Fig. 2, after
the text embeddings and image embeddings of each sample
are processed through modulation and linear layers, they are
concatenated to form the attention query Q, = [Q%; Q] g € G,
where c and 7 represent the text and image components. We then
concatenate the image components of the key and value across
all samples: K, = [K(; Ki Ky Ky, V= Vs ViV Vi
The shared attention is then computed as:

T

SA = softmax (QQKQ ) Vs 2)

Vd

where d denotes the dimension. After applying shared attention,
the model gains an initial ability to generate similar images. We
then fine-tune the model with LoRA [53] to enable the generation
of high-quality image fusion samples.

Scene Generalizability and Style Variability: Our initial data
only consists of object placement scenes. After fine-tuning the
data generation model, it demonstrates the ability to generalize
to more diverse scene prompts. In subsequent iterations, we
leverage GPT-40 with open-source prompts to generate fusion
prompts C, expanding foreground objects to include animals,
pets, products, portraits, and logos, while categorizing back-
ground scenes into indoor and outdoor settings. Fusion scenarios
are further diversified to include placement, handheld, logo
printing, wearable, and style transfer. Furthermore, we observe
that the data generation model responds effectively to existing
style LoRAs. Therefore, we integrate fine-tuned style LoRAs,
such as depth of field, realism, and ethnicity, to further enhance
fusion data in both scene variety and artistic style, mitigating
the stylistic bias of the Flux base model. This expansion process
is iterative: the model is fine-tuned on data generated in the
previous step, additional data is generated, and high-quality
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fusion samples are manually curated to serve as input for the next
round of fine-tuning. After several iterations, the data generation
model is able to reliably produce fused data across diverse
scenarios.

C. Tool-Invoking Generation

To broaden the coverage of tasks, we further extend the results
of Self-Inspired In-Context Generation using advanced existing
tools, as shown in Fig. 2. For replacement tasks, we employ
editing models such as SeedEdit [54] and Kontext [55] to sub-
stitute objects in the fused images with other categories, which
are then used as background images. For attribute-referenced
editing tasks, we first generate images with specified attributes
using image generation models, and then apply editing models to
modify the local attributes of objects as backgrounds. In parallel,
in-context models such as GPT-4o0 and Kontext [55] are used
to generate foregrounds with the same attributes, thereby con-
structing paired samples of foregrounds, backgrounds, and fused
images. With the assistance of both Self-Inspired In-Context
Generation and Tool-Invoking Generation pipelines, we expand
the original insertion tasks into more diverse replacement and
attribute-referenced editing tasks.

D. Quality Inspection

To improve the quality of fused data and ensure sample
reliability, we conducted a comprehensive quality inspection that
combines a MLLM [48] with rule-based evaluation. Following
the protocol in [56], the MLLM is used to evaluate the consis-
tency between the foreground and fused images, the consistency
between the background and fused images, as well as to detect
issues such as limb abnormalities and background clutter, while
also providing interpretable feedback. Samples that failed these
checks are removed. We then apply additional filtering based
on CLIP score [57], AES score [58] and Facial score [59] to
eliminate images with poor text-image alignment, low aesthetic
quality or dissimilar faces. Furthermore, to mitigate potential
misalignment issues in Self-Inspired In-Context Generation, we
compute the gradients of the fused and background images and
assess their edge similarity using the DICE score, discarding
samples with noticeable edge shifts. Through this multi-stage
inspection, we curate 160 k high-quality fused samples. A
detailed analysis of the dataset is provided in Section V-A.

E. Data Format

To determine the position of the foreground object in the back-
ground, we use RoMA [60] to perform feature matching between
the foreground and the fused image, converting the results into
bounding boxes. Then we utilize SAM2 [61] to segment the
foreground object from the fused image based on these bounding
boxes, yielding I,,,. For the foreground object, we use an internal
segmentation model to obtain F),,. The position and size of
the foreground object in the background are then calculated
using the centroids and bounding boxes of I, and F,,. To
mitigate potential discrepancies between the generated images
and the original prompts, we utilize the GPT-40 to regenerate
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captions for the foreground, background, and fused images, and
to construct a corresponding fusion instruction.

IV. METHODOLOGY
A. Adaptive Image Fusion Framework

Inimage fusion tasks, three key aspects need to be considered:
(1) how to model the relationship between the background,
foreground, and fused image; (2) how to incorporate the po-
sition and size information of the foreground object into the
background; (3) how to ensure background consistency and
foreground harmony in the fused image.

Condition-aware Modeling: Inspired by the work [3], we
model the background and foreground as conditions, with the
fused image treated as the denoised target. Given a fixed dataset
D = {(si,ci,xf,xp,x;)}, each sample consists of a textual
description of the fused image c;, a fusion instruction s;, along
with images representing the foreground x;, background
and fused image x;. We adopt the Flux-based DiT architecture,
using the foreground xy and background z; as conditions with
a fix timestep 0. Additionally, most text prompt ¢; are randomly
dropped out with a probability p during training, replaced with
empty strings, while a portion of the prompts is retained to pre-
serve the network’s text-responsive capability. The DiT network
is tasked with denoising the noisy fused image x! at timestep ¢
defined as:

zp = (1 —t)z; + tan, 3)

where x,, ~ ¢(x,) denotes a noise sample and ¢ € [0,1]. The
DiT model is trained to regress the velocity field ep (£, 7, 23, t)
by minimizing the Flow Matching [62] objective L,,pise(0):

Et,(ci,zf,a:b,:ri)ND,anq(xn) H ‘6 — €9 (Civ $§7 ZTf,Th, t) | ”7 (4)

where the target velocity field is € = x,, — x;. To clearly differ-
entiate between insertion and replacement tasks, we introduce
fusion instructions, as shown in Fig. 4. In particular, the in-
dicators <instruction> and <caption> are employed
to explicitly denote the task-specific instructions and the fused
image caption in the text prompt as Concat(s;, ¢;). Within the
DiT attention mechanism, all components are concatenated as
[Concat(s;,c;), 2, x ¢, xp), enabling joint attention computa-
tion, as illustrated in Fig. 4. This mechanism effectively inte-
grates background and foreground information into the fused
image through the attention layers.

Positional Affine: We explore three approaches to incorporate
positional information, as shown in Fig. 5. The most straightfor-
ward approach is to directly transform the foreground to match
the desired position and size in the background (Fig. 5(b)).
However, this method compresses the information of foreground
during scaling, which is unfavorable for inserting small objects.
Another approach involves using the placement information of
the foreground, such as the mask after positioning, as a condition.
This information is encoded via a tokenizer and introduced into
the attention computation (Fig. 5(c)). However, this approach
relies heavily on the tokenizer, requiring a large amount of
data to optimize its representation of positional information. To
leverage the relative positional relationship of the foreground
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more directly and effectively, we propose the positional affine
method shown in 5(a).

Specifically, both the foreground and background are assigned
2D position index P dz, P =(i,7),Vi € [0,h),7 € [0,w) to
represent their spatial relationships within the image. When

placing the foreground in a target region P, = (u,v),Vu €

[, L), v € [wy, w)) of the background, the affine transforma-
tion matrix A is computed as follows:
w;;wr 0 w,
A=| o leop, (5)
0 0 1

For fusion cases that do not require explicit positional input
and rely on prompts for guidance, we set the position index
of the foreground image to a fixed offset w and the affine
transformation matrix A, is defined as:

(6)

o O =
o = O

w
0
1

Next, the position index P, of the target region is mapped to
the foreground with the inverse affine transformation:

PZ e = A ()

U
~1

@ Y
1
We utilize PZ 1, s the new position index of foreground. By
employing this positional affine transformation, and leveraging
DiT’s responsiveness to position index, we directly incorporate
the position and size information of the foreground into the
target location within the background. This approach eliminates
the need to scale or compress the foreground, enabling a more
effective and reasonable integration of positional information.

Localized Preference Optimization: In the image fusion pro-
cess, maintaining background consistency and foreground har-
mony is crucial. When directly generating the denoised fused
image, issues such as inconsistent backgrounds or disharmo-
nious foregrounds can easily arise. To address this, we propose
Localized Direct Preference Optimization (LDPO) based on
Diffusion-DPO [44], [45], enabling the diffusion network to
more effectively learn from human preferences in the context
of image fusion.

We construct a dataset D' = {(c;, x s, xp, 22, 2%)} consisting
of additional fused sample pairs, where '}’ aligns better with
human preferences than x!. For example, as shown in Fig. 4,
x! can be a fused image obtained by directly copying and
pasting the foreground onto the background. For simplicity,
we define the model input as i = (¢;, 25, 2, 21 "'1). The
Diffusion-DPO optimizes a policy to satisfy human preferences
via objective Lppo (0, z, zl):

6 w w
B loge (=5 (16" = coat DI = [l = oy (ot O

(1 = el )P — [l — erep ()] >>)} ®)

where €y(-) and €,.5(-) denotes the predictions of optimized
model and reference model, respectively, 3 is the regularization
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Algorithm 1: Localized Direct Preference Optimization
Loss.
1: Dataset: Fusion dataset D' = {(c;, ¢, zp, 2, 2})}
2: Input:
€p: DIiT with LoRA parameters from the first training
stage.
€ref: Frozen DiT with LoRA parameters from the first
training stage.
p: Text prompt dropout probability.
a: Dilation factor.
[: Regularization parameter.
Define M (f):
M(f)=1if f € a-Bbox(zy), else M(f) =01
Localized foreground region.
5: for fusion data (c;, z ¢, zp, 2%, 2) € D’ do
6: Sample noise and interpolate latents:
7
8

s w

t + Random(0, 1), x,, < RandNoise
Cal e (1= t)a¥ +try,, 2l (1 — )zl + to,
9: ¢! + Dropout(c;, p)
10: Model predictions:

. l l
11: vy < e xp, mp, 2, vh < €o(, xp, 20, T)
12: U::Uef A 6T€f(cf7 Zf, Ty, ‘r}l})’

l 1
Upo < €ref(C], 2 p, T, 77)
13: Calculate velocities and errors:
14: vwexn—x}f’,vlexn—xé
15: erry « ||vy —v||?, 627“7“5, <—l [|vl — vll||2 .
16:  erry ;< vy —vl[% erryy < [|vpey — 07|
17: Compute differences:

18 wyir = M - (erry —erry ;) + (1 — M) -
(errl — errief)
19: Laigr <= M - (errly — errfnef) +(1-M)-
(erry — errﬂf)
20: Compute loss:
21: LLDPO — — log(sigmoid(—0.5 . 5 . (wdiff — ldiff)))
22:  Update model: ¢, < ¢
23: end for

coefficient and o is the sigmoid function. Intuitively, minimizing
Lppo encourages the predicted velocity field ey closer to the
target velocity € of the chosen data, while diverging from €’ (the
rejected data). However, not all aspects of x! fail to align with
human preferences. For instance, in copy-paste fused images,
the consistency of the background better aligns with human
preferences. Therefore, we adopt a Localized DPO strategy for
x% and z¢. A localized foreground region M (f) is defined as:

1,iff € o - Bbox(x)
0, otherwise,

M(f) = { ©)

where f represents a pixel location, Bbox(xs) denotes the
region in the bounding box of the foreground object and «
is a dilation factor that moderately expands this region. The
optimized objective L1 ppo (0, xl, L, M) is defined as:

M- Lppo(8,z¥, 2 )+ (1 — M) - Lppo(6,2L,2). (10)
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We provide the pseudo-code for LDPO in the Algorithm 1. This
strategy ensures background consistency while making the fore-
ground more harmonious and aligned with human preferences.

V. EXPERIMENTS
A. Data Analysis

As outlined in Section III, we adopt a comprehensive pipeline
for image fusion data generation. By constructing diverse
databases of foregrounds, backgrounds, and tasks, and lever-
aging an MLLM to create coherent fusion prompts, we generate
fused samples through two distinct generation pipelines. The
results are further refined using both a MLLM and rule-based
inspection, yielding a total of 160 k fused image samples. As
illustrated in Fig. 6(a), we conduct a thorough analysis of the
dataset. The distribution of categories covers three major sce-
narios: replacement, insertion, and attribute-referenced editing,
encompassing a wide range of image classes from products to
symbols. Within the insertion and replacement scenarios, the
dataset includes object placement, style transfer, logo printing,
as well as numerous interactive cases such as handheld and wear-
able objects. For attribute-referenced editing, the data primarily
focuses on attributes such as color, texture, and material. We
employed GPT-40 and Seed-VL-1.5 to jointly evaluate sample
quality across five dimensions: Foreground Consistency, Back-
ground Integrity, Global Composition Harmony, Background
Cleanliness & Artifacts, and Instruction Adherence. To validate
the filtering effectiveness, we report the data retention rates in
Fig. 6(b). Notably, the “Symbols” category exhibits the lowest
retention, which aligns with Flux’s known limitations in text gen-
eration. This corroborates that our pipeline effectively identifies
and purges low-quality samples, ensuring the high standard of
the final dataset. Fig. 6(c) further reports the top-10 foreground
categories (excluding human-related classes). In addition, our
dataset exhibits substantial scale diversity, as shown in Fig. 6(d),
ranging from resolutions of 400 to 1600, making it better aligned
with real-world application scenarios.

B. Implementation Details

1) Hyperparameters: For the self-inspired in-context model
training in the data generation pipeline, starting with the first
batch of data, we use Flux-Dev [50] as the base model. Input
images are randomly scaled to 512, 768, or 1024 resolutions,
and the model is trained for 10 k iterations on 8§ A100 GPUs
using the Prodigy [63] optimizer. Two models are trained: one
with offset A = (0,w) and the other with offset A = (0, 0).
The former is designed to produce diverse data, while the
latter focuses on generating data with varying scales. After
training, the generated results are first filtered using GPT-40 and
Seed1.5-VL [48], followed by manual selection of high-quality
fusion data for the next training iteration.

For DreamFuse training, we adopt Flux-Dev [50] as the base
model. The input images are scaled proportionally from their
original resolution to a short side of 512 pixels. The train-
ing procedure comprises two stages: first, the full DreamFuse
160 k dataset is trained for 20 k iterations with batch size 1,
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Visualization of data distribution. (a) Distribution of fusion categories, including insertion, replacement, and attribute-referenced editing, covering diverse

image types from products to symbols. Attribute-referenced editing further includes color, material, and texture. (b) Data retention percentage after quality
evaluation. (c) Top-10 foreground categories by count (excluding humans). (d) Distribution of image resolutions.

the Prodigy [63] optimizer, and a LoRA rank of 16. Subse-
quently, we manually select 15 k high-quality samples from
the initial dataset for LDPO training. Negative samples z! in
LDPO training consist of two types: copy-paste images (15 k)
and low-quality inference results generated from the selected
samples after stage one (15 k). We apply the L;ppo loss
to the copy-paste data and Lppo loss to remaining negative
samples. The second stage employs the AdamW [64] optimizer
(learning rate 5 x 107° ) for 10 k iterations. During training,
we randomly drop the instruction prompts with a probability
of 0.01. This strategy is primarily employed to enhance the
model’s robustness, ensuring it can adapt to complex scenarios
or situations where textual inputs might be missing. The dilation
factor v is set to 1.5 and regularization parameter is set to 5000.
The entire training is conducted on 8 NVIDIA A800 GPUs,
requiring approximately 36 hours.

2) Benchmarks: Werandomly selected 1500 unseen samples
from the generated dataset as DreamFuse test set to evalu-
ate the model’s fusion capabilities across multiple scenarios,
including object placement, wearing, logo printing, handheld
and style transfer, replacement and attribute-referenced editing.
Additionally, we evaluated method’s performance on out-of-
domain data with the TF-ICON [17] dataset, which consists
of 332 samples spanning four visual domains: photorealism,
pencil sketching, oil painting, and cartoon animation. To further

validate the effectiveness of DreamFuse in real-world scenarios,
we conducted additional experiments on the FOSCom [65]
dataset, a fusion dataset composed entirely of real images. The
dataset contains only foreground and background components,
including 640 background images collected from the Internet.
Each background image is paired with a manually annotated
bounding box and a foreground image from the MSCOCO [70]
training set. Furthermore, To rigorously validate our method’s
effectiveness in real scenarios, we curated a dedicated “Real
Test Dataset” consisting of 120 real-world samples. This dataset
covers diverse challenging scenarios, including object insertion,
replacement, and virtual try-on.

3) Evaluation Metrics: We utilize the CLIP [57] score to
evaluate the similarity between the fused images and their cor-
responding descriptive texts, the AES [58] score to assess the
aesthetic quality of the fused images. Additionally, we employ
the VisionReward [41] (VR) score, which leverages a vision
language model [71] (VLM) to evaluate the fused results from
multiple perspectives across various questions, better reflecting
human preferences. Since the aforementioned evaluation met-
rics can only assess individual images in isolation, we utilize
VIEScore [56] to introduce an explainable metric for evalu-
ating conditional image generation tasks, specifically image
fusion. Concretely, we employ an MLLM to examine the fused
foreground, background, and fused image, providing ratings
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InsertAnything OmniGen2 ACE++ Ours

Qualitative comparisons with existing methods in various fusion tasks, including placement, replacement, logo printing, style transfer, handheld, wearable

items. The first row is from the TF-ICON dataset, while the others are from the DreamFuse test set. Our approach achieves a more seamless integration of foreground
objects with the background images, resulting in higher visual consistency and realism.

OmniGen2 DreamFuse

Condition Images

Fig. 8. Qualitative comparisons with OmniGen?2 in attribute-referenced edit-
ing task, including color, material and texture.

from two perspectives: (1) Semantic Consistency (SC), which
evaluates foreground consistency and the degree of background
over-editing; and (2) Perceptual Quality (PQ), which evaluates
naturalness and the presence of artifacts.

C. Comparisons With Existing Methods

1) Quantitative Results: We evaluate several existing state-
of-the-art image fusion methods on the TF-ICON and

3 CEi
OmniGen2 DreamFuse

B
OmniGen2 DreamFuse

o
Condition Images

Condition Images

Fig. 9.
Dataset.

Qualitative comparison on the collected challenging Real-world Test

DreamFuse test datasets, including image composition methods
such as TF-ICON [17], Anydoor [9], MADD [11] and Con-
trolCom [65], InsertAnything [38], as well as the reference-
based fusion method MimicBrush [66], ACE++ [37], Om-
niGen2 [39]. As shown in Table I, our method (based on
Flux) outperforms existing approaches across multiple metrics
on DreamFuse test dataset, with a notable 1.14 improvement
in the SC score compared to the second-best method. Our
method consistently demonstrates better fusion quality across all
scenarios. Similarly, evaluations on the FOSCom dataset and
TF-ICON dataset in Table II, which comprises both realistic
and diverse-domain images, further demonstrate the robustness
and strong generalization ability of our approach.

Additionally, Figs. 10 and 11 present the PQ and SC scores
of different methods on the DreamFuse test dataset across
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TABLE I
QUANTITATIVE EVALUATION OF OUR METHOD ACROSS DIFFERENT DIT-BASED BACKBONES (E.G., SD3, FLUX, QWEN-IMAGE) ON THE DREAMFUSE AND
REAL-WORLD TEST DATASETS

DreamFuse Test Real Test
Base Model
CLIPT AEStT VR?T PQtT SCtT CLIPT AEST VR?T PQT SC1t
ControlCom [65] 31.66 5.64 1.53 7.62 5.51 32.66 5.50 1.28 7.41 6.22
TF-ICON [17] 33.78 5.95 3.94 7.90 5.89 33.88 5.76 2.90 7.18 5.42
Anydoor [9] 32.52 5.95 2.89 7.80 6.61 33.11 5.77 2.37 7.23 6.77
MADD [11] 31.17 5.61 0.69 6.65 421 31.68 5.25 0.93 6.44 4.57
MimicBrush [66] 32.35 5.98 2.94 7.48 5.56 31.59 5.72 1.68 6.08 4.25
ACE++ [37] 30.92 6.10 4.81 8.24 4.93 33.23 6.03 4.81 8.12 7.04
OmniGen?2 [39] 32.33 6.26 593 8.48 6.86 33.89 6.13 5.70 8.38 7.56
InsertAnything [38] 32.45 6.08 4.52 8.22 6.55 33.36 6.05 4.33 7.98 7.60
Ours (SD3 [67]) 34.30 6.22 6.35 8.55 7.80 34.65 6.19 5.54 8.46 7.13
Ours (Flux [50]) 34.94 6.27 6.26 8.59 8.00 34.19 6.13 6.12 8.69 7.51
Ours (Qwen-Image [68]) 35.19 6.33 6.36 8.55 8.06 34.68 6.15 5.81 8.61 7.91
Ours + Real Data [69] 35.20 6.30 6.35 8.56 8.11 34.71 6.12 5.80 8.63 7.93
TABLE I
QUANTITATIVE EVALUATION RESULTS ON FOSCOM DATASET AND TF-ICON DATASET
Method ControlCom TF-ICON [17]
CLIPT AEST VRT PQtT SCtT CLIPT AEST VRT PQT SC1tT
ControlCom [65] 32.20 5.14 0.72 7.05 7.01 31.28 6.09 1.33 8.09 6.56
TF-ICON [17] 32.95 5.51 4.10 7.32 6.91 32.28 6.51 2.37 8.31 7.21
Anydoor [9] 32.58 5.31 1.40 7.08 7.04 31.80 6.27 1.31 7.93 7.70
MADD [11] 31.32 4.96 0.21 6.57 6.29 30.36 5.94 0.61 7.55 6.59
MimicBrush [66] 31.13 5.04 1.78 6.89 6.00 31.71 6.27 0.83 7.17 7.28
ACE++ [37] 29.98 493 2.71 7.48 4.38 30.03 6.22 2.01 7.84 6.07
OmniGen?2 [39] 33.12 5.54 4.20 8.26 6.95 31.73 6.55 4.74 8.37 6.08
InsertAnything [38] 32.55 5.37 1.73 6.53 7.35 31.77 6.41 1.71 7.59 7.25
Ours (Flux [50]) 33.55 5.54 4.14 8.35 7.10 31.98 6.56 3.40 8.41 7.34
Average SC Score per Task ACE++ Average PQ Score per Task ACE++
Anydoor Anydoor
LOGO InsertAnything LOGO InsertAnything
REPLACEMENT —— OmniGen2 REPLACEMENT —— OmniGen2
—e— DreamFuse —— DreamFuse
HANDHELD HANDHELD
COLOR-RE] COLOR-REF
CEMENT LACEMENT
TEXTURE-REF TEXTURE-RE|
STYLE
MATERIAL-REF MATERIAL-REF
WEARABLE WEARABLE
Fig. 10.  Average Semantic Consistency (SC) Score for Various Tasks. Fig. 11.  Average Perceptual Quality (PQ) Score for Various Tasks.

nine fusion scenarios, including placement, replacement, logo
printing, style transfer, handheld, wearable items, and material-,
color-, and texture-referenced editing. As shown, our method
consistently achieves superior results in SC across all scenar-
ios, demonstrating its strong capability in maintaining editing
consistency and faithfully following the given instructions.

2) Qualitative Results: Fig. 7 presents the qualitative visual-
ization results of our method compared with other methods. As
shown, our method not only performs well across various fusion

scenarios but also surpasses inpainting approaches that require
strict mask inputs, by generating more harmonious integrations
beyond the target region. For instance, in the second row with the
eagle fusion, our method adapts to the surrounding environment
and automatically generates a realistic shadow of the eagle on
the surface of water. Moreover, our approach is not limited
to insertion tasks; it also supports replacement tasks, such as
substituting the cat in the person’s hand with the input bottle
(sixth row).
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TABLE III
USER STUDY RESULTS BASED ON PREFERENCE RANKING (1-5, LOWER IS
BETTER). THE EVALUATION COVERS THREE PERSPECTIVES: HARMONY,
CONSISTENCY, AND OVERALL QUALITY. KENDALL’S W INDICATES THE
INTER-RATER AGREEMENT. STATISTICAL SIGNIFICANCE IS VERIFIED, WHERE *
INDICATES p < 0.01 COMPARED TO OURS.

Methods Harmony Consistency, Overall
TF-ICON [17] 3.98%* 4.35% 4.39%
Anydoor [9] 3.72% 3.86* 3.95%
InsertAnything [38] 3.17* 2.95% 3.30%
OmniGen?2 [39] 2.42% 3.45% 3.10%
DreamFuse (Ours) 1.85 2.54 2.13
Inter-rater Agreement 0.45 0.43 0.48

In Fig. 8, we further compare our method with OmniGen2 [39]
in terms of attribute-referenced editing, focusing on color, ma-
terial, and texture. As shown, our method demonstrates stronger
background preservation and more accurate attribute transfer
from the referenced foreground compared to OmniGen2.

In Fig. 9, we present the qualitative visual comparisons on
the Real Test dataset. As evident from the results, our method
significantly outperforms OmniGen2 [39] in these real-world
scenarios, generating more harmonious and consistent results.
This advantage is observed across diverse challenging situations,
ranging from complex tasks like object replacement and style
transfer, to intricate scenes involving occlusions (e.g., placing a
fridge behind a sofa).

3) User Study: Werandomly select 100 samples and conduct
a user study with 50 participants to compare our method with
InsertAnything [38], OmniGen2 [39], Anydoor [9] and TF-
ICON [17]. As presented in Table III, we adopted a preference
ranking protocol to evaluate the results across three dimensions:
Harmony, Consistency, and Overall Quality. The results demon-
strate the superiority of our approach, which achieves the best
average rankings compared to state-of-the-art methods (e.g.,
achieving an average rank of 1.85 in Harmony). Furthermore,
we validated the reliability of our study using Kendall’s Coef-
ficient of Concordance (Kendall’s W) [72], which indicates a
reasonable level of inter-rater agreement. Subsequent statistical
significance tests also confirm that our method significantly
outperforms competing methods (p < 0.01).

D. Ablation Study

We carry out extensive ablation studies to verify the effec-
tiveness of our DreamFuse. Notably, owing to the sequence
of data acquisition, our ablation studies on Positional Affine,
Localized Preference Optimization, and the dilation factor «v are
primarily performed on the insertion subset, which guides the
determination of the final architectural choices and parameter
settings.

1) Effectiveness of the Offset A for Self-Inspired In-Context
Generation Model: We experiment with two offset configu-
rations: A = (0,w) and A = (0,0). The results demonstrate
that models trained with A = (0, w) exhibit better generaliza-
tion, effectively handling scenarios not included in the initial
small dataset. For instance, when the first training iteration is
conducted using fused data from placement scenarios selected
from dataset [3], the model trained with A = (0, w) generates
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Fused Image

s

Fig. 12.  Misalignment often occurs when A = (0, w). “Gradient Compari-
son” illustrates the gradient comparison between the background and the fused
image.

TABLE IV
QUALITATIVE ANALYSIS OF THREE POSITIONAL INCORPORATION STRATEGIES
ON THE DREAMFUSE INSERTION TEST SET AFTER THE FIRST-STAGE TRAINING

Method CLIP AES VR PQ SC
Direct Trans. 35.04 6.10 4.72 8.27 7.65
Mask Token. 35.14 6.11 493 8.29 7.80
Pos. Affine 35.22 6.13 5.28 8.35 7.95

differentiated results for other scenarios, such as handheld and
wearable contexts, producing distinct backgrounds and fused
images. As shown in Fig. 3, models trained with A = (0, 0) ex-
hibit stronger consistency, often generating similar backgrounds
and fused images.

However, when A = (0, w), although it demonstrates supe-
rior capabilities in generating diverse and fused data, it also tends
to cause misalignment or inconsistencies in the background. As
illustrated in the Fig. 12, to better visualize this misalignment, we
compute the gradient maps of both the background and the fused
image, and combine them into a single image for visualization in
RGB format, referred to as “Gradient Comparison”. Specifically,
the red channel represents the gradient map of the fused image,
while the blue channel corresponds to the gradient map of the
background. When the background is perfectly aligned, the
two gradient maps merge into purple. Conversely, noticeable
red or blue regions indicate misalignment. This phenomenon
highlights that the background and the fused image are not
fully consistent. In contrast, when A = (0,0), the alignment
improves significantly, with the background predominantly ap-
pearing purple, indicating higher consistency. Meanwhile, we
observed that this misalignment becomes more pronounced
when generating multi-scale images. Therefore, only A = (0, 0)
is used for generating multi-scale fused images.

2) Positional Affine: We compare the three positional in-
corporation strategies discussed in Section IV-A. As shown in
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TABLE V
QUALITATIVE ANALYSIS OF LOCALIZED PREFERENCE OPTIMIZATION ON THE
INSERTION SUBSET

DreamFuse CLIP AES VR PQ SC
First-Stage Training 3522 613 528 835 795
w/ Lppo 3536 6.07 552 839 8.05
w/ Lppo + LLpPO 3551 6.10 558 839 8.10
w/ Lppo + LLppo + Lnoise 3552  6.10 556 841 813

Condition Images

First Stage Training w/Lppo w/ Lpro + LLpro

Fig. 13. Qualitative results about the LDPO. Compared to “w/ Lppo”,
“w/ L ppo” leverages copy-paste data to better help the model understand
perspective changes in the foreground while maintaining background consis-
tency as much as possible.

Table IV, the results on the DreamFuse test set after the first-
stage training demonstrate that the positional affine approach
achieves the highest CLIP and VR scores, reaching 35.22 and
5.28, respectively. This suggests that the positional affine method
better preserves the information of foreground objects, out-
performing the direct transform and mask tokenizer strategies,
which are more prone to information loss of fine-grained details.

3) Localized Preference Optimization: Inthe second stage of
training, we employ Localized Direct Preference Optimization
(LDPO) to further enhance the model’s performance by utilizing
two types of paired data: the first type consists of poorly perform-
ing and well-performing results generated after the first training
stage with different seeds and optimized with the £Lppo, while
the second type involves copy-paste data treated as negative
samples and optimized with the £, ppo. As shown in Table V,
“w/ Lppo” refers to training with only the first type of data,
“w/ L1ppo” refers to training with copy-pasted data. Results
indicate the LDPO significantly improves fusion performance by
achieving an approximate 0.11 increase in IR scores compared
to the first-stage results. Further incorporating the Lnoise loss
results in a comparable performance. LDPO primarily enhances
background consistency and foreground harmony, as visually
demonstrated in Fig. 13, where using copy-paste data as negative
samples allows the model to better capture fusion-related trans-
formations, such as perspective and affine adjustments, rather
than simply copying and pasting the foreground, while also
improving the consistency of other background regions.

4) Dilation Factor « and Regularization Parameter 3: We
conduct a detailed ablation study on «and 3, as shown in Fig. 14.
For «, setting it to 0 treats copy-paste data as positive samples,
leading to a significant drop in VR scores. Conversely, o = 1 re-
stricts the model’s focus strictly to the bounding box, neglecting
essential external context such as shadows. Increasing « to 1.5
appropriately relaxes this constraint, enabling better blending
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Fig. 14. The effectiveness about the dilation factor o and regularization
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TABLE VI
THE EFFECTIVENESS OF DIFFERENT TEXT PROMPT. v}, REPRESENTS THE
ADOPTION OF A, AS THE AFFINE TRANSFORMATION MATRIX IN THE
POSITIONAL AFFINE MODULE, WHERE NO EXPLICIT FOREGROUND POSITION
OR SCALE IS PROVIDED, ENABLING THE MODEL TO AUTONOMOUSLY SELECT
SUITABLE PLACEMENT AND SIZING.

Instruction Caption CLIP AES VR PQ SC
33.82 6.26 6.13 8.55 7.45

v 34.40 6.24 6.25 8.59 7.86

v 35.04 6.27 6.26 8.59 7.86

Vp Vp 34.93 6.26 6.30 8.59 7.90

v 34.96 6.27 6.26 8.59 8.00

while maintaining global harmony. Regarding 3, which balances
reward optimization and KL divergence, we find that a low 3
leads to reward overfitting and instability, while an excessively
high 3 over-regularizes the model, hindering improvement.
Based on these results, we select « = 1.5 and 8 = 5000 as the
optimal configuration.

5) Effectiveness of Different Text Prompt: In our image fu-
sion dataset, three types of tasks are considered: insertion,
replacement, and attribute-referenced editing. Providing only
the caption of the fused image makes it difficult for the model
to accurately distinguish among these tasks. Therefore, as dis-
cussed in Section IV-A, we introduce a combined text prompt
with both <instruction> and <caption> to enhance
task differentiation. Table VI presents the results under different
text prompt settings. As shown, when <instruction> is
omitted, the model often confuses insertion and replacement
tasks, leading to a decline in SC scores; in particular, when both
indicators are absent, the SC score drops to 7.45. Moreover,
in the Positional Affine module described in Section IV-A,
we address cases where explicit foreground position and scale
are unnecessary by adopting A, as the affine transformation
matrix. As shown in the fourth row of Table VI, this setting
achieves results that remain competitive with those obtained
when positional information is included, demonstrating that our
model can generate coherent fusion results even without explicit
foreground placement and sizing.
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Fig. 15. The effectiveness about the LoRA Rank on dreamfuse test set and
TF-ICON dataset.

TABLE VII
THE EFFECTIVENESS AND LATENCY ABOUT THE INFERENCE RESOLUTION

resolution CLIP AES VR PQ SC Latency (s) Memory (GB)
512 3477 6.19 6.17 8.49 7.88 18.48 32.28
768 3498 6.26 6.14 8.59 7.98 35.88 33.24
1024 3496 6.27 6.26 8.59 8.00 58.98 34.58
1280 3481 6.29 6.32 8.58 7.95 113.24 36.93
1536 34.55 6.25 6.21 8.55 7.74 174.21 38.40

6) Effectiveness of LORA Rank: We investigate the effective-
ness of LoORA Rank on the training of the DreamFuse model with
the DreamFuse and TF-ICON datasets. The model is trained
exclusively on the DreamFuse training set, while inference is
performed on both the DreamFuse test set and the TF-ICON
dataset. Asillustrated in Fig. 15, we report the SC scores on both
datasets. When the LoRA Rank is set to a relatively low value of
4, the model lacks sufficient capacity to fit the diverse scenarios
of image fusion, resulting in low SC scores. As the LoORA Rank
increases, the model’s fitting ability improves. However, when
the LoRA Rank reaches 128, performance drops significantly,
particularly on the out-of-domain TF-ICON dataset, indicating
signs of overfitting. Based on these observations, we adopt a
LoRA Rank of 16 for training.

7) Effectiveness of Inference Resolution: Due to limited
training resources, we trained the model using images with a
resolution based on a 512-pixel short side. However, we observe
that employing higher resolutions during inference can effec-
tively enhance the quality of fused image generation. As shown
in Table VII, we compare inference results across resolutions
ranging from 512 to 1536. At 512, the results are suboptimal,
with an AES score of only 6.19. As the inference resolution
increases, the quality of fusion improves. Nevertheless, when the
resolution becomes excessively high, such as 1536, the large gap
from the training resolution leads to a significant performance
drop, with the SC score falling to 7.74. Furthermore, to analyze
the impact of input resolution, we report the processing times
across various resolutions in Table VII. As observed, while
inference time naturally increases with higher resolutions, the
GPU memory footprint remains remarkably stable, showing no
significant increase.
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TABLE VIII
RELIABILITY ANALYSIS OF MLLM-BASED METRICS. WE REPORT THE
CORRELATION WITH HUMAN JUDGMENTS (CALIBRATION) AND THE
STATISTICAL STABILITY ACROSS 5 RUNS (MEAN + STD).

Metrics Human-Human MLLM-Human MLLM Score
VR 0.6907 0.6335 6.27 + 0.001
PQ 0.5855 0.5775 8.57 + 0.002
SC 0.5644 0.5626 8.04 £ 0.001

SC Score
SC Score

—— W/ Text Prompt
- ompt

10 20 50 0

T i )
Coordinate Perturbation Rate (%) Perturbation Rate (%)

(a) Bounding box noise (b) More edge cases

Fig. 16.  Robustness analysis on edge cases. We evaluated performance under
challenging edge conditions, including bounding box noise, extreme object
scaling, unusual perspectives, and overexposure.

8) Performance on Different DiT Backbone: Our method
exhibits remarkable extensibility and can be seamlessly adapted
to various Diffusion Transformer (DiT) backbones. As presented
in Table I, we evaluated our approach on three architectures:
SD3 [32], Flux [50], and Qwen-Image [68]. Empirical results
confirm that our method remains robust across different archi-
tectures. Furthermore, the fusion performance scales with the
capacity of the base model. The more advanced Qwen-Image
sets a higher performance ceiling, achieving a top VR score of
6.36 on the DreamFuse Test dataset.

9) Reliability of the MLLM: To validate the reliability of our
MLLM-based metrics (VR, PQ, SC), we conducted a compre-
hensive analysis of human alignment and statistical stability. We
compared MLLM ratings against three professional annotators
on a subset of 240 samples. Table VIII reveals that Human-to-
MLLM correlations match inter-human agreement, validating
the MLLM’s accuracy. Furthermore, repeating the evaluation
five times yielded negligible variance (= 0.002), confirming the
stability of the metrics. These results ensure that our evaluation
protocol is a robust proxy for human preference.

10) Edge Case Study: To comprehensively assess model
robustness, we evaluated performance under challenging edge
conditions, including bounding box noise, extreme object scal-
ing, unusual perspectives, and overexposure. First, regarding
bounding box sensitivity, we introduced random perturbations to
scale and position (0%-50%) under settings with and without text
prompts. As shown in Fig. 16(a), the inclusion of text prompts
significantly enhances resilience; even at a severe perturbation of
50%, the drop in Semantic Consistency (SC) remains marginal
(= 0.2). Furthermore, we conducted a stress test on extreme
scaling, unusual perspectives, and overexposure by varying
perturbation intensities from 5% to 80% (Fig. 16(b)). The re-
sults demonstrate strong stability, with significant performance
degradation occurring only at extreme levels (50%-80%). This
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TABLE IX
EVALUATION OF TRY-ON (GARMENT) AND IDENTITY PRESERVATION (HUMAN) ON THE ANYINSERTION BENCHMARK

AnyInsertion (Garment) AnyInsertion (Human)

Methods
PSNRt SSIMt LPIPS| FID] PSNRT SSIMt LPIPS| FID|]  Face-Score 1
AnyDoor [9] 17.98 0.8202 0.2065 72.98 14.71 0.6807 0.3613 217.17 28.93
MimicBrush [66] 18.73 0.8455 0.1708 76.73 20.58 0.7654 0.2125 108.26 25.42
ACE++ [37] 18.11 0.7507 0.1086 35.62 19.21 0.7513 0.1529 66.84 48.73
InsertAnything [38] 23.78 0.8665 0.0522 28.54 23.85 0.8457 0.1269 52.77 54.19
Ours 23.23 0.8733 0.0754 28.16 23.47 0.8373 0.1347 54.65 52.62
TABLE X

COMPARISON OF COMPUTATIONAL EFFICIENCY AND MODEL STATISTICS

Methods Base Model Resolution Latency (s) Memory (GB) Params (B) W }
ControlCom [65] SD2.1 512 15.81 10.69 1.37 £ ﬁ- \ \ “ i %
TF-ICON [17] SD2.1 512 49.81 17.96 1.30 . .
Anydoor [9] SD2.1 512 2122 15.80 245 () More Diverse Examples fr
MADD [11] - 512 35.53 10.15 0.87 T ! “F 3
MimicBrush [66] SD1.5 512 19.44 8.12 1.07

ACE++ [37] Flux 1024 28.94 34.89 11.90

OmniGen?2 [39] OmniGen2 768 125.25 16.11 3.98

InsertAnything [38] Flux 768 38.84 36.85 12.83

Ours (SD3) SD3 768 359 28.47 8.43

Ours (Flux) Flux 768 18.48 32.28 11.92

Ours (Qwen-Image) Qwen-Image 768 64.72 55.71 20.43

indicates that our model can effectively withstand substantial
input variations before failure.

11) Computational Efficiency: We provide a detailed com-
parison in Table X, covering the base model, inference resolu-
tion, inference latency, GPU memory footprint and model pa-
rameters for all compared methods. As evidenced by the results,
our method maintains competitive efficiency without incurring
significant computational overhead. Despite the performance
gains, our inference latency and memory usage remain within a
reasonable range compared to baseline methods.

12) Syntheic vs. Real Data Gap: To investigate potential
synthetic-to-real domain gaps, we evaluated our model on the
‘Real Test Dataset’. The results confirm excellent generalization,
with our method outperforming the runner-up by a margin of
0.31 in Semantic Consistency (SC). Furthermore, we explored
a hybrid training strategy by incorporating 1,300 real-world
pairs from OmniPaint [69] (using Qwen-Image). As shown in
Table I, while mixing real data improves consistency (SC) and
text alignment (CLIP), it leads to a slight decline in aesthetic
metrics (VR). This is likely because raw real-world samples
often lack the high aesthetic quality inherent in synthetic data.
This finding suggests that while real data is beneficial, its scarcity
and variable quality make large-scale synthetic data a more
scalable and cost-effective solution for high-quality generation.

E. Limitations

1) Challenging Case Analysis: To evaluate generalizability,
we tested our method on a diverse set of real-world images. As
shown in Fig. 17(a), the model handles complex scenarios—such
as harsh lighting, hand interactions, and occlusions—robustly.
However, we also observe failure cases (Fig. 17(b)), particularly
involving identity consistency, anatomical artifacts (e.g., extra
limbs), and virtual try-on scenarios. We quantified these limita-
tions on the AnylInsertion benchmark [38] (Table IX), reporting
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(b) Some Failure Cases from Real-World Scenarios

Fig. 17.
scenarios.

More diverse examples and some failure cases from real-world

TABLE XI
QUANTITATIVE COMPARISON OF IDENTITY PRESERVATION ACROSS DIFFERENT
BASE MODELS

SD3 [32]
43.03

Flux [50]
47.89

Qwen-Image [68]
50.25

Face-Score [73]

PSNR, SSIM, LPIPS, FID, and Face-Score (via AdaFace [73]).
The results confirm that performance drops in identity-sensitive
and try-on tasks. These issues stem primarily from the data gen-
eration process: (1) The base model (e.g., FLUX) exhibits bias
towards Western facial features, affecting identity preservation;
(2) Excessive background preservation can lead to duplicated
body parts; and (3) The scarcity of domain-specific training data
limits generalization in try-on tasks. Notably, these limitations
are largely tied to the base model rather than our framework. To
demonstrate this, we compared identity preservation across dif-
ferent backbones in Table XI. A strong correlation is observed:
upgrading to a more capable model like Qwen-Image [68]
significantly boosts the Face-Score to 50.25. This indicates that
our pipeline is flexible and will naturally benefit from future
advancements in foundation models.

2) Base Model: In our experiments, we observe that the final
fused images largely inherit the style of the base model. As
shown in Fig. 18, training with SD3 [32] and Flux [50] results
in noticeable artifacts, such as facial overexposure and unnatural
waxy textures, which are consistent with the known limitations
of these models. Conversely, employing Qwen-Image [68] mit-
igates these overexposure issues, yielding significantly more
realistic details (e.g., hair texture). These findings demonstrate
the extensibility of our method: it can be seamlessly applied
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Fig. 18.  Performance of different base models on image fusion after training.

to more powerful foundation models, leveraging their advanced
generative capabilities to achieve superior image fusion.

VI. CONCLUSION

In this paper, we first propose an comprehensive data gen-
eration pipeline to create fusion scenarios that are relatively
rare in traditional fusion tasks, making the fusion process more
natural and flexible. Using this pipeline, we generated a dataset
of 160 k fusion data that encompass various scenarios, including
placement, handheld, wearable, style transfer, replacement and
attribute-referenced editing tasks. Additionally, we introduce
DreamFuse, an adaptive image fusion framework with the diffu-
sion transformer. This framework incorporates positional affine
transformations to encode the position and size of foreground,
employs shared attention mechanisms to establish connections
between the foreground and background, and ultimately lever-
ages localized direct preference optimization to further enhance
the quality of the fused images. Experimental results show
that our method outperforms existing approaches on multiple
benchmarks.
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