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Abstract

In controllable image generation, synthesizing coherent
and consistent images from multiple reference inputs, i.e.,
Multi-Image Composition (MICo), remains a challenging
problem, partly hindered by the lack of high-quality train-
ing data. To bridge this gap, we conduct a systematic study
of MICo, categorizing it into 7 representative tasks and cu-
rate a large-scale collection of high-quality source images
and construct diverse MICo prompts. Leveraging power-
ful proprietary models, we synthesize a rich amount of bal-
anced composite images, followed by human-in-the-loop fil-
tering and refinement, resulting in MICo-150K, a compre-
hensive dataset for MICo with identity consistency. We fur-
ther build a Decomposition-and-Recomposition (De&Re)
subset, where 11K real-world complex images are decom-
posed into components and recomposed, enabling both real
and synthetic compositions. To enable comprehensive eval-
uation, we construct MICo-Bench with 100 cases per task
and 300 challenging De&Re cases, and further introduce a
new metric, Weighted-Ref-VIEScore, specifically tailored
for MICo evaluation. Finally, we fine-tune multiple models
on MICo-150K and evaluate them on MICo-Bench. The re-
sults show that MICo-150K effectively equips models with-
out MICo capability and further enhances those with ex-
isting skills. Notably, Qwen-MICo, fine-tuned from Qwen-
Image-Edit, matches Qwen-Image-2509 in 3-image compo-
sition while supporting arbitrary multi-image inputs beyond
the latter’s limitation. Our dataset and benchmark will be
valuable resources for advancing MICo research.

1. Introduction

With the rapid advancement of generative Al, the capability
of image synthesis has expanded dramatically. Both text-
to-image (T2I) [5, 9, 19, 21, 22, 29, 32, 38, 42, 45, 55, 61]
and image-to-image (I2I) [4, 17, 30, 34, 39, 58, 62, 70]
models can now produce visually stunning and photorealis-
tic results. Meanwhile, these models have possessed richer
world knowledge and can support an increasingly diverse
set of conditioning modalities [36, 43, 71], ranging from
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complex textual prompts to depth maps, sketches, and ref-
erence images. Among them, generating new images fol-
lowing the textual intent of users while maintaining identity
(ID) consistency with reference images (particularly facial
ID [8, 14,23, 31,46,47, 54,59, 69]), a task often referred to
as personalized generation [40, 41, 60] or in-context genera-
tion [30, 51, 63, 72], represents one of the most valuable ca-
pabilities of modern generative models. Recent works such
as FLUX.Kontext [30] and Qwen-Image [61] have made re-
markable progress in this direction. However, these systems
only support a single-reference input, limiting the ability to
integrate multiple entities into a unified and coherent com-
position, restricting users’ freedom of creative design.
Multi-Image Composition (MICo) with identity con-
sistency, which involves combining content from multiple
source images into a coherent target image while faith-
fully adhering to the textual prompts, stands as one of the
most challenging yet underexplored tasks in generative im-
age modeling. Proprietary models like GPT-Image-1 [49],
Nano-Banana [15], and Seedream 4.0 [48] have pushed this
task to a new level of realism, coherence, and controllabil-
ity. However, open-source community remains a significant
gap in MICo compared to proprietary models, partly due to
the lack of high-quality datasets tailored for this task.
ConceptBed [40] provides a large-scale dataset of ID-
preserving images across varying concepts but does not in-
clude MICo data. Echo-4o [25] introduces such data only
as a small subset, with limited diversity in sources and
prompts. Some approaches achieve MICo without explic-
itly constructing composed targets [12, 41, 68]. Another
line of research [35], as shown in Fig. 1, constructs train-
ing pairs by segmenting instances from full images using
GroundingDINO [33] and SAM [26] as sources while orig-
inals as targets [7, 24]. However, such paradigms of-
ten yield incomplete and semantically ambiguous samples.
Later methods such as UNO [63], OmniGen2 [62], and
DreamO [37] enhance semantic richness by synthesizing
new contexts; however, the weak generative backbones they
used lead to highly homogeneous results in both style and
content. Recently, DreamOmni2 [64] introduces a three-
stage data generation pipeline, achieving more controllable
and consistent compositions. Nevertheless, the synthesized
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Figure 1. Previous MICo methods typically collect high-quality
images or video frames as target images (1). Using Open-
Vocabulary Detectors (OVD) [33] and SAM [26], objects within
targets are segmented to obtain source images (2). Some meth-
ods enhance the targets by retrieving additional frames of the
same subject from videos (3), or enhance the sources using S2I
(Subject-to-Image) or inpainting models (4). Training pairs are
then constructed along multiple paths: , (2—3), , and

. However, the masks in (2) are often incomplete and se-
mantically ambiguous; the generated images in (4) tend to share
similar styles, content, and limited diversity due to reliance on a
few fixed generative models; the frames in (3) originate from a
small number of high-quality videos, leading to limited scene va-
riety and a lack of imaginative or complex multi-subject scenarios.

scenarios. . \

0\ \ '

|

data still suffer from stylistic and contextual homogeneity.

In summary, existing MICo datasets face two main limi-
tations: (1) many source or target images are generated by a
few fixed T2I models, leading to homogeneous content and
a noticeable quality gap compared to proprietary counter-
parts; (2) datasets based on real photos or video clips are
limited in diversity, lacking imaginative scenarios, and bi-
asing toward person-centric compositions, with insufficient
coverage of object-centric or multi-subject cases.

To address these limitations, we introduce MICo-150K,

a high-quality and comprehensive dataset specifically de-
signed for multi-image composition tasks. We first define
a taxonomy with 3 major categories, 7 sub-tasks, and 27
fine-grained types, along with a realistic Decompose and
Recompose (De&Re) track, as illustrated in Fig. 2. For
each task, we design dedicated data collection and clean-
ing pipelines to curate high-quality source images of ob-
jects, humans, clothing, and scenes. Each image is paired
with a detailed, descriptive caption aligned with its visual
content. To generate composition prompts, we use GPT-
40 [39] with a Compose-by-Retrieval strategy, which com-
bines compatible source captions to form rich and coherent
prompts for each composition type. These prompts are then
fed into Nano-Banana [15], a state-of-the-art proprietary
model, to synthesize high-quality composite images. Fi-
nally, a human-in-the-loop post-filtering process is applied
to retain only the most accurate and visually consistent re-
sults, yielding the final MICo-150K dataset.

It is also observed that there lacks a dedicated benchmark
for evaluating MICo performance. To fill this gap, we intro-
duce MICo-Bench, a comprehensive benchmark compris-
ing 1,000 carefully curated cases, 100 for each of the seven
MICo sub-tasks and 300 challenging cases in the De&Re
subset. Each case is rigorously validated by human annota-
tors to ensure diverse semantics and scene coverage across
source images and text prompts. For evaluation, we pro-
pose a new metric Weighted-Ref-VIEScore, a reliable and
human-aligned metric for assessing MICo performance.

We fine-tune several T2I models, BAGEL [16], BLIP3-
o [10], Lumina-DiMOO [67], OmniGen2 [62], and Qwen-
Image-Edit [61] on MICo-150K and evaluate them us-
ing MICo-Bench. BLIP3-0 and Lumina-DiMOO that
originally lacked multi-image composition capabilities ac-
quire strong MICo abilities after fine-tuning. BAGEL and
Qwen-Image-Edit, though not explicitly trained for multi-
image composition, demonstrate emergent MICo capabil-
ity that is significantly enhanced after fine-tuning on MICo-
150K. OmniGen2, which already possesses robust multi-
image consistency, also exhibits further improvement af-
ter training. In summary, our contributions are threefold:
(i) We introduce MICo-150K, a large-scale high-quality
dataset specifically designed for multi-image composition
with identity consistency, and provide comparisons between
real-world and synthetic compositions.; (ii) We present
MICo-Bench along with the Weighted-Ref-VIEScore, es-
tablishing a comprehensive and reliable evaluation frame-
work for MICo task; (ili) We observe that some strongly
pretrained 121 models naturally exhibit emergent MICo
capabilities. Extensive experiments further demonstrate
the robustness and generality of MICo-150K, as models
with diverse architectures and initialization states consis-
tently achieve substantial improvements after fine-tuning.
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(a) High-quality open-source data are collected and cleaned through a dedicated pipeline, categorized into four groups: human, object, clothes, and scene,
each with detailed captions. For each task, a diverse set of source images is randomly sampled from these categories, and a multi-image composition prompt
is generated by GPT-40 using image captions under a “Composed-by-Retrieval” strategy. The generated prompt is then fed into Nano-Banana [15] to
synthesize composite images. Each output image undergoes an automated verification process including QwenVL2.5-72B [1] and ArcFace [18] to ensure
that all source images are correctly represented in the final composition before being included in the dataset.
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(b) We collect a large number of high-quality single-person portraits through our data-cleaning pipeline and use Nano-Banana [15] to decompose each
image into its constituent components—scene, human, objects, and clothes. Human annotators then carefully inspect all decomposed components to ensure
their quality. Once all parts meet the required standards, Nano-Banana is used again to recompose them into a complete image.

Figure 2. Construction pipeline of MICo-150K. (a) The data construction pipeline for the Human-Centric, Object-Centric, and HOI
(Human-Object Interaction) tasks. (b) The pipeline for the DeRe (Decompose and Recompose) task.

2. Related Work

Training-free MICo Methods. Versatile Diffusion [68],
trained solely on standard 121 data, adopts a unified multi-
flow diffusion framework optimized across diverse tasks,
exhibiting certain MICo capabilities. A-ECLIPSE [41]
learns the CLIP latent space using image—text interleaved
data and achieves MICo through a frozen diffusion in-
ference backend without any specific supervision. MIP-
Adapter [24] introduces lightweight, learnable adapters into
a frozen diffusion model, enabling MICo by training a small
adapter. LAMIC [12] extends single-reference T2I models
in a fully training-free manner by introducing Group Isola-
tion Attention and Region-Modulated Attention, which sup-
port layout-aware MICo without modifying the underlying
MMDIT parameters or requiring additional training data.

Trainable MICo Methods. Subject Diffusion [35]
pioneers a data construction paradigm that extracts
background-free instances using GroundingDINO [33] and
SAM [26] as source images, with the original images serv-
ing as targets. This strategy has provided valuable in-

sights for building MICo datasets. MS-Diffusion [60] fol-
lows this approach but constructs semantically aligned im-
age pairs from different frames of the same object in video
clips, avoiding direct copy—paste duplication. UNO [63] en-
hances model capability through progressive cross-modal
alignment. It follows Subject Diffusion [35] but employs
a Subject-to-Image (S2I) model to generate new source
images rather than using the original instances directly.
DreamO [37] introduces feature routing constraints into
the DiT training process to ensure identity consistency.
It uses PuLID [23] to generate multiple portraits of the
same person ID and selects different frames of the same
subject from videos for body-level data. OmniGen2 [62]
employs two distinct decoding pathways for text and im-
age with unshared parameters and achieves strong MICo
ability through large-scale training. Its data pipeline also
leverages multi-frame videos but includes refined filter-
ing and inpainting strategies to restore background con-
text. XVerse [7] introduces a T-Mod Resampler that pro-
cesses each source image and injects its representation into
a per-token modulation adapter, while incorporating VAE
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features to preserve fine-grained details. DreamOmni2 [64]
proposes a novel three-stage data construction pipeline. It
first introduces dual-branch attention mixing in a T2I model
to generate two semantically aligned images with partially
shared features, then trains an extraction model on them,
which is subsequently used to generate reference images.

3. MICo-150K Dataset

This section provides the detailed construction pipeline of
the MICo-150K. Sec. 3.1 describes the collection of source
images, while Sec. 3.2 details the construction processes of
the four task categories. For clarity, the number of cases for
each sub-task is summarized in Tab. 1, representative exam-
ples from each task are illustrated in Fig. Al in Appendix.

3.1. Source Image Collection

Object Images. We collected object images and the cor-
responding captions from the Subject200k [52] dataset. To
ensure quality, we employed Qwen2.5-VL-72B [1] for fil-
tering, removing images containing humans, obvious blur,
corruption artifacts, or ambiguous semantics. Each retained
image was assigned a detailed, descriptive caption and cat-
egory label. Within each category, we extracted visual
features using DINO-v3 [50] and SigLIP2 [56], concate-
nated them, and applied DBSCAN [20] clustering to elimi-
nate redundancy, keeping only one representative image per
visual-semantical cluster. After this rigorous cleaning pro-
cess, we obtained 31.5K high-quality object images.

Human Images. We collected 13.7K high-quality model
images from the VITON-HD [13] try-on dataset, 6K upper-
body portraits from the Headshot iStockPhoto dataset [2],
3K high-resolution portraits from the Headshot Pexels v1
dataset [3], professional portrait photos from the X2I-
Subject-Driven dataset [66], and 144K photos of 5,403
celebrities. We then employed Qwen2.5-VL-72B [1] to
remove images containing multiple faces, back views, or
heavily occluded faces. Each remaining image was anno-
tated with a detailed caption describing gender, attributes,
clothing, and posture. After the cleaning and annotation
process, we obtained 44.6K high-quality human portraits,
ensuring maximal diversity in facial identities.

Cloth Image. We collected clothing images from the Sub-
ject200k [52] and the VITON-HD [13] try-on dataset. The
clothing items were categorized by type (upper garments,
lower garments, shoes, accessories) and gender, forming
diype * 2gender = 8 subcategories in total. We used
Qwen2.5-VL-72B [1] to filter out unclear or inappropri-
ate items and generate descriptive captions for each image.
The final source pool contains 17.3K upper garments, 1.3K
pants, 428 pairs of shoes, and 7.8K accessories.

Scene Images. We collected scene images from the Mu-

lan [57], Echo-40 [25], and SUN397 [65] datasets. How-
ever, the overall quality of these scenes varies significantly.
To make them suitable, we first filtered out images whose
shorter side was below 512 pixels. For the remaining im-
ages, we used Qwen2.5-VL-72B [1] to perform a series of
quality checks: (/) the scene must be open and contain no
people; (2) it should depict a realistic, natural environment
with no visible artifacts; (3) it should be clean and well-
organized, without elements such as toilets or garbage; (4) it
must not be overly confined and should be spacious enough
to accommodate at least one person. In addition, we used
GPT-40 [53] to generate extra portrait-friendly scenes. We
manually collected 200 high-frequency scene descriptions
from AIGC community forums used for portrait generation,
assigned concise text labels to them, and then prompted
GPT-4o0 to synthesize the corresponding scenes. After all
filtering and generation, we obtained a final set of 11K high-
quality scenes suitable for the MICo tasks.

Compose-by-Retrieval. We employ Nano-Banana [15] to
compose the source images according to task settings, pro-
ducing high-quality composite results. However, directly
sampling source images at random from the pools may lead
to semantically incompatible combinations, for instance,
pairing a male athlete with high-heeled shoes, resulting in
poor generation quality. To address this, we propose the
Compose-by-Retrieval strategy. After choosing a primary
(subject) image, we sample multiple candidates for cloth-
ing, scenes, or objects from respective pools. We then pro-
vide the subject image, candidate images, and their detailed
captions as the context to GPT-40 [53] to select the most
semantically compatible combination for composition.

3.2. Construction of MICo Tasks

Object-Centric Tasks. We define two sub-tasks for object-
centric composition. The Object + Object task involves
combinations of one to four distinct objects, where source
images are randomly sampled for composition. The Object
+ Scene task covers compositions of a single object or two
objects placed within a specific scene. We adopt the pro-
posed Compose-by-Retrieval strategy, which provides mul-
tiple candidate scenes for each object and adaptively se-
lects the most semantically compatible one. Previous MICo
methods typically use source image captions directly as
prompts, such as “Combine 2 images according
to <Caption A> and <Caption B>.” To pro-
mote prompt diversity and naturalness, we instead treat
source captions as contextual input for GPT-40, which gen-
erates a more coherent composition prompt. Furthermore,
GPT-40 annotates the prompt with explicit token-to-source
mappings, providing a foundation for future studies on la-
tent space alignment. We then used Nano-Banana to syn-
thesize composite images and employed Qwen2.5-VL-72B
for verification. Each source image is paired with the gener-
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Table 1. Statistics of the MICo-150k dataset. The dataset is carefully balanced to ensure diversity across task types and input images. In
the Types column, abbreviations denote component categories: O = Object, S = Scene, P = Person, M = Man, W = Woman, and C = Cloth.

Task Sub-task Types Count
Object Centric Object + Scene 1018, 2018 5014, 4999
Object + Object 20, 30, 40, 50 10007, 10012, 5001, 4998

. Person + Person
Person Centric

IM1W, 2M1W, 2W1M
2M, 2W, 3M, 3W

3001, 3003, 3066
2996, 3006, 2999, 2991

Person + Scene

1P1S, 2P1S

4986, 4994

Person + Objects

1P10, 1P20, 2P10, 2P20

5020, 4973, 5071, 5050

Human Object Interaction Person + Clothes

1P1C, 1P2C, 1P3C, 1P4C

7031, 7017, 6942, 6973

Person + Objects + Clothes

1P1C10, 1P1C20
1P2C10, 1P2C20

5034, 5022
5025, 5011

De&Re

Adaptive

11677

118357

53648

33576

22098

1842
ot 879 610

human objects clothes

(a) Statistics of source image counts across different categories.

scene

150919

116488
MICo-150k /;;%‘22
Echo—4o/_
77.19% 72.62%

(b) Semantic redundancy in text prompts. We extract text embeddings us-
ing CLIP and set a cosine similarity threshold of 0.85 to identify duplicates.

Figure 3. High-quality multi-image composition datasets that are
non-segmentation-based and not generated by Flux series [30] are
extremely rare; to the best of our knowledge, only Echo-40 [25] is
publicly available. MICo-150K significantly surpasses it in both
source image diversity and text prompt semantic variety.

ated target, and the model checks whether the objects from
the source appear correctly in the final composition.

Person-Centric Tasks. We define two sub-tasks: Person
+ Person, which covers 7 different gender and group com-
binations, and Person + Scene, which composes 1 or 2 in-
dividuals placed within specific scenes. We find that omit-
ting explicit gender specification in prompts degrades gen-
eration quality. Therefore, we explicitly state gender in-
formation in the Person + Person task. For the Person +
Scene task, we adopt the Compose-by-Retrieval strategy to
select semantically compatible scenes for each person. Dur-
ing quality control, objects and scenes are verified using
Qwen2.5-VL-72B, while face ID consistency is evaluated

via ArcFace [18] embeddings. Specifically, we extract face
ID embeddings from both the source and generated images
and compute the optimal matching using the Hungarian al-
gorithm [28]. A generation is considered valid only if all
matched pairs exceed a task-specific similarity threshold.

Human Object Interaction Tasks. We define three sub-
tasks: Person + Object, Person + Clothes, and Person +
Object + Clothes, each further divided into four task vari-
ants as summarized in Tab. I(third row). During the com-
position phase, we explicitly specify the gender of the hu-
man source and apply the Compose-by-Retrieval Strategy to
select semantically compatible objects or clothes for each
case. For quality verification, we employ both Qwen2.5-
VL-72B and ArcFace. The former ensures that all visual
entities are correctly rendered, while the latter extracts face
ID and evaluates the consistency with the source images.

Decompose-and-Recompose (De&Re) Tasks. This task
is the most complex and comprehensive part in MICo-
150K. We first curated a large collection of high-quality
single-person portraits from the CC12M [6] dataset. Us-
ing Nano-Banana, we decomposed these complex, real-
istic photographs into separate components such as hu-
mans, clothing, objects, and scenes. Human annotators then
conducted fine-grained quality checks, identifying failure
cases, such as those missing object identities, or directly
copy-pasted, lacking sufficient variance. Then, the anno-
tators rewrote component-specific prompts to correctly ex-
tract the intended elements. After this human-in-the-loop
refinement process, Nano-Banana was used again to recom-
bine them into complete images. Thus, each set of compo-
nents produces two versions: a real-world composition and
a recomposed synthesized one, as illustrated in Fig. 2.

After the above construction process, the statistics of
the dataset’s source images and text prompts are shown in
Fig. 3, demonstrating significantly greater diversity com-
pared to other datasets [25] with similar functionality.
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Figure 4. Traditional VIEScore requires inputting all source and generated images into the evaluator, which often leads to degraded
performance as GPT-40’s cross-image attention becomes overloaded. This prevents the model from fully understanding each image
and accurately determining whether every source appears in the target, resulting in substantial scoring errors (in this example, all the three
human evaluators unanimously agreed that Image B was far superior). In contrast, MICo-Bench first assess whether each source image
appears in the generated result to produce weights. Each case also includes a verified reference image that contains all sources. During
evaluation, GPT-40 compares only the generated image and the reference image, enabling human-level judgment accuracy.

4. MICo-Bench

We first analyze why conventional image generation metrics
are insufficient for MICo task (Sec. 4.1), then introduce the
Weighted-Ref-VIEScore (Sec. 4.2). Finally, we describe the
curation pipelien of our benchmark (Sec. 4.3).

4.1. Why Existing 121 Metrics Fail for MICo?

With the rapid rise of general-purpose Vision-Language
Models (VLMs), evaluating generative tasks such as 121
and T2I through VLMs has become increasingly popular.
VIEScore [27] offers a representative framework for VLM-
based image evaluation by decomposing overall quality into
two dimensions: Semantic Consistency (SC) and Percep-
tual Quality (PQ). The final score is computed as SC' x PQ).
OmniContext Bench [62] follows this framework and em-
ploys GPT-40 [53] to evaluate the SC score of composi-
tion results in terms of Prompt Following (PF) and Subject
Resemblance (SR). However, it has a key limitation: it re-
quires all source images to be input simultaneously during
evaluation. Although modern VLMs like GPT-40 [53] are
highly capable, their cross-image attention remains lim-
ited. When too many images are provided, the model strug-
gles to accurately perceive each image’s content, leading to
unreliable assessments of composition quality and conse-
quently wrong scores, as illustrated in first row of Fig. 4.

4.2. Weighted-Ref-VIEScore

To overcome the limitations of existing evaluation frame-
works, we introduce a weighted, reference-based evaluation
paradigm tailored for multi-image composition.

Weighting: During each evaluation, every non-human
source image is first paired with the generated result and fed
into Qwen-VL2.5-72B [1] to determine whether the source
image successfully appears in the generated output. For fa-
cial source images, we instead employ ArcFace [18] to ver-
ify whether the corresponding face is correctly preserved
in the result. This process yields a weight for each source
image, reflecting its contribution to the composition. How-
ever, relying solely on these weights may be exploited by
models, for instance, by trivially copy-pasting all sources
into the output. To prevent such bias, we incorporate a
complementary reference-based mechanism.

Reference: For each case, we first generate a high-quality
reference image using Nano-Banana [15], followed by rig-
orous human verification to ensure that all source ele-
ments are faithfully represented, with the necessary visual
variance and semantic alignment with the given prompt.
During evaluation, GPT-40 [53] compares each generated
image with its reference image individually, rather than
jointly processing all source images, as illustrated in Fig. 4
(Weighted-Ref-VIEScore). . This design yields a more ac-
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Figure 5. Qwen-Image-2509 is trained on a massive-scale dataset
and supports only three-image inputs, while Qwen-MICo is
trained solely on MICo-150K and supports arbitrary multi-image
inputs, producing images with higher aesthetic quality.

curate and human-aligned SC score. The PQ score is then
computed solely based on the generated image. Finally, the
overall score is defined as W x /SR x PF x P(@ where
W denotes the source-specific weighting factor. Extensive
user studies demonstrate that our metric aligns with human
preference significantly better than existing alternatives.

4.3. Benchmark Curation

We construct MICo-Bench by selecting 200, 200, and
300 representative cases from the Object-Centric, Person-
Centric, and Human—Object Interaction tasks of MICo-
150K (as shown in Tab. 1), respectively—100 cases from
each sub-task, and an additional 300 cases from the De&Re
subset, resulting in 1,000 high-quality benchmark cases. To
ensure annotation reliability and fairness, we invited three
independent reviewers who were not involved in this project
to perform the selection. These reviewers were unaware
of the distinctions between the general composition tasks
and the De&Re task. Each case was evaluated from two
perspectives: (1) whether all objects from the source im-
ages were correctly preserved in the generated result, and
(2) whether the final image aligned with the textual instruc-
tion. Only the cases unanimously judged as satisfactory by
all three reviewers were retained for the final benchmark.

5. Experiments

5.1. Experiments Setting

To validate the effectiveness of our dataset, we train
five open-source models: BAGEL [16], OmniGen2 [62],
Luminia-DiMOO [67], BLIP3-o [10], Qwen-Image-
Edit [61] on MICo-150K, and evaluate their performance

on MICo-Bench. For BAGEL, we freeze the understand-
ing branch and VAE while fine-tuning the generation branch
parameters. For BLIP3-0, we build upon the BLIP30-Next-
Edit [11] version and set the maximum sequence length to
5120, with sequences right-padded or truncated as needed.
For OmniGen2, we simply perform full fine-tuning. For
Luminia-DiMOO, we set the input maximum sequence
length to 6144, and resize all input images to 512 x 512.
For Qwen-Image-Edit, we use our custom training pipeline.
The encoder and VAE are frozen, while all parameters of
the MMDIT module are fine-tuned. We further conducted
an ablation study on the De&Re task, comparing three train-
ing configurations: without De&Re, with real De&Re target
images, and with synthetic De&Re target images.

5.2. Results and Discussions

The experimental results in Tab. 2 show that models with
diverse architectures and initial capabilities all exhibit sub-
stantial improvements in multi-image composition after
fine-tuning on MICo-150K. Notably, the fine-tuned Qwen-
MICo (derived from Qwen-Image-Edit) achieves perfor-
mance close to that of closed-source models, further
demonstrating the effectiveness of our dataset.

Open-Source Models. As shown in Fig. 6, BLIP3-0 and
DiMOO, which originally lack any MICo ability, exhibit
clear gains after fine-tuning on MICo-150K. BAGEL and
Qwen-Image-Edit, benefiting from large-scale multi-task
pretraining, already display emergent MICo capabilities,
which are further reinforced after fine-tuning. The fine-
tuned Qwen-MICo achieves 3-image composition perfor-
mance comparable to Qwen-Image-2509 [44], as shown in
Fig. 5, despite the latter being trained on a dataset hundreds
of times larger. Moreover, Qwen-MICo supports arbitrary
multi-image inputs, whereas Qwen-Image-2509 is limited
to three. OmniGen2, pretrained on MICo-related tasks, al-
ready exhibits compositional ability, especially in maintain-
ing facial identity, and further benefits from MICo-150K.

Closed-Source Models. Overall, Nano-Banana achieves
higher quantitative scores, yet GPT-40 exhibits superior ro-
bustness. Regardless of the input configuration, GPT-40
consistently produces coherent and semantically appropri-
ate compositions, avoiding issues such as incomplete bod-
ies, total identity loss, or direct “copy—paste” artifacts that
occasionally appear in Nano-Banana’s outputs. Represen-
tative cases are illustrated in Fig. A3 of the Appendix.

Emergent Capability. It is worth noting that BAGEL
and Qwen-Image-Edit were not trained on any multi-image
composition data. However, when multiple source image
tokens are simply concatenated and fed into the model, they
exhibit emergent MICo ability. After simple SFT on MICo-
150K, these abilities are significantly enhanced. Moreover,
even without using data from the De&Re task, where no
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Table 2. Performance comparison on MICo-Bench across different open-source and closed-source model: “base” denotes the original
model; “w/0” indicates fine-tuning without the De&Re task; “real” and “synth” correspond to fine-tuning with real and synthetic composi-
tions from the De&Re task, respectively. The best performance of each model under each task is highlighted in bold.

Model ‘ Overall ‘ Object ‘ Person ‘ HOI ‘ De&Re
‘ base w/o real synth‘ base w/o real synth‘ base w/o real synth‘ base w/o real synth‘ base w/o real synth

Open-Source Models

BLIP3-0 22 422 432 430 | 32 367 367 366 | 2.1 412 413 413 | 2.1 456 467 466 | 1.2 42.1 452 451

DiMOO 43 323 342 339 | 38 338 338 336 | 13 31.6 31.7 316 | 65 395 401 402 | 1.8 239 270 267

BAGEL 333 426 443 441 | 314 393 393 392 | 324 446 448 446 | 269 380 389 389 | 41.2 481 50.9 50.6

Qwen-Image 385 564 582 581 | 354 530 531 53.0 | 38.8 564 56.6 565 | 369 565 569 568 | 414 582 60.7 60.6

OmniGen2 41.0 50.6 51.2 50.7 | 39.0 42.1 422 421 | 33.1 50.1 504 502 | 395 544 548 548 | 469 519 524 523
Closed-Source Models

GPT-40 59.6 - - - 591 - - - 538 - - - 60.1 - - - 61.3 - - -

Nano-Banana 60.3 - - - 586 - - - 594 - - - 62.1 - - - 604 - - -

Source Im BAGEL OmniGen2

Qwen-Image

Figure 6. The leftmost displays the source and reference images. The first row shows model outputs before fine-tuning, the second row
presents outputs after fine-tuning. The Weighted-Ref-VIEScore for each generated result is annotated in the corner. MICo-150K demon-
strates strong robustness: BLIP-30 and Lumina-DiMOO acquire MICo capability from scratch; the emergent MICo abilities of BAGEL
and Qwen-Image are significantly strengthened; OmniGen2 achieves further improvement on top of its already strong performance.

other training samples contain combined human, object,
clothing, and scene all together, all models still demonstrate
emergent performance on the MICo-Bench De&Re subset.

Synthetic Data vs. Real Data. Each group of source im-
ages in the De&Re task is paired with a real and a synthetic
target . As shown in Tab. 2, models trained on synthetic tar-
gets achieve nearly identical performance to those trained
on real ones, showing that carefully curated synthetic data
can serve as an effective substitute in MICo training.

6. Conclusion

We introduced the Multi-Image Composition (MICo) task,
along with MICo-150K, the first large-scale high-quality
dataset tailored for this task, encompassing three tasks,
seven subtasks, and 27 composition types, along with a
De&Re subset providing real-synthetic pairs for controlled

comparison, totaling 150K MICo cases with varying num-
bers of input images. We further proposed MICo-Bench
and Weighted-Ref-VIEScore, providing a reliable frame-
work for evaluating MICo performance. Extensive ex-
periments reveal interesting insights and further show that
training on MICo-150K consistently boosts MICo perfor-
mance across different models with diverse initial strengths.
Notably, Qwen-MICo fine-tuned on MICo-150K achieves
3-image composition performance comparable to Qwen-
Image-2509, despite the latter being trained on a dataset
hundreds of times larger and restricted to 3-image inputs,
while Qwen-MICo supports arbitrary inputs.

Limitations. MICo-150K covers a wide variety of input
combinations, but ultra-complex scenes, such as rare ob-
jects, highly dynamic actions or 5+ distinct individuals si-
multaneously, could be further expanded in future work.
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