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Supplementary Material

In the accompanying zip archive, we provide the com-
plete set of prompts for MICo-Bench, along with captions
for all source images in each case. We also provide the
meta-prompts used to query GPT-4o [17] when computing
the Weighted-Ref-VIEScore’s Perceptual Quality (PQ) and
Semantic Consistency (SC) scores. We release the genera-
tion outputs of Qwen-MICo on MICo-Bench, together with
their raw evaluation results. Due to the 200 MB submission
file size limit, We provide 15 examples for the De&Re task,
and three examples per task type for all other types.

In this Appendix, we organize the supplementary mate-
rials into the following sections:

• A1. Reproducibility, Licensing, Data Release
• A2. Visualizations and Qualitative Examples
• A3. Analysis of Human-Face Source Images
• A4. Details of Weighted-Ref-VIEScore
• A5. Human Study and Metric Alignment
• A6. Additional Experiments
• A7. Quantitative Evaluation of Qwen-MICo

A1. Reproducibility, Licensing, Data Release
MICo-150K and MICo-Bench (which are strictly non-
overlapping—the training set contains no MICo-Bench im-
ages) will be fully released upon acceptance. The release
will include all source images (or corresponding metadata),
all multi-image composition tasks, and the complete set of
GPT-based evaluation prompts. All GPT evaluations in the
main paper were conducted with temperature=0, yield-
ing deterministic outputs and ensuring full reproducibility.

All MICo-150K source images come from pub-
licly released datasets with open licenses, includ-
ing Subject200k [16], VITON-HD [6], X2I-Subject-
Driven [23], Mulan [18], Echo-4o [11], SUN397 [22],
and CC12M [4]. The two headshot datasets used for
identity filtering, BKM1804/headshot istockphoto [2] and
BKM1804/headshot pexels v1 [3], are released under the
Creative Commons Attribution 4.0 (CC BY 4.0) license.
This license permits redistribution, modification, and re-
search use, provided that proper attribution is given.

Our use of these datasets conforms to all licensing and
redistribution requirements. No private or restricted data
were used, and no personally identifiable images outside
openly licensed sources were collected.

A2. Visualizations and Qualitative Examples
This section provides additional visual examples. Fig. A1
presents more cases from the dataset. Fig. A2 illustrates

examples from the five open-source models before and after
being trained on MICo-150K. Fig. A3 compares examples
generated by GPT-Image-1 [12] and Nano-Banana [7].

A3. Analysis of Human-Face Source Images
A3.1. Data Sources, Licensing, and Ethics
Celebrity Faces. All celebrity portraits in MICo-150K
originate exclusively from the public X2I-Subject-Driven
dataset [23], which provides high-quality subject-centric
photographs under a research-permissive license. No addi-
tional celebrity images were crawled or collected from the
web. To mitigate right-of-publicity and privacy risks, raw
celebrity images will not be redistributed; only derived
metadata and selection indices will be released.

Non-Celebrity Faces. The remaining portraits are drawn
from three established datasets commonly used in virtual
try-on and portrait-generation research: VITON-HD [6]
(research-only license), Headshot iStockPhoto [2] and
Headshot Pexels v1 [3] (CC-BY-4.0). The two headshot
datasets released under CC-BY-4.0 explicitly permit redis-
tribution, modification, and research use with proper attri-
bution, as discussed in Sec. A1. All images were used in
strict accordance with their respective licenses.

Across all sources, MICo-150K contains no private,
scraped, or user-uploaded photographs. The portraits are
used solely for constructing multi-image composition tasks;
no identity recognition, biometric profiling, or sensitive at-
tribute inference is performed.

A3.2. Demographic Distribution Analysis
To understand the demographic characteristics and potential
bias of the human-face source images used in MICo-150K,
we employed Qwen2.5-VL-72B to estimate three attributes
for each portrait: (1) ethnicity, (2) gender, and (3) coarse
age group. In total, we analyzed 53,648 human-face source
images, including 11,677 images used in the De&Re task
and 41,971 images used in all other MICo tasks.

Ethnicity. The estimated ethnic distribution is East/South-
east Asian: 6,740, South Asian: 3,337, European/Middle
Eastern: 33,982, African: 9,290 and Others: 299. This
reveals an over-representation of European/Middle Eastern
subjects and relative under-representation of Asian groups,
reflecting the typical skew of widely used portrait datasets.

Gender. The raw gender distribution is Male: 21,241 and
Female: 32,407. During MICo-150K task construction,
however, we explicitly enforced gender balancing. Across
the 159,091 human-face images sampled for all composi-



Figure A1. Visualization examples from the MICo-150K dataset. Row 1 (Object-Centric): “2 objects + scene” and “4 objects” composi-
tions. Row 2 (Person-Centric): “3 women” and “2 persons + scene”. Row 3 (Human-Object Interaction): “1 person + 4 objects” and
“2 persons + 2 objects”. Row 4 (De&Re): the first image is a real-world photo, the last is the recomposed result, with intermediate visual
elements including decomposed persons, objects, clothes, and scene components.

tions (see Tab. 1 in the main paper), the resulting ratio be-
comes approximately 1:1, mitigating upstream imbalance.

Age. The age distribution is Child: 1,421, Teen/Young
Adult: 31,413, Middle-Aged: 19,146, and Older Adult:
1,668, showing a strong dominance of young adults, a pat-
tern that is common in fashion, try-on, and aesthetic portrait

datasets. Importantly, for multi-image composition tasks,
this age skew is unlikely to negatively impact model be-
havior, as real-world applications naturally exhibit a similar
young-adult majority. Thus, while the distribution is un-
even, it is largely aligned with practical usage scenarios.



Figure A2. Comparison of open-source models before and after MICo-150K training. Some source images were cropped or background-
removed for visualization. BLIP3-o [5] and Luminia-DiMOO [24] gain strong multi-image composition abilities after training. Qwen-
Image-Edit [20] and BAGEL [8] were not explicitly trained for MICo tasks, but exhibit emergent MICo capabilities that are further
enhanced through fine-tuning. OmniGen2 [21] preserves identity well and produces more aesthetic, prompt-aligned results after training.

Figure A4. Human-face source images exhibit a Western-centric
ethnicity skew and a young-adult bias, reflecting characteristics
inherent in the upstream public datasets rather than biases intro-
duced by MICo-150K itself.

Discussion and Mitigation. The demographic analy-
sis highlights several imbalances, particularly a Western-
centric ethnicity skew and a young-adult bias. These lim-
itations stem from upstream public datasets and are not spe-

cific to MICo-150K. We emphasize that MICo-150K is not
designed for fairness benchmarking or identity-sensitive
evaluations. Instead, its purpose is restricted to studying
visual multi-image composition.

Overall, while demographic skew is present, as shown
in Fig A4, we openly document these statistics to facili-
tate informed and responsible use. We caution against ap-
plying MICo-150K in fairness-critical or identity-sensitive
contexts. Future work may incorporate more diverse por-
trait sources to improve global representativeness.

A4. Details of Weighted-Ref-VIEScore

A4.1. Weights

As described in Sec. 4.2 of the main paper, the Weighted-
Ref-VIEScore applies a multiplicative visibility coefficient
W , computed as the ratio between (i) the number of source
images whose key content is successfully preserved in the
generated target image and (ii) the total number of source



Figure A3. Nano-Banana [7] produces more realistic images with stronger fidelity to the source inputs and a higher quality ceiling, but
occasionally fails on certain cases. GPT-Image-1 [12] exhibits a more stylized, less photo-realistic look, yet remains highly stable and
consistently yields semantically coherent results.

images. The critical step is therefore determining whether a
source element is present in the target image.

Objects, clothing items, and scenes. For non-human
content, we employ Qwen2.5-VL-72B [1] to compare the
source and target images. For each case, we construct a
task-specific binary question (e.g., “Does the <object> in
the source image appear in the target image?”) and treat
the model’s answer as a binary indicator of presence.

Human faces. For source images containing faces, we
use ArcFace [9] to extract identity embeddings from both
source and target portraits and compute cosine similarity.
According to the finding of Xu et al. [25], face-ID similarity
is not a “higher-is-better” metric: extremely high similar-
ity often indicates copy–paste artifacts and leads to unnat-
urally rigid identity transfer. Real photos of the same per-
son typically form a similarity distribution peaking around
∼ 0.58, rather than near 1.0. To balance identity consis-
tency with realism, we use task-dependent thresholds: iden-
tity is treated as preserved when the similarity exceeds 0.50
for person-centric tasks; and 0.45 for all other tasks, where
facial details are less essential. These thresholds prevent the
metric from favoring trivial copy–paste solutions while still
recognizing correct identity transfer in multi-image compo-
sition.

A4.2. SC and PQ Scoring
To compute the Semantic Consistency (SC) and Perceptual
Quality (PQ) components of the Weighted-Ref-VIEScore,
we query GPT-4o twice, once for SC and once for PQ.

For SC scoring, the model takes two images as input,
a reference image and the image to be evaluated, and pro-
duces two sub-scores:

• Prompt Following (PF): how well the generated image
follows the textual input prompt;

• Subject Resemblance (SR): how well the generated im-
age matches the reference image in terms of people,
scenes, clothing, and objects.

Both PF and SR are scored on a [0, 10] scale, and
the final SC score is defined as SC =

√
SR × PF. We

use a fixed meta-prompt for SC evaluation. The full
prompt template is provided in the supplementary file
SC meta prompt.txt.

For PQ scoring, the model takes only the image to be
evaluated as input and produces two sub-scores:

• Naturalness: evaluates whether the generated image
appears visually plausible, including coherent lighting,
shadows, geometry, and overall realism.

• Artifacts: measures the absence of visual defects such as
distortions, duplicated limbs, or unnatural textures.



Figure A5. We refer to the metric without the weighting factor W
as Ref-VIEScore. We conduct extensive human studies and com-
pute the Spearman rank correlation between human preferences
and the rankings produced by both Weighted-Ref-VIEScore and
Ref-VIEScore. The results are summarized in the figure.

Both naturalness and artifacts are scored on a [0,10]
scale, and the final PQ score is defined as their geometric
mean. The full prompt template is provided in the supple-
mentary file PQ meta prompt.txt.

A5. Human Study and Metric Alignment

To validate the effectiveness of Weighted-Ref-VIEScore,
we conducted an extensive human study to measure its
alignment with human preferences. From the 27 task types
in MICo-Bench, we sampled two cases per type, and addi-
tionally selected 21 cases from the De&Re task, yielding a
total of 75 evaluation cases.

For each case, we randomly selected five candidate out-
puts from a pool of twelve models: five open-source models
(BLIP-3o [5], Lumina-DiMOO [24], BAGEL [8], Qwen-
Image-Edit [20], OmniGen2 [21]) in both their pre-training
and MICo-finetuned versions, and two closed-source mod-
els (GPT-Image-1 [12] and Nano-Banana [7]). Human eval-
uators were provided with the source images, text prompts,
and the five anonymized candidate outputs for ranking.

We recruited 25 human participants, all holding at least
a bachelor’s degree, including 9 senior Ph.D. students. We
further define Ref-VIEScore as the variant of our metric
without the weighting factor W , i.e., SC × PQ.

For each case, we computed the Spearman rank corre-
lation between each participant’s ranking and the rankings
produced by Weighted-Ref-VIEScore and Ref-VIEScore.
The average correlation across 25 participants was used as
the final correlation score for that case. We report results
under two groupings: (1) grouped by task type, and (2)
grouped by the number of input source images. The re-
sults, summarized in Fig. A5, reveal three key findings:

1. Strong human–metric alignment. Weighted-Ref-
VIEScore achieves consistently high Spearman correla-
tions across all task types, indicating robust agreement
with human judgment.

2. Robustness to varying numbers of source images.
Thanks to our reference-image design, Weighted-Ref-

VIEScore maintains stable accuracy regardless of how
many source images are provided as input.

3. Importance of the weighting factor W . Weighted-Ref-
VIEScore outperforms Ref-VIEScore across all settings.
Moreover, the inclusion of W provides interpretability
by revealing which source elements failed to appear in
the generated image, a capability essential for diagnos-
ing and improving model behavior.

A6. Additional Experiments
A6.1. Reference Image and Style Homology Risk
A natural concern is whether Weighted-Ref-VIEScore may
implicitly favor images whose visual style is closer to
that of the reference generator, since reference images
for most MICo-Bench tasks are synthesized using Nano-
Banana [7]. One might hypothesize that models producing
Nano-Banana–like aesthetics could receive higher scores.

We first clarify the setup: for all De&Re task cases, the
reference images are real photographs, whereas only the
reference images for the remaining 27 task types are gen-
erated by Nano-Banana.

To evaluate whether such style homology affects scoring,
we randomly sampled 108 cases from the non-De&Re task
types (4 cases per type). For each case, we generated out-
puts from three different models, GPT-Image-1 [12], Qwen-
MICo, and Nano-Banana [7]. We then computed a style
distance between each model output and the corresponding
reference image using DINOv2 [13] ViT-b cosine distance,
a strong self-supervised perceptual feature encoder widely
used for measuring cross-image similarity.

This produced a sequence of model rankings induced
by style distance and a sequence of rankings induced by
Weighted-Ref-VIEScore. We computed the Spearman cor-
relation ρ between these two rankings for each case.

Across all 108 cases, the mean correlation was
ρ = 0.251, indicating only a weak association between
reference-style similarity and VIEScore ranking. In other
words, models whose outputs resemble the Nano-Banana
reference style are not systematically favored. Weighted-
Ref-VIEScore does not reward stylistic imitation, and its
scoring behavior is largely orthogonal to reference simi-
larity. Qualitative examples illustrating this lack of depen-
dency are shown in Fig. A6.

A6.2. GPT-4o Evaluator-Generator Coupling
Since our evaluation relies on GPT-4o [17] to compute both
the PQ (Perceptual Quality) and SC (Semantic Consis-
tency) scores, a natural concern is the potential risk of eval-
uator–generator coupling: if a generative model produces
images whose style is similar to that of GPT-Image-1 [12]
(or when GPT-Image-1 itself is being evaluated), could such
outputs receive artificially inflated scores? Although prior



Table A1. We evaluate on the MICo-Bench subset where each case contains exactly three input images, since Qwen-Image-2509 does not
support higher-order composition. Qwen-MICo consistently outperforms Qwen-Image-2509 across nearly all evaluation dimensions.

Method Object Centric Person Centric HOI
2O1S 3O 2M1W 2W1M 3M 3W 2P1S 1P2O 2P1O 1P2C 1P1C1O

Qwen-MICo 56.12 59.56 59.04 58.96 50.11 56.19 60.97 54.92 52.16 55.82 54.26
Qwen-Image-2509 56.00 45.32 42.63 52.46 48.40 50.78 49.70 50.64 54.65 51.77 47.91

Figure A6. Similarity to the reference image does not influence how Weighted-Ref-VIEScore ranks model outputs, demonstrating that the
metric remains objective and well-aligned with human preferences.

works [10, 19] suggest that GPT-based evaluators do not
inherently favor GPT-generated content, we explicitly ex-
amine this possibility in the MICo evaluation setting.

Following the procedure in Sec. A6.1, we sampled
the same 108 non-De&Re cases from MICo-Bench and
obtained outputs from three models: GPT-Image-1 [12],
Qwen-MICo, and Nano-Banana [7]. For each case, we
computed a style distance by measuring the DINOv2 fea-
ture distance between each model’s output and the output
generated by GPT-Image-1 for the same case.

We then computed the correlation between this style-
distance sequence and three evaluation-score sequences:
SC scores, PQ scores, and Ref-VIEScore (SC × PQ).
The resulting Spearman correlations were: ρSC =
−0.115, ρPQ = −0.008, ρRef-VIEScore = −0.077.

All correlations are near zero, indicating that neither SC,
PQ, nor Ref-VIEScore favors outputs stylistically closer to
GPT-generated images, even though GPT-4o is used as the
evaluator. This confirms the absence of evaluator-generator
coupling in the MICo evaluation setting. Representative
qualitative examples are shown in Fig. A7.

A6.3. Resistance to Copy-Paste Hack

A common failure mode for composition models is the
copy-paste hack: directly cutting objects or faces from the
source images and pasting them onto a new background. An
effective metric must not reward such behavior.

To test whether Weighted-Ref-VIEScore can be fooled
by this shortcut, we constructed explicit copy-paste base-
lines. For two representative sub-tasks, Object+Scene and



Figure A7. Although PQ and SC scores are computed using GPT-4o, we find no evidence of evaluator–generator coupling: images that are
stylistically closer to GPT-Image-1 do not receive higher scores. The evaluation depends solely on MICo output quality and remains well
aligned with human preferences.

Person+Scene, we randomly sampled 10 cases each. For
every case, we segmented the source objects (or person)
using an off-the-shelf segmentation tool [15] and manually
pasted them onto the scene image, creating a naive compos-
ite without any harmonization.

Although these copy-paste outputs achieve a perfect
weight factor W = 1.00 (since all source elements ap-
pear in the target), their PQ and SC scores are extremely
low. Across all 20 constructed cases, the final Weighted-
Ref-VIEScore averages only 14.16, demonstrating that the
metric effectively penalizes unnatural compositing and can-
not be exploited by trivial cut-and-paste strategies. Repre-
sentative examples are shown in Fig. A8.

A7. Quantitative Evaluation of Qwen-MICo
For fair comparison, we clarify that Qwen-Image-2509 [14]
was released before MICo-150K became available, and thus
it could not have used our dataset for training. This elim-
inates the possibility of data leakage or overlap between
MICo-150K and Qwen-Image-2509’s training corpus.

To further quantify the performance gap between Qwen-
Image-2509 [14] and Qwen-MICo, we evaluate both mod-
els on the subset of MICo-Bench containing tasks with ex-
actly three input images (see Tab. 1 in the main paper). This
subset includes 11 task types, 2O1S, 3O, 2M1W, 2W1M,
3M, 3W, 2P1S, 1P2O, 2P1O, 1P2C, 1P1C1O. For each
type, we randomly sample five cases, yielding a total of
55 evaluation instances. We then compute the proposed
Weighted-Ref-VIEScore for both models across all cases.

As reported in Tab A1, Qwen-MICo consistently out-
performs Qwen-Image-2509 across nearly all evaluation di-
mensions, despite using two to three orders of magnitude
less training data and supporting arbitrary numbers of in-
put images, whereas Qwen-Image-2509 is limited to three-
image composition. Additional qualitative comparisons are
shown in Fig. A9, illustrating the superior compositional fi-
delity and visual coherence achieved by Qwen-MICo.

In addition, we observe that Qwen-MICo exhibits sev-
eral remarkable emergent capabilities, with representative
examples shown in Fig. A10–Fig. A14.



Figure A8. Weighted-Ref-VIEScore effectively prevents copy–paste hacks. We segmented objects or persons from the source images
and manually pasted them onto the scene image to form a naı̈ve, unharmonized composite. Although such copy–paste results achieve a
perfect weight factor (since every source element appears in the output), their PQ and SC scores remain very low.

Figure A9. Qwen-MICo consistently outperforms Qwen-Image-2509 across nearly all evaluation dimensions on the MICo-Bench three-
image subset. While Qwen-Image-2509 is trained on a massive corpus but restricted to three-image inputs, Qwen-MICo—trained only on
MICo-150K—supports arbitrary multi-image composition and yields higher compositional fidelity and visual quality.



Input1 Qwen-2509Qwen-Image Qwen-MICoInput2

Prompt: The man from image 1 is doing the pose from image 2. He is leaning casually on a 
railing or balcony. His weight rests on his straight left leg, with his right knee bent and the 
foot resting on the inside of his standing leg. His left arm is relaxed, gripping the rail for 
support. The right hand is raised to his face, touching his chin in a thoughtful or contemplative 
gesture. This pose conveys a sense of relaxed elegance and pause. The scene is set against a 
vibrant city street during the warm hues of dusk, suggesting a moment of quiet reflection.

Prompt: The girl from image 1 is doing the pose from image 2. She is seated in a calm, 
centered pose, suggesting deep contemplation or meditation. She is sitting on an elevated 
surface with her left leg crossed and tucked towards her body, while her right leg hangs down 
vertically. Her hands are clasped together at chest level in a prayer-like or focused gesture. 
The pose is very stable and symmetrical, conveying serenity and quiet focus. This tranquil 
scene unfolds within the peaceful confines of an ancient temple, where soft, diffused light 
filters through the grand architecture, enhancing the sense of spiritual quietude.

Figure A10. Qwen-MICo exhibits strong emergent abilities in recognizing and composing complex human poses.



Input1 Input2 Qwen-2509

Qwen-Image Qwen-MICo

Prompt: The girl from image 1, with her striking red hair, is now adorned with the elaborate makeup 

from image 2. Her eyes feature lightly applied purple and black eyeshadow, accented by glitter and 

star-shaped appliqués, creating a bold, artistic look. A lip piercing, a pendant earring, star-sticker on 

the hair, and pearl-necklace with a floral motif complete her transformation, presenting her in a 

striking, avant-garde style that contrasts beautifully with her natural features.

Figure A11. Qwen-MICo performs well on virtual makeup try-on (transferring the makeup in Image 2 onto the girl in Image 1).



Input1 Qwen-2509Qwen-Image Qwen-MICoInput2

Input1 Qwen-2509Qwen-Image Qwen-MICoInput2

Prompt: Overlay the shimmering, ethereal glass effect from Image 2 onto the photo in Image 1. This transformation 

will introduce a layer of transparent distortion and refracted light, giving the original image a dreamlike, almost 

liquid quality. The effect should subtly bend and fragment the underlying visuals, creating an artistic and surreal 

interpretation that captivates the viewer.

Prompt: The woman from image 1, with her curious gaze and goggles pushed up, is now bathed in the intense, neon-

drenched cyberpunk lighting from image 2. Her curly blonde hair and expressive face are dramatically highlighted 

by vibrant cyan and magenta hues, casting a futuristic glow upon her while her original dark, workshop-like 

background remains. This striking contrast creates a captivating visual, blending her grounded essence with an 

electric, dystopian ambiance.

Figure A12. Qwen-MICo shows excellent performance on visually complex tasks that demand a deep understanding of lighting and
optics, and produces outputs with strong aesthetic appeal.

Input1 Qwen-2509Qwen-Image Qwen-MICoInput2

Input1 Qwen-2509Qwen-Image Qwen-MICoInput2

Prompt: Overlay the shimmering, ethereal glass effect from Image 2 onto the photo in Image 1. This transformation 

will introduce a layer of transparent distortion and refracted light, giving the original image a dreamlike, almost 

liquid quality. The effect should subtly bend and fragment the underlying visuals, creating an artistic and surreal 

interpretation that captivates the viewer.

Prompt: The woman from image 1, with her curious gaze and goggles pushed up, is now bathed in the intense, neon-

drenched cyberpunk lighting from image 2. Her curly blonde hair and expressive face are dramatically highlighted 

by vibrant cyan and magenta hues, casting a futuristic glow upon her while her original dark, workshop-like 

background remains. This striking contrast creates a captivating visual, blending her grounded essence with an 

electric, dystopian ambiance.

Figure A13. Qwen-MICo preserves the subject’s identity while accurately modeling lighting and shading, transferring the illumination
from Image 2 onto the girl in Image 1.



Input1

Qwen-2509 Qwen-Image Qwen-MICo

Input2
Prompt: The smartphone from Image 1, resting on its original light wooden 
surface, now displays the stunning autumnal landscape from Image 2 as 
its wallpaper. The screen vividly showcases a majestic bridge spanning a 
river, framed by brilliant red leaves and lush greenery, capturing a 
serene, picturesque view. This rich, vibrant scene transforms the phone 
into a window, bringing natural beauty to its minimalist setting.

Prompt: The smartphone from Image 1, resting on its original light wooden surface, now displays the stunning 
autumnal landscape from Image 2 as its wallpaper. The screen vividly showcases a majestic bridge spanning a river, 
framed by brilliant red leaves and lush greenery, capturing a serene, picturesque view. Neatly arranged at the very 
bottom of the phone's screen are the application icons for phone calls from image 3, Mails from image 4, Facebook 
from image 5, and Instagram from image 6. This rich, vibrant scene transforms the phone into a window, bringing 
natural beauty to its minimalist setting.

Input1 Input2 Input3 Input4 Input5

Qwen-Image Qwen-MICo

Input6

Figure A14. Qwen-MICo preserves the entire appearance of Input 2 while correctly interpreting the prompt phrase “resting on its original
light wooden surface”. On top of this, it supports more image inputs than Qwen-Image-2509, and accurately renders all application icons
onto the phone’s home screen.
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