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Abstract

Recent advancements in Unified Multimodal Models
(UMMs) have enabled remarkable image understanding
and generation capabilities. However, while models like
Gemini-2.5-Flash-Image show emerging abilities to rea-
son over multiple related images, existing benchmarks
rarely address the challenges of multi-image context gen-
eration, focusing mainly on text-to-image or single-image
editing tasks. In this work, we introduce MICON-Bench,
a comprehensive benchmark covering six tasks that eval-
uate cross-image composition, contextual reasoning, and
identity preservation. We further propose an MLLM-driven
Evaluation-by-Checkpoint framework for automatic veri-
fication of semantic and visual consistency, where multi-
modal large language model (MLLM) serves as a veri-
fier. Additionally, we present Dynamic Attention Rebal-

ancing (DAR), a training-free, plug-and-play mechanism
that dynamically adjusts attention during inference to en-
hance coherence and reduce hallucinations. Extensive ex-
periments on various state-of-the-art open-source models
demonstrate both the rigor of MICON-Bench in exposing
multi-image reasoning challenges and the efficacy of DAR
in improving generation quality and cross-image coher-
ence. Github:https://github.com/Angusliuuu/
MICON-Bench.

1. Introduction
The rapid evolution of Unified Multimodal Models
(UMMs) [5, 7, 8, 11, 14, 22, 30, 32, 35, 38, 41, 47] has
significantly advanced visual understanding and image syn-
thesis. Recent native multimodal models, such as Nano-
Banana [11], demonstrate the ability to reason over multi-
ple images and textual instructions simultaneously, gener-
ating contextually coherent visual outputs. This progress
signals a shift from single-image generation toward multi-
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image context generation, where the goal is to integrate and
reason across multiple related images to produce consistent
and semantically aligned outputs.

Despite these advances, the capability of current gener-
ative models to handle multi-image context remains under-
explored and poorly quantified. Existing evaluations [10,
13, 21, 29, 44] primarily focus on text-to-image gener-
ation or single-image editing tasks, emphasizing fidelity
and text alignment. However, multi-image generation in-
troduces new challenges, such as cross-image consistency,
spatial-temporal coherence, and reasoning across complex
visual relationships (e.g., maintaining object identity and
spatial continuity across multiple reference images). With-
out a dedicated benchmark, it is difficult to diagnose failure
modes or compare methods fairly in this emerging setting.

To address this gap, we introduce MICON-Bench — a
comprehensive benchmark specifically designed for eval-
uating multi-image context generation. MICON-Bench
consists of six tasks that cover both simple and com-
plex scenarios, ranging from basic object composition and
attribute transfer to high-level visual storytelling genera-
tion. Each task is designed to probe distinct dimensions of
multi-image reasoning, such as compositional understand-
ing, reference consistency, and contextual inference. Unlike
prior benchmarks, MICON-Bench adopts an Evaluation-
by-Checkpoint paradigm to ensure objective and scalable
assessment. For each case, we define verifiable check-
points representing key visual relationships or contextual
dependencies, and automatically evaluate generated images
via an MLLM-based verifier. Specifically, the multimodal
large language model (MLLM) [1, 31] judges whether each
checkpoint condition is satisfied by the generated image,
producing binary outcomes that are averaged into the final
task score.

While MICON-Bench provides a standardized platform
for evaluation, our analysis reveals that even state-of-the-art
UMMs, including open-source multimodal generators [7,
35], struggle with cross-image consistency. In particular,
UMMs tend to distribute attention uniformly across refer-
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Object Composition

Prompt: Generate an image that   
contains the wolf from ref A, the 
man from ref C, and the teddy bear 
from ref B together in a museum.

Spatial Composition

Prompt: Generate an image with  
the bicycle (Ref A) on the left,      
the brown tiger with a bell (Ref B)   
in the center, and the businessman 
(Ref C) on the right, all together   
in a garden.

Attribute Disentanglement

Prompt: Generate an image of  the 
cow from Ref A, using the visual  
style from Ref C, and  placing it in 
the gothic cathedral environment   
from Ref B. 

Component Transfer

P r o m p t :  E x t r a c t      
helmet from the right 
girl in Ref A,  extract 
shirt from the super  
-hero in Ref B, then 
apply these elements 
to the left teenager    
in Ref C. Create a    
n ew  compos i t i o n      
showing the target    
subject wearing the   
transferred elements.

FG/BG Composition

Prompt :  Genera te  an  image        
where  you cleanly extract the      
man from Ref A and replace the   
artist in Ref B. 

Story Generation

Prompt: Given the reference images, infer 
and generate a realistic photo of what might 
happen next.

Evaluation-by-Checkpoint

Dimension Checkpoint Evaluation

 Instruction Following 
Does the image include 
all specified objects? 

 Identity  Does each object's identity 
strictly match its reference? 

 Structure   Are the spatial relationships 
between objects natural?

 Overall Usability  

Are the lighting, shadows, and 
overall aesthetics consistent? 

…

0.5

Score

Ref A

Ref CRef B

Ref A

Ref B Ref C

Ref A

Ref B Ref C

Ref A

Ref B Ref C
Ref A Ref B

Prompt: Generate an image that   
contains the wolf from ref A, the 
man from ref C, and the teddy bear 
from ref B together in a museum.

Ref A

Ref B Ref C

MICON-Bench

Figure 1. Overview of MICON-Bench and Evaluation Pipeline. MICON-Bench is a comprehensive benchmark designed to evaluate
multi-image context generation across six diverse tasks: Object Composition, Spatial Composition, Attribute Disentanglement, Compo-
nent Transfer, FG/BG Composition, and Story Generation. Each task provides multiple reference images and a compositional prompt
requiring the model to integrate, reason, or transfer information across images. To assess model performance, we introduce an Evaluation-
by-Checkpoint framework driven by an MLLM, which automatically evaluates generated results along key dimensions, producing an
interpretable composite score.

ence images, often focusing on irrelevant regions, which
leads to visual inconsistencies or hallucinations in the syn-
thesized results.

To mitigate these issues, we propose Dynamic Attention
Rebalancing (DAR), a training-free, plug-and-play mech-
anism that adaptively reweights attention toward semanti-
cally relevant regions during inference. DAR dynamically
identifies over- and under-attended areas in reference im-
ages based on attention maps and rebalances them via at-
tention scaling. This enables UMMs to better preserve iden-
tity, spatial relations, and contextual coherence across mul-
tiple generated frames or references, without any additional
training or fine-tuning.

In summary, our contributions are threefold:

• We introduce MICON-Bench, a comprehensive bench-
mark suite covering six diverse multi-image context gen-
eration tasks, supporting rigorous and scalable evaluation
via an MLLM-driven Evaluation-by-Checkpoint verifica-
tion framework.

• We propose Dynamic Attention Rebalancing (DAR), a
novel, training-free technique that effectively improves
attention allocation in UMMs, significantly enhancing
generation quality, identity preservation, and attribute co-
herence across multiple reference images.

• We conduct extensive evaluations on multiple state-of-
the-art image generation models, revealing significant
challenges in multi-image reasoning and consistency.

2. Related Work
2.1. Image Generation Benchmarks
The evaluation of text-to-image generation has been primar-
ily guided by benchmarks [2, 6, 10, 12, 13, 17, 18, 21, 24,
29, 33, 43, 44], which provide large-scale datasets with tex-
tual descriptions to evaluate the realism and semantic co-
herence of generated images. For evaluating text-visual
consistency in the text-to-image generation, Geneval [10]
and T2ICompBench [13] are widely used. They enable
detailed assessment of how well generated images align
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with their text prompts. For single-image editing, ImgEdit-
Bench [44], EMU Edit [29], and GEdit-Bench [21] evalu-
ate the quality and faithfulness if text- or image-conditioned
edits. Besides these single-image benchmarks, OmniCon-
text [35] introduces a multi-image benchmark for image
generation. However, its tasks mainly involve relatively
simple subject-centric compositions, and the evaluation fo-
cuses on subject consistency across images. Overall, sys-
tematic evaluation of multi-image context generation across
diverse tasks remains underexplored. To complement ex-
isting benchmarks, our MICON-Bench introduces a new
suite of tasks that evaluate models’ ability to synthesize im-
ages from multiple related inputs, providing a more realistic
testbed for next-generation generative models.

2.2. Image Generation Models
Text-to-image generation models [15, 27, 42, 46] have ad-
vanced significantly with the introduction of models like
Stable Diffusion [27], which uses latent diffusion to gen-
erate high-quality images from textual descriptions. These
models [4, 9, 16, 19, 25, 28, 36, 37] excel at generating
detailed images from single text prompts. However, they
are limited to single-image generation and do not address
multi-image context or consistency. Recently, native Uni-
fied Multimodal Models [7, 11, 14, 35] have made strides
in multi-image context generation, but challenges remain in
ensuring coherence and consistency across multiple images.

3. MICON-Bench
To assess the multimodal context image generation capabil-
ities of unified multimodal models, we propose MICON-
Bench, which focuses on their ability to process multi-
image inputs and generate outputs that are contextually con-
sistent and aligned with the given instructions.

3.1. Task Description
As shown in Figure 1, the MICON-Bench consists of 6
tasks—5 compositional tasks (object composition, spatial
composition, attribute disentanglement, component trans-
fer, and FG/BG composition) and 1 complex task (story
generation, which requires generating images that follow
causal reasoning). The final benchmark consists of 1,043
cases and 2,518 images.

Object Composition. The task involves generating an
image by combining a single subject (person, animal, or
object) with a background scene (e.g., indoor or outdoor).
The goal is to assess the model’s ability to create realis-
tic object compositions in different environments. The task
is constructed by randomly sampling an object from a pre-
defined object pool and a scene from a scene pool. These
elements are combined to generate reference images using

Qwen-Image [34]. The task includes 118 cases with two
reference images and 82 cases with three reference images.

Spatial Composition. Building upon object composition,
this task introduces spatial constraints where multiple ob-
jects must be arranged according to specific geometric re-
lations (e.g., front, left, right). It challenges the model to
generate images with spatial consistency, ensuring that ob-
jects are positioned correctly. Reference images are gener-
ated by adding spatial constraints to the object composition
and processed by Qwen-Image. There are 200 cases, with
102 using two reference images and 98 using three refer-
ence images.

Attribute Disentanglement. This task requires generat-
ing an image that combines a subject, style, and background
from three separate reference images. The goal is to test the
model’s ability to decouple visual attributes and recombine
them coherently. It contains 100 cases, each using three
reference images. The first image provides the subject, the
second provides the style reference, and the third provides
the background environment. These reference images are
generated by Qwen-Image.

Component Transfer. This task involves transferring
specific elements (such as accessories or parts of a subject)
between different reference images and applying them to
a target subject. The objective is to test the model’s ca-
pability to manipulate and recombine objects while main-
taining naturalness and consistency. The reference images
generally contain multiple subjects, accessories, and back-
grounds, created with Qwen-Image. It consists of 240
cases, with 119 using two reference images and 121 using
three reference images.

FG/BG Composition. In this task, the model is asked to
extract the foreground from one reference image and com-
bine it with the background of another. The goal is to assess
the model’s ability to blend foreground and background ele-
ments seamlessly. We use Qwen-Image to generate refer-
ence images, including one with the foreground subject and
another with the background scene. There are 200 cases, all
using two reference images.

Story Generation. This complex task involves generat-
ing a realistic image that infers what might happen next in
a story, given a set of reference images. It tests the model’s
ability to perform causal reasoning and predict narrative
continuations. Story texts are LLM-generated and human-
filtered, and then GPT-4o-Image and Nano-Banana
generate four-panel comic-style reference image sets re-
flecting physical laws, commonsense, and causal narrative
reasoning. Images are enhanced with DiffBIR for clarity
and undergo human filtering for accuracy and consistency.
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Query Sampling
Query Tokens
(from Noise Tokens)

Sampled
Query Tokens

X

Key Tokens
(from Ref Images)

Ref Image1

Ref Image2

Q "Q #

Sampled Attentions
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Ref Image1 Ref Image2

Prompt: Extract the right Indian man in Ref Image 1, then create a new composition showing the Indian man and the left doctor from Ref Image 2 in a unified scene.

Original Attention Maps Rebalanced Attention Maps
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Figure 2. Overview of the proposed Dynamic Attention Rebalancing (DAR) mechanism. Given multiple reference images, DAR first
samples query tokens and computes attention maps between sampled queries and reference key tokens. It then applies a dynamic weighting
factor to rebalance attention responses, reinforcing relevant reference regions (green boxes) while suppressing distractions (red boxes). The
example at the bottom shows how DAR helps compose a new scene by integrating the right Indian man from Ref Image 1 and the left
doctor from Ref Image 2, achieving coherent and faithful visual synthesis.

The dataset consists of 103 cases, with 72 using two refer-
ence images and 31 using three.

3.2. Evaluation Process
The evaluation process for the benchmark is based on seven
key dimensions that assess various aspects of image genera-
tion tasks. These dimensions include Instruction Following,
which measures how accurately the model follows the orig-
inal instructions; Identity, assessing the consistency of key
objects or characters; Structure, evaluating spatial relation-
ships and proportions; Cross-Reference Consistency, en-
suring no contradictions across multiple reference images;
Causality, which examines the logical flow of story events;
Text Grounding, checking if the text in the image is accu-
rate and clear; and Overall Usability, which considers the
overall visual quality and usability of the generated images.
Based on these seven dimensions, we apply MLLM to gen-
erate verifiable checkpoints for each case, with the specific
prompt provided in the appendix.

We evaluate the score of each task by feeding the in-
put, generated image, and corresponding checkpoints into
MLLM. Each checkpoint is classified as either pass or fail,
and the final score is obtained by averaging the scores across
all checkpoints. For complex task, which involves evalu-
ating the model’s reasoning abilities, we not only set the
checkpoints but also incorporate an evaluation based on a
predefined answer set. Details are shown in the Appendix.

4. Method
Currently, state-of-the-art UMMs for multi-image context
generation leverage attention mechanisms to control the

model’s focus on various reference images. However, as
illustrated in Figure 4, we observe that these UMMs occa-
sionally attend indiscriminately to irrelevant regions within
the reference images, resulting in hallucinated content in the
generated outputs.

Dynamic Attention Rebalancing. To mitigate the above
issue, we propose a plug-and-play Dynamic Attention Re-
balancing (DAR) mechanism (Figure 2) that adaptively
modulates the model’s attention over reference image re-
gions during inference. DAR dynamically amplifies atten-
tion on regions pertinent to the generation task while sup-
pressing attention to irrelevant areas, thereby achieving a
balanced and focused attention distribution.

We first analyze the attention maps between query to-
kens (i.e., noise tokens) and reference image tokens to iden-
tify which regions require enhancement or suppression. A
straightforward computation of attention between all query
and reference tokens is computationally prohibitive. To al-
leviate this, we uniformly sample a subset of m → Lq

query tokens, drastically reducing the computation while
preserving representative attention statistics. Formally, let
Q ↑ RLq→d denote the query matrix, where Lq is the num-
ber of query tokens and d is the dimensionality per attention
head. The sampled query subset Q̃ ↑ Rm→d is selected uni-

formly via indices:
{⌊

i · Lq↑1
m↑1

⌋}m↑1

i=0
.

This subset of query tokens Q̃ is then used to compute
attention scores with the reference image tokens. Let Kref ↑
RLref→H→d denote the key matrix for the reference image,
where Lref is the number of reference image tokens, H is
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the number of attention heads, and d is the dimensionality
of the key vectors. The attention map Ã is computed as:

Ã = softmax

(
Q̃K

↓
ref↓
d

)
, (1)

where the attention weight Ãi,h,k denotes the attention be-
tween the i-th sampled query, the h-th attention head, and
the k-th reference image token.

The total attention score rk for the k-th reference token
is computed by summing the attention weights across all
attention heads:

rk =

m∑

i=1

H∑

h=1

Ãi,h,k. (2)

We then use min-max normalization to obtain the nor-
malized attention score r̂k:

r̂k =
rk ↔minj rj

maxj rj ↔minj rj
. (3)

To dynamically adjust the model’s attention to the most
relevant areas of the reference image, we define two thresh-
olds, ωhigh and ωlow, to partition reference tokens into highly
relevant, irrelevant, and neutral regions based on their nor-
malized attention scores r̂k:

wk =






1 + ε, if r̂k ↗ ωhigh,

1↔ ε, if r̂k ↘ ωlow,

1, otherwise,
(4)

where ε ↑ [0, 1] controls the magnitude of attention ad-
justment. This weighting factor wk dynamically modulates
the influence of each reference token in the final attention
computation. The adjusted attention map is then calculated
using the full query set Q as:

A = softmax

(
Q(w ≃Kref)

↓
↓
d

)
, (5)

where the weighting vector w = [w1, w2, . . . , wLref ] is
broadcast appropriately over the reference key matrix, and
≃ denotes element-wise multiplication.

This attention adjustment improves focus on relevant re-
gions and suppresses irrelevant ones, enhancing generation
quality with minimal additional computational cost.

5. Experiments
5.1. Experimental Setup
We conduct comparative experiments on two state-of-
the-art autoregressive text-to-image generation models:
BAGEL [7] and OmniGen2 [35]. Both models represent

strong baselines that utilize multi-image context for compo-
sitional image generation. We leverage the powerful multi-
modal large language model Qwen3-VL-32B-Instruct 1 to
perform zero-shot multi-dimensional scoring. All experi-
ments are conducted on 4 NVIDIA A800(40G) GPUs. Un-
less otherwise specified, we set the attention weight mod-
ulation factor ε = 0.15, sample m = 64 query tokens,
ωhigh = 0.7 and ωlow = 0.3.

5.2. Main Results
Performance Comparison on MICON-Bench. We eval-
uate several multi-image generation models on MICON-
Bench, including proprietary UMMs (Nano-Banana, GPT-
Image), diffusion-based models (UNO, Qwen-Image-
Edit, DreamOmni2), and open-source UMMs (OmniGen2,
BAGEL), where we test our proposed DAR method. Re-
sults are shown in Table 1. Nano-Banana and GPT-Image
lead overall, especially in Object and Spatial tasks, show-
casing strong semantic and spatial reasoning. Diffusion-
based models like UNO underperform, highlighting chal-
lenges in complex multimodal reasoning. Our DAR con-
sistently improves OmniGen2 and BAGEL, with notable
gains in Component and FG/BG tasks for OmniGen2, and
boosted Story and FG/BG scores for BAGEL. These re-
sults confirm that DAR effectively enhances object percep-
tion, spatial understanding, and attribute reasoning in multi-
image context generation with UMMs.

Evaluation on Other Benchmarks To further verify the
effectiveness and generalization of our DAR method, we
evaluate it on two multi-image benchmarks, OmniCon-
text [35] and XVerseBench [3]. As Table 2 shows, apply-
ing DAR to open-source UMMs (OmniGen2 and BAGEL)
consistently improves performance across nearly all single-
and multi-subject categories. OmniGen2 gains notably in
Character and Object metrics under both Single and Scene
settings, while BAGEL improves in most categories.

On XVerseBench (Table 3), focused on fine-grained sub-
ject identification and attribute similarity, DAR also en-
hances baseline models. OmniGen2 achieves consistent
gains in ID-Sim, IP-Sim, and average scores for Single- and
Multi-Subject tasks. BAGEL improves in DPG, ID-Sim,
AES, and average metrics. These results demonstrate that
DAR robustly enhances multi-image context understanding
and fine-grained reasoning across diverse datasets.

Evaluation on Other Metrics We further assess the ef-
fectiveness of our DAR method using multiple comple-
mentary metrics that capture different aspects of gener-
ation quality and semantic alignment. Table 4 presents
comparisons on CLIP [26] scores for both text-to-image

1https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct.
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Prompt: Generate an image with the fox from Ref A, businessman from Ref C, and airplane from Ref B together on a cliff in daylight.

BAGELOmniGen2Input Images OmniGen2 + Ours BAGEL + Ours

Prompt: Generate an image with the guitar (Ref A) on the left, the fox (Ref C) in the center, and the student (Ref B) on the right, all 
together in a kitchen.
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Prompt: Generate an image of the truck from Ref B, using the visual style from Ref A, and placing it in the environment from Ref C. 

Prompt: Extract the cloth from the left elderly woman in Ref B, then create a new composition showing the fairy in Ref A and the 
rabbit in Ref C all wearing the transferred elements together.

Prompt: Generate an image where you cleanly extract the tiger from Ref A and replace the giraffe in Ref B. 

Prompt: Given the reference images, infer and generate a realistic photo of what might happen next.

Ref A

Ref B

Ref A

Ref B Ref C

Ref A

Ref B Ref C

Ref A

Ref B Ref C

Ref A

Ref B Ref C

Figure 3. Visualization examples of our method vs. baseline on MICON-Bench.
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Table 1. Performance comparison of different models on our MICON-Bench.

Model Object Spatial Attribute Component FG/BG Story Avg. Score
Nano-Banana [11] 95.60 93.79 92.13 84.23 83.13 82.84 89.25
GPT-Image [14] 96.45 94.41 93.39 87.69 90.15 85.99 91.51
UNO [39] 58.40 66.68 65.28 28.84 20.96 39.08 44.76
DreamOmni2 [40] 88.24 84.76 85.28 59.64 76.16 59.58 75.56
Qwen-Image-Edit-2507 [34] 96.52 88.80 78.04 42.68 72.08 63.81 72.96

BAGEL [7] 87.64 89.96 89.84 52.40 64.64 65.09 73.55
BAGEL + DAR 88.04 91.88 90.76 56.06 71.24 66.34 76.31
OmniGen2 [35] 89.52 80.32 81.64 44.76 57.96 60.96 67.83
OmniGen2 + DAR 89.84 81.00 82.12 48.72 59.28 60.73 69.21

Table 2. Performance of our method on the OmniContext benchmark.

Method SINGLE MULTIPLE SCENE Average ↑
Character Object Character Object Char.+Obj. Character Object Char.+Obj.

BAGEL 5.713 6.223 3.028 6.904 6.802 4.244 5.157 6.219 5.536
BAGEL + DAR 6.255 6.082 4.135 7.175 6.870 4.775 4.838 6.301 5.804

OmniGen2 8.184 7.328 6.564 7.994 8.039 6.871 7.898 7.378 7.532
OmniGen2 + DAR 8.299 8.191 6.644 8.418 7.860 7.056 7.965 7.713 7.768

(T2I) and image-to-image (I2I) similarity, DINO v2 [23]
feature similarity (I2I), and perceptual similarity measured
by LPIPS [45] (I2I), evaluated under Object Composition
and Spatial Geometric Constraints tasks. For all image-to-
image (I2I) similarity measures, we extract object regions
described in the prompt from both reference and generated
images using GroundingDINO [20], ensuring focused and
accurate comparison. Both OmniGen2 and BAGEL con-
sistently improve across the majority of metrics with DAR,
showing clear gains in semantic alignment and spatial con-
sistency. These improvements demonstrate that DAR en-
hances multi-object semantics and visual quality effectively,
with minimal overhead, confirming its robustness.

5.3. Ablation Analysis
Impact of Different Numbers of Reference Images on
UMMs’ Generation Performance. We perform an ab-
lation study to analyze how varying the number of refer-
ence images affects the performance of the UMMs on the
MICON-Bench Object Composition Task. In particular,
we extended the original task settings by adding configu-
rations with 4 and 5 reference images, forming a dedicated
subset for this analysis. As summarized in Table 5, both
BAGEL and OmniGen2 were evaluated using reference im-
age counts ranging from 2 to 5. The results clearly show
a decreasing trend in performance as the number of refer-
ence images increases. This suggests that fusing informa-
tion from more references imposes greater challenges on
UMMs, leading to a decline in generation quality. The ob-

served performance degradation points to the need for im-
proved fusion techniques and robustness strategies in future
models when handling complex multi-reference scenarios.

Qualitative Effect of Attention Rebalancing. As shown
in Figure 4, the original attention maps tend to scatter across
unrelated background areas or unintended persons, caus-
ing identity confusion and hallucinated details in the gen-
erated image. By rebalancing attention, DAR suppresses
these spurious activations and better aligns attention with
the intended reference subjects, resulting in improved lo-
calization and more faithful composition.

5.4. Visualization
Figure 3 shows the qualitative advantages of our method
over baseline models across all tasks in MICON-Bench.
While existing models often fail to integrate information
from multiple references—leading to missing objects, in-
correct spatial arrangement, attribute mixing, inconsistent
component transfer, foreground–background artifacts, or
incoherent temporal reasoning—our Dynamic Attention
Rebalancing (DAR) consistently improves cross-image co-
herence and fine-grained visual alignment. By suppressing
irrelevant attention and reinforcing reference-relevant re-
gions, our method enables accurate object inclusion, precise
spatial placement, clean attribute disentanglement, reliable
component transfer, seamless foreground replacement, and
more plausible story continuation. These visual results cor-
roborate our quantitative findings, demonstrating that DAR

8233



Table 3. Performance comparison on the XVerseBench benchmark.

Method Single-Subject Multi-Subject Overall ↑
DPG ID-Sim IP-Sim AES AVG (Single) ↑ DPG ID-Sim IP-Sim AES AVG (Multi) ↑

BAGEL 93.65 3.11 46.91 47.96 47.91 89.60 2.62 32.39 45.87 42.62 45.26
BAGEL + DAR 94.70 3.61 47.01 48.83 48.54 92.13 4.28 33.38 45.86 43.91 46.23

OmniGen2 92.60 4.25 56.16 57.11 52.53 91.55 11.51 38.40 57.56 49.76 51.14
OmniGen2 + DAR 92.98 5.23 57.66 57.08 53.24 92.56 12.15 39.05 57.15 50.23 51.73

Table 4. Evaluation on other metrics, including CLIP score (Text-to-Image and Reference Images-to-Image), DINO v2 (Reference Images-
to-Image), and LPIPS (Reference Images-to-Image) under Object Composition and Spatial Geometric Constraints tasks.

Model CLIP Score (T2I)⇐ CLIP Score (I2I)⇐ DINO v2 (I2I)⇐ LPIPS (I2I)⇒
Object Spatial Object Spatial Object Spatial Object Spatial

Nano-Banana 0.3505 0.3665 0.9327 0.9382 0.8962 0.9066 0.4934 0.4726
GPT-Image 0.3572 0.3742 0.9089 0.9168 0.8663 0.8815 0.6431 0.6330
Qwen-Image-Edit 0.3558 0.3700 0.9208 0.9292 0.8789 0.8923 0.5542 0.5249
UNO 0.3391 0.3566 0.9007 0.9073 0.8301 0.8366 0.6453 0.6486
DreamOmni2 0.3454 0.3647 0.9133 0.9142 0.8719 0.8787 0.6217 0.6244

BAGEL 0.3586 0.3748 0.9155 0.9147 0.8766 0.8783 0.6073 0.6210
BAGEL + DAR 0.3612 0.3761 0.9201 0.9172 0.8828 0.8821 0.6018 0.6207
OmniGen2 0.3646 0.3828 0.9102 0.9139 0.8742 0.8751 0.6373 0.6389
OmniGen2 + DAR 0.3648 0.3828 0.9130 0.9158 0.8757 0.8778 0.6327 0.6360

Table 5. Analysis of the impact of the numbers of reference images
on UMMs in the MICON-Bench Object Composition Task.

Model Ref=2 Ref=3 Ref=4 Ref=5

BAGEL 88.50 84.37 75.11 66.36
OmniGen2 92.18 89.52 74.92 67.00
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Prompt: Extract the girl on the right from Ref A, then create a new composition 
showing the right girl together with the left man from Ref B in a unified scene. 

 Original Attention Maps

 Attention Maps w/ DAR

Generated Image Input Images

Target subject

Boost

Suppress

Figure 4. DAR suppresses noisy, irrelevant attention (red boxes)
and re-focuses activations on the correct subjects (green boxes), re-
sulting in cleaner referencing and more faithful composition. The
blue boxes highlight the target subjects.

enhances multi-image understanding and significantly mit-
igates cross-image hallucination issues.

6. Conclusion

In this work, we introduce MICON-Bench, a comprehen-
sive benchmark targeting multi-image context generation.
Our benchmark covers six diverse task categories and pro-
vides an automatic Evaluation-by-Checkpoint framework
that systematically measures semantic and visual consis-
tency. To further advance this emerging direction, we pro-
pose Dynamic Attention Rebalancing (DAR), a training-
free and plug-and-play mechanism that adaptively redis-
tributes attention across reference images during inference.
Extensive experiments demonstrate that DAR effectively
enhances cross-image coherence and reduces hallucinations
across a wide range of UMMs. We believe MICON-Bench
and DAR together provide a foundation for multi-image
reasoning and the development of reliable generative sys-
tems.
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