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Abstract

Large Vision Language Models (LVLMs) have
demonstrated remarkable capabilities, yet their
ability to understand and reason over multiple
images remains largely unexplored. While ex-
isting benchmarks have initiated the evaluation
of multi-image models, a comprehensive analy-
sis of their core weaknesses and their causes is
still lacking. In this work, we introduce MIMIC
(Multi-Image Model Insights and Challenges),
a new benchmark designed to rigorously eval-
uate the multi-image capabilities of LVLMs.
Using MIMIC, we conduct a series of diag-
nostic experiments that reveal pervasive issues:
LVLMs often fail to aggregate information
across images and struggle to track or attend to
multiple concepts simultaneously. To address
these failures, we propose two novel comple-
mentary remedies. On the data side, we present
a procedural data-generation strategy that com-
poses single-image annotations into rich, tar-
geted multi-image training examples. On the
optimization side, we analyze layer-wise atten-
tion patterns and derive an attention-masking
scheme tailored for multi-image inputs. Ex-
periments substantially improve cross-image
aggregation, while also enhancing performance
on existing multi-image benchmarks and out-
performing the prior state of the art across
tasks. Data and code will be made available at
https://github.com/anurag-198/MIMIC.

1 Introduction

Current Large Vision Language Models (Li et al.,
2025; Liu et al., 2024a; Wang et al., 2024b,a; Yao
et al., 2024) showcase impressive vision-language
understanding capabilities (Goyal et al., 2017;
Mathew et al., 2021; Kembhavi et al., 2016). Most
of these models are built upon pre-trained vision
encoders (Radford et al., 2021; Zhai et al., 2023)
and large language models (LLMs) (Touvron et al.,
2023; Abdin et al., 2024; Jiang et al., 2024a).

*Work done during internship at Samsung AI, Cambridge.

While early efforts primarily focused on single
images (Liu et al., 2024a), recent works have ex-
tended them to support multiple images (Li et al.,
2025; Wang et al., 2024a; Chen et al., 2023) and
videos (Zhang et al., 2023) by incorporating tem-
poral modeling and adjusting the positional embed-
dings (Zhang et al., 2023; Li et al., 2025).

Despite their success, LVLMs continue to face
significant challenges (Stogiannidis et al., 2025;
Liu et al., 2023; Ouali et al., 2024; Guan et al.,
2024; Kaul et al., 2024; Qian et al., 2024). Progress
towards identifying and addressing these chal-
lenges can follow two primary avenues: the de-
velopment of comprehensive evaluation bench-
marks (Goyal et al., 2017; Mathew et al., 2021;
Kembhavi et al., 2016; Masry et al., 2022; Li et al.,
2024; Fu et al., 2024a) and the study of the mod-
els’ inner workings (Deng et al., 2025; Qian et al.,
2024; Kaul et al., 2024). To date, research in both
areas has predominantly focused on the single-
image setting. While early efforts have introduced
benchmarks for multi-image scenarios (Wang et al.,
2025a; Jiang et al., 2024b; Fu et al., 2024b), a
comprehensive, in-depth analysis to ascertain the
true efficacy of these models and identify the root
causes of their limitations is notably absent.

In this work, we address this gap by conducting
a systematic study of LVLMs in multi-image con-
texts. We first analyze and characterize common
failure modes using a newly proposed benchmark,
and then seek to mitigate these limitations using
two novel complementary fine-tuning strategies.
Our in-depth analysis is conducted on the newly in-
troduced MIMIC (Multi-Image Model Insights
and Challenges) benchmark. Built from MS-
COCO (Lin et al., 2014), using its bounding boxes
and class labels, MIMIC procedurally generates
multi-image sequences by leveraging per-image an-
notations that give fine-grained control over infor-
mation spread, distractor presence, object-instance
distributions, sequence length, and query complex-
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ity, while providing unambiguous ground-truth
answers for robust, decorrelated analysis of the
model’s strengths and weaknesses. Using both
quantitative and qualitative assessments, our study
reveals that current state-of-the-art LVLMs struggle
to effectively aggregate information across multi-
ple images, are unable to track/attend to multiple
concepts simultaneously, while being susceptible
to distractors. We attribute these shortcomings to
a combination of factors, including limitations in
multi-image sequence modeling, training data bi-
ases, poor inter-image communication induced by
the causal attention and the inherent complexity of
multi-image reasoning tasks.

Finally, to address the identified problems,
we propose two new finetuning strategies: (1)
a data-centric approach that generates targeted
multi-image training examples to provide rich,
multi-image supervision derived from OpenIm-
ages (Kuznetsova et al., 2020); and (2) an
optimization-centric approach that leverages layer-
wise attention analysis to derive an attention-
masking scheme tailored for multi-image inputs.
Our proposed finetuning strategies lead to substan-
tial performance gains across all scenarios.

In summary, our main contributions are:
• We introduce MIMIC, a comprehensive evalu-

ation framework for multi-image LVLMs that
probes various aspects of model performance
through a controlled and diverse set of tasks.

• We conduct an extensive evaluation of several
state-of-the-art LVLMs using MIMIC, uncov-
ering critical insights into their capabilities
and limitations in multi-image settings.

• We propose a novel data-centric finetuning
approach using synthetically generated multi-
image data, alongside an optimization-centric
attention-masking strategy, both of which
significantly enhance model performance in
multi-image contexts.

• We set new state-of-the-art results on existing
multi-image benchmarks, demonstrating the
effectiveness of our proposed methods.

2 Related work

Multi-Image Large Vision Language Models:
Early LVLMs such as Flamingo (Alayrac et al.,

2022) and PaLM-E (Driess et al., 2023) pioneered
the integration of pre-trained vision encoders with
powerful LLMs for VQA and captioning. Subse-
quent models (Dai et al., 2023; Li et al., 2025) intro-

duced expanded instruction tuning and multi-modal
pre-training techniques. More recent advancements
include MiniGPT-5 (Zheng et al., 2024), Qwen2-
VL (Wang et al., 2024a), CogVLM2 (Hong et al.,
2024) and InternVL3 (Zhu et al., 2025) have fur-
ther advanced the field by scaling training data
and model capacity and adopting more sophisti-
cated architectural designs. While early LVLMs
primarily operated on low-resolution, single-image
inputs (Liu et al., 2024a; Lin et al., 2024), later
research significantly expanded their scope. High-
resolution images (Li et al., 2025; Wang et al.,
2024a; Zheng et al., 2024) are commonly processed
by splitting them into fixed-resolution patches and
treating them as image sequences, while videos are
represented by extracting frames to form multi-
image inputs. In addition, models have begun
to explicitly support multi-image context (Wang
et al., 2024a; Li et al., 2025; Zhu et al., 2025),
enabling reasoning across multiple visual inputs.
Multi-image capability is introduced by fine-tuning
single-image LVLMs on multi-image instruction-
tuning data, while largely preserving the original
model architecture and attention mechanisms.

Evaluation of LVLMs: Early evaluation ef-
forts focused on narrower domains with bench-
marks such as MS-COCO (Lin et al., 2014),
VQA (Antol et al., 2015), DocVQA (Mathew et al.,
2021), GQA (Hudson and Manning, 2019) and
AI2D (Kembhavi et al., 2016), primarily assessing
single-image understanding and using templetized
questions with limited diversity. Later work intro-
duced more comprehensive benchmarks to evaluate
a wider range of skills, e.g. SEED-Bench (Li et al.,
2024), MMBench (Liu et al., 2024c) and MME (Fu
et al., 2024a), which feature diverse question types
and require complex reasoning abilities. Similarly,
video benchmarks such as MMVU (Zhao et al.,
2025) and VideoMME (Fu et al., 2025) require
models to understand temporal dynamics and to
reason across multiple frames.

Closer to our work, several benchmarks have
been proposed specifically for multi-image LVLMs.
MuirBench (Wang et al., 2025a) introduced 12
tasks evaluating multi-image understanding, in-
cluding image comparison and multi-image rea-
soning. Blink (Fu et al., 2024b) included 14 tasks
deemed easy for humans, highlighting LVLMs’
limitations in truly understanding multi-image vi-
sual content. Visual Haystack (Wu et al., 2025) fo-
cuses on retrieval-based tasks, assessing how well
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Counting (Unbalanced) Counting (balanced) Counting (Multi Concept)

Figure 1: Counting performance under different settings. Left (Unbalanced): We compare different LVLMs by
analyzing the trade-off between the number of query images and the total number of images without controlling for
number of instances. Mid (Balanced): We fix the total number of images to 7 and of object instances distributed
across query images to 4,3 and 2. In both settings, performance consistently drops when instances are spread over
multiple images. Right (Multi Concept): We increase the complexity by adding more classes (concepts) to the
counting task, and observe a steep performance drop, indicating limited capacity for multi-concept tracking.

models can find certain concepts within a long se-
quence of images. Related works also study more
specialized settings, including temporal reasoning
in Mementos (Wang et al., 2024d), multi-context vi-
sual grounding in MC-Bench (Xu et al., 2025), and
egocentric spatial reasoning across frames in (Ravi
et al., 2025). In contrast, we provide a more granu-
lar analysis of model performance across various
controlled dimensions, such as information distri-
bution, query complexity and distractor presence.
Moreover, while prior works often repurposed ex-
isting datasets, we design our task from scratch to
allow for selective performance exploration. This
allows us to pinpoint specific strengths and weak-
nesses in current models that prior benchmarks may
have overlooked and, importantly, provide deeper
actionable insights on their underlying root causes.

Analysis of LVLMs: Parallel to the development
of benchmarks, there is growing interest in analyz-
ing the internal mechanisms of LVLMs to better
root-cause their limitations at a data and architec-
ture level. Current studies have investigated issues
such as hallucination (Liu et al., 2023; Ouali et al.,
2024; Guan et al., 2024; Nath et al., 2026), modal-
ity bias (Deng et al., 2025; Wang et al., 2025b),
and sensitivity to input phrasing (Qian et al., 2024).
These works often involve probing the models with
carefully-designed inputs to reveal their decision-
making process. Only recently have such analy-
ses expanded to multi-image LVLMs (Wang et al.,
2024c; Wu et al., 2025; Sharma et al., 2024). The
closest to our work is the study by Wu et al. (Wu
et al., 2025), which examines the retrieval capabili-
ties of multi-image LVLMs as the sequence length
increases, showing limitations when operating over
long sequences. However, their focus is primar-
ily on the models’ ability to locate specific items

within an image set and does not control for con-
founding factors or seek to identify the root causes
beyond data scarcity.

Instead, we systematically probe additional di-
mensions of multi-image understanding, such as in-
formation aggregation and multi-concept tracking.
To control for confounding factors, our evaluation
is designed to isolate specific individual aspects
of multi-image understanding, leading to precise
conclusions and to the identification of areas for
improvement. Moreover, we analyze the model’s
internal behavior, and complement our analysis
with proposed solutions to address the identified
challenges at both data and optimization levels.

3 Challenges and Insights in Multi-Image
LVLMs

Here, we systematically investigate the current
LVLMs limitations in multi-image scenarios across
six complementary dimensions: information dis-
tribution, query complexity, reasoning patterns, ro-
bustness to visual distractors, scalability with the
number of images, and multi-concept tracking. For
this purpose, we introduce MIMIC, a controlled
testbed synthesized from a curated subset of MS-
COCO (Lin et al., 2014). Using the manually an-
notated bounding boxes and labels, MIMIC gener-
ates multi-image sequences that allow precise con-
trol over information spread, distractor presence,
object-instance distributions, and sequence length.
This design enables decorrelated, fine-grained anal-
yses of the model’s behavior. Beyond these di-
mensions, our framework examines the models’
mechanisms for aggregating and reasoning over
distributed visual information. Through this con-
trolled analysis, we aim to isolate the specific lim-
itations and offer actionable insights for the next
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Counting

Question: How many zebra’s are 

there in these images? Please 

provide the correct number directly. (
(

Answer: 4

Question: Compile a list of all sub-

categories under the category 

'vehicle' in the provided images.(
(

Answer: Boat, Bus

Question: Which class is unique 

compared to the others in these 

images? Provide the precise class 

name directly.(
(

Answer: Elephant

Question: Determine the class 

that is consistent across all these 

images. Provide the precise class 

name directly.(
(

Answer: Chair

Listing

Odd One

Common

Figure 2: MIMIC Bench: examples of each task.

generation of visual understanding models.
Section 3.1 describes the tasks design and dataset

construction of our probing benchmark. Sec-
tion 3.2 describes the systematic probing of several
state-of-the-art LVLMs to uncover their strengths
and limitations in multi-image understanding.

Counting
Common Odd One Listing Overall

Bal. Unbal.

Queries 5000 5800 1000 1000 1000 13800
Images 5370 3761 3842 3726 4137 13145
Obj. inst. per query 44.3 132.1 26.1 20.7 27.9 77.0
Min img per query 7 2 3 4 2 2
Max img per query 7 35 8 6 8 35
Median img per query 7.0 15.0 5.0 5.0 5.0 7
Avg words per question 15.1 15.2 14.7 17.3 13.6 15.2

Table 1: MIMIC Benchmark statistics per task. Count-
ing settings: Balanced (Bal) and Unbalanced (Unbal).

3.1 Testbed benchmark construction
We build the probing dataset by procedurally gener-
ating multi-image, open-ended question-answering
tasks that target distinct aspects of cross-image rea-
soning. To this end, we sample a curated subset
from MS-COCO (Lin et al., 2014) by filtering out
images whose object bounding boxes occupying
less than 5% of the image in order to ensure visual
recognizability at common LVLM input resolutions
(e.g. LLaVA-OV’s 384× 384px). To minimize the
impact of potential class imbalance, we first select
a pool of classes and then sample from this pool,
ensuring that each class is chosen with an equal
probability. This ensures that the distributions of
classes remain consistent across settings.

MIMIC defines four core tasks: Counting, List-
ing, Common, and Odd-One, each targeting a
distinct facet of multi-image reasoning. Fig. 2
provides some qualitative examples, and Table 1
reports dataset statistics. All tasks are formu-

lated as open-ended question answering rather than
multiple-choice to increase challenge, avoid short-
cuts introduced by fixed option sets, and remove
the need to calibrate distractor choices. To further
reduce prompt bias, we employ multiple templa-
tized prompts per task (see appendix for a template
list). Below, we describe each task in detail.
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Figure 3: Effect of vision token sequence length on
performance. Left: Sequence length reduction via 1-
D pooling. The square denotes the original sequence
length. Right: Control experiment reducing the in-
formation via pixel space pooling while keeping the
sequence length fixed. Results are reported for counting
task with 3 query images and total 10 images.

Counting: Given a set of N input images, and
a query containing k object classes, the model is
asked to count the total number of instances of
each class. With increasing difficulty, we vary the
distribution of object instances across images. For
example, in the easiest setting, all may be concen-
trated in a single image, while in more challenging
cases, instances are spread across multiple images.
We refer to this as the information spread. Addi-
tionally, we introduce distractors - images that do
not contain any instances of the target objects - to
assess the model’s ability to focus on relevant in-
formation. In summary, this task offers the follow-
ing controllable dimensions: (1) number of object
classes to count (k); (2) information spread across
images (s); (3) number of distractor images and
(4) total number of images. Each case probes dif-
ferent aspects and potential biases. For instance,
increasing the number of object classes k tests the
model’s multi-concept tracking ability, while vary-
ing the information spread evaluates its capacity to
aggregate information across images.

To account for potential biases caused by the
long-tail distribution of object instance counts in
natural images, which may lead to models favor-
ing smaller counts, we design two distinct settings:
(1) Balanced, where the total number of object in-
stances is fixed, but distributed across a varying
number of images; (2) Unbalanced, where the to-
tal number of object instances varies arbitrarily
with the number of images. The metric of choice
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is binary accuracy, i.e. the answer is correct if it
matches the ground truth count exactly.
Listing: The model is presented with a set of N im-
ages and asked to list all object classes belonging to
a given category (e.g.: animals, vehicles, etc.) that
it can identify. This task evaluates the model’s abil-
ity to exhaustively extract information in a dense
manner from multiple images. As a byproduct, it
also measures the model’s visual perception abil-
ity to recognize and categorize multiple objects, as
well as its capacity to aggregate this information
into a coherent list. Similar to the Counting task,
we vary the number of images and the distribution
of object instances to assess the model’s robust-
ness in multi-image understanding. The model’s
response is evaluated on the completeness and ac-
curacy of the list, using the F1 score as metric. See
the appendix for a complete hierarchy of object
categories and subcategories.
Common and Odd-One: These two tasks are
designed to assess the model’s ability to identify
shared or unique elements across multiple images.
Importantly, while previous tasks focus on aggre-
gating information, these tasks require comparative
reasoning across images, hence the model must
first implicitly identify all objects before perform-
ing cross-image analysis. In the Common task,
the model has to determine which object class is
present in all provided images, while in the Odd-
One case, it must identify the object class that is
present in a minority of images. For simplicity,
we ensure by design that the answers are unique.
The model’s answers are evaluated based on their
correctness, with binary accuracy as the metric.

3.2 Empirical analysis
Setup: We evaluate several state-of-the-art
LVLMs: LLaVA-OV (Li et al., 2025), Qwen2-
VL (Wang et al., 2024a) and InternVL2 (Chen et al.,
2024b). We use publicly available checkpoints and
follow the official data processing pipeline. For test
data, we use the MIMIC benchmark described in
Section 3.1, selecting tasks and configurations that
best isolate the dimensions we aim to probe.
Performance in Relation to Sequence Length
and Number of Images: LLMs are known to ex-
hibit position and sequence-length biases (Ravaut
et al., 2024), with tokens appearing earlier and late
in the sequence receiving more attention. Unlike
for LLMs, we distinguish two axes of sequence
length growth: (1) increasing the number of images,
and (2) increasing the input image(s) resolution.

We seek to understand if the performance degrada-
tion stems from the model’s inability to handle long
sequences, or from the inability to process many
images. We disentangle these two factors with the
following experiments: (a) directly increasing the
number of images without explicitly controlling for
sequence length. In this setting, we simply vary
the number of images provided to the model, mea-
suring performance on the counting task. As the
results in Fig. 1 (left) show, performance degrades
consistently across all settings for all models as
the total number of images increases from 2 to
35. (b) reducing the vision token sequence length
through 1-D average pooling applied to the origi-
nal multi-image vision tokens. To ensure that the
observed behavior is not an artifact of reduced in-
formation, we also perform a control experiment
where we similarly reduce the amount of informa-
tion by downsampling and then upsampling back
the images in pixel space, prior to being passed
to the vision encoder. This preserves the initial
sequence length but reduces the amount of visual
information available to the model. This allows us
to assess if the performance degradation observed
in (a) is primarily due to the increased sequence
length or number of images.

The results are summarized in Fig. 3. On the left,
we plot performance changes for different mod-
els as we reduce the number of vision tokens via
1-D pooling. Due to different processing, each
model allocates a different number of tokens per
image, hence we mark two points: the extreme
right (no downsampling) and the central point that
maximizes performance. On the right, we show
the control experiment that decreases the informa-
tion in the pixel space artificially without reducing
sequence length. Surprisingly, we find that reduc-
ing the sequence length in a zero-shot manner via
1-D pooling up to 4− 8× leads to significant per-
formance improvements across all models. The
control experiment confirms that gains are due to
sequence length reduction rather than information
reduction. This suggests that the models primarily
struggle with long sequence understanding rather
than with processing multiple distinct images.

Finding 1: The performance degradation in
multi-image scenarios stems primarily from in-
creased sequence length rather than the in-
creased number of images.

Moreover, we observe that for LLaVA-OV per-
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Figure 4: Inter-image and intra-image token attention across layers. The attention patterns transitions from
cross-image to intra-image interactions as we advance in depth.

formance peaks when the vision sequence length
is approximately that of one or two images (i.e.,
roughly the number of vision tokens for a 384×384
image/patch). This suggests the model effectively
relies on a single-image context and has limited
practical multi-image integration; we later evaluate
how targeted finetuning can mitigate this limitation.

Finding 2: Current LVLMs primarily behave
as single-image models: performance peaks
when the vision-token sequence length matches
that produced by one or two images.

Information aggregation across images: Prior
benchmarks rarely control for how information is
distributed across images, making it difficult to
isolate whether models can effectively aggregate
information across images. To this end, we vary
the information spread in the counting task, which
defines how object instances are distributed across
images. In Fig. 1 (left and middle) we show the
results of increasing the number of images contain-
ing the object instance from 1 to 7. We observe
a sharp drop in accuracy that approaches 0 even
when very few distractors are present. This trend is
consistent across all models tested and manifests
both in balanced and unbalanced counting settings.
This indicates that the models may rely on short-
cuts, such as focusing on a single or very small
subset of images, rather than effectively integrating
information from all provided images.

Finding 3: Current LVLMs struggle to aggre-
gate information across multiple images.

Robustness to visual distractors. In real-world
scenarios, models often encounter irrelevant or dis-
tracting information. To evaluate the robustness of

LVLMs, we introduce a varying number of irrele-
vant images into the input sequence. As shown in
Fig. 1 (left), the accuracy decreases as the number
of distractors increases (e.g: from 79.0% to 66.5%
(1 vs 34 distractors) for 1 query image, from 75.0%
to 12.5% for two query images, etc., for LLaVA-
OV). A particularly pronounced drop occurs as the
number of images containing the object of interest
increases, suggesting that distractors exacerbate the
models’ existing difficulties in aggregating infor-
mation across multiple images.

Finding 4: Models are sensitive to visual dis-
tractors, especially when information is spread
out.

Multi-concept tracking. The ability to track and
attend to multiple concepts simultaneously is criti-
cal for multi-image understanding. To probe this
capability, we vary the number of object classes
k that the model is required to count. As shown
in Fig. 1 (right), the model performance degrades
sharply as k increases, indicating a limited capacity
to handle multiple concepts at once.

Finding 5: LVLMs demonstrate limited capac-
ity for multi-concept tracking, reducing their
reliability on complex multi-object queries.

Multi-image interaction. To probe how visual
information is propagated and integrated across
images at the token level, we analyze attention
patterns among vision tokens in multi-image in-
puts. Concretely, we compute the normalized at-
tention scores from each vision token to all other
vision tokens in the input sequence subject to an
autoregressive attention masking on a subset of 50
samples. Fig. 4 summarizes the results across a

6
7428



Model Geographic. Counting Action. Grounding Matching. Ordering Scene. Difference. Cartoon. Diagram Attribute. Retrieval Overall
Random Choice 25.0 21.0 23.4 25.0 24.1 22.8 25.0 23.2 25.0 29.6 20.0 21.3 24.0
Human 98.0 94.9 97.6 85.7 94.8 87.5 94.6 92.9 82.1 98.99 87.6 86.3 93.2
GPT-4o (OpenAI, 2023) 56.0 49.2 44.5 36.9 86.9 23.44 71.5 60.3 51.3 88.7 56.1 80.1 68.0
Gemini Pro (Team et al., 2023) 48.0 28.6 36.0 28.6 66.6 12.5 59.1 45.3 47.4 64.8 41.3 43.8 49.4
Mantis-8b-Idefics2 (Jiang et al., 2024b) 26.0 38.5 33.5 26.2 53.9 18.8 57.0 28.8 38.5 67.6 48.5 35.6 44.5
Idefics-9B-Instruct (Laurençon et al., 2023) 35.0 21.8 26.2 26.2 24.8 15.6 56.5 27.6 39.7 25.4 17.9 17.1 35.4
Emu2-Chat(37B) (Sun et al., 2024) 34.0 31.2 27.4 26.2 37.3 15.6 48.4 32.6 43.6 37.7 31.6 24.0 33.6
VILA1.5-13B (Lin et al., 2024) 31.0 19.7 28.7 25.0 40.9 10.9 56.5 24.7 30.8 42.7 24.5 30.1 33.1
LLaVA-NeXT-34B (Liu et al., 2024b) 12.0 36.3 26.2 33.3 37.9 21.9 54.3 22.1 41.0 38.2 38.3 25.0 33.3
LLaVA-v1.5-7B (Liu et al., 2024a) 20.0 23.1 27.4 14.3 23.5 23.4 35.0 20.0 24.4 25.1 23.0 19.9 23.5
LLaVA-v1.5-13B (Liu et al., 2024a) 20.0 25.2 29.3 14.3 20.3 20.3 36.6 20.0 25.6 31.7 23.0 20.9 24.4
CogVLM (Wang et al., 2024b) 13.0 14.1 26.2 16.7 21.3 12.5 41.4 19.7 41.0 19.6 16.3 15.8 20.9
MiniGPT-4-v2 (Chen et al., 2023) 13.0 12.0 14.0 25.0 17.0 18.8 14.5 20.0 21.8 21.6 17.4 14.7 17.4
Qwen2-VL-7B (Wang et al., 2024a) 12.0 38.9 42.7 28.5 57.5 10.9 75.3 32.9 38.5 49.2 46.4 26.7 43.0
Qwen2-VL-2B (Wang et al., 2024a) 14.0 27.8 35.4 26.2 34.3 10.9 51.1 19.4 39.7 21.4 31.1 15.4 27.2
InternVL2-8B (Chen et al., 2024a) 17.0 30.3 34.7 28.5 43.5 17.2 60.2 26.2 46.2 46.5 42.8 33.6 37.9
InternVL2-2B (Chen et al., 2024a) 17.0 21.8 26.8 26.2 31.7 10.9 52.2 17.4 35.9 21.6 16.8 13.7 24.3
LLaVA-OV-0.5B (Li et al., 2025) 22.0 20.9 31.1 25.0 30.2 7.8 46.7 24.1 42.3 25.1 23.9 20.5 26.8
Ours 43.0 20.5 41.4 22.6 38.4 9.4 52.7 22.1 37.2 39.4 29.6 32.5 33.6
Ours (Masked) 31.0 17.5 40.8 33.3 37.3 14.1 53.8 21.5 42.3 34.9 28.1 32.9 32.5
LLaVA-OV-7B (Li et al., 2025) 43.3 24.8 36.6 29.7 45.3 17.2 71.5 30.0 35.9 54.2 32.7 46.2 41.7
Ours (Masked) 44.0 35.9 51.2 42.9 59.9 12.5 71.0 43.5 38.5 62.1 52.0 48.6 51.3

Table 2: Performance comparison across different MuirBench (Wang et al., 2025a) subtasks. Ours (Masked): Our
efficient model trained with LoRA and masked attention. Ours: Fully fine-tuned model. Due to computational
constraints, we do not fully finetune LLaVA-7B model.

few layers of interest for a LLaVA-OV model for
multi-image inputs with 4 images. We find that
in earlier layers, there is a significant amount of
inter-image attention, indicating that the model is
attempting to integrate information across images.
However, as we progress to deeper layers, the atten-
tion becomes predominantly intra-image. This in-
flection point occurs somewhere around the middle
of the network. This shift may contribute to the ob-
served difficulty in aggregating information across
multiple images. Conceptually, the build-up of
representations appears to proceed from broad se-
mantic correlations across images to finer-grained,
instance-level integration.

This has a series of consequences: (1) the early
inter-image attention may introduce noise or dis-
tractions that hinder the model’s ability to focus on
relevant information in later layers; hence, early
mistakes in cross-image interaction are harder to
correct; (2) the cross-image interaction under a
causal attention mechanism may lead to error prop-
agation, where tokens belonging to later images
accumulate a higher amount of noise with incorrect
information from earlier images; this may reduce
the vision perception capability of the model for
later images and explain some of the performance
degradation as the number of images increases; (3)
the architecture and training objectives may not suf-
ficiently encourage cross-image integration, lead-
ing to a default behavior of treating images indepen-
dently; (4) the observed attention patterns may re-
flect inherent biases in the training data, where the
multi-image tasks don’t require deep cross-image

reasoning, leading the model to learn shortcuts that
prioritize single-image understanding.

Finding 6: Inter-image attention diminishes in
deeper layers of LVLMs, indicating a shift from
cross-image integration to intra-image focus.

4 Method

In the previous section, we identified key limita-
tions of LVLMs on multi-image tasks via zero-shot
evaluation using the MIMIC benchmark. Here,
we investigate targeted fine-tuning strategies de-
rived from our findings and aimed at improving
multi-image reasoning capabilities. In particu-
lar, we explore two complementary approaches: a
data-centric fine-tuning strategy using synthetically
generated multi-image data, and an optimization-
centric attention-masking strategy.
Multi-Image Finetuning: We fine-tune LLaVA-
OV models on a unified training dataset com-
posed of samples procedurally generated using the
MIMIC pipeline (see section 3.1) together with
the original LLaVA-OV multi-image instruction-
tuning data (approximately 580K samples). Un-
like the MIMIC benchmark used for evaluation,
our fine-tuning data is built from OpenImages and
provides explicit supervision for cross-image rea-
soning. It contains approximately 198K samples,
with sequence lengths of up to 10 images (see
appendix), deliberately exposing models to sub-
stantially longer vision-token sequences. All four
MIMIC tasks are included to encourage diverse
multi-image reasoning behaviors.
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Model MuirBench Blink MMIU MIRB MMT (val) NLVR2 Avg.
GPT-4V 62.3 54.6 - 53.1 64.3 - -
InternVL2-Llama3-76B 51.2 56.8 44.2 58.2 67.4 - -
LLaVA-v1.5-7B 20.0 37.1 19.2 28.5 - - -
InternVL2-2B 24.3 16.3 13.6 25.0 46.7 18.9 24.1
InternVL2-8B 37.9 23.4 36.8 48.6 57.9 8.7 35.6
Qwen2VL-2B 27.2 12.7 38.7 45.9 51.9 41.6 36.3
Qwen2VL-7B 43.0 17.7 52.6 60.8 61.7 41.5 46.2
LLaVA-OV-0.5B 26.8 40.4 34.2 31.8 41.1 61.2 39.3
Ours 33.6 38.9 37.2 32.8 45.6 68.0 42.7
Ours (masked) 32.5 39.1 36.3 28.5 45.9 65.1 41.2
LLaVA-OV-7B 41.7 50.4 45.0 47.2 56.6 84.2 54.2
Ours (masked) 51.3 51.9 45.5 51.0 55.3 87.3 57.1

Table 3: Comparisons on multi-image benchmarks:
MuirBench, Blink, MMIU, MIRB, MMT, and NLVR2.

Model Common Counting Odd-one Listing Avg.
Mantis-8B-llama3 (Jiang et al., 2024b) 13.0 19.9 10.9 17.0 15.2
InternVL2-2B (Chen et al., 2024a) 25.6 11.7 9.6 19.6 16.6
InternVL2-8B (Chen et al., 2024a) 45.2 18.9 30.2 29.8 31.0
Qwen2VL-2B (Wang et al., 2024a) 41.9 21.7 30.2 23.8 29.4
Qwen2VL-7B (Wang et al., 2024a) 58.6 35.7 35.9 23.4 38.4
LLaVA-OV-0.5B (Li et al., 2025) 44.7 29.7 8.3 22.8 26.4
Ours 68.5 37.8 41.0 34.5 45.5
Ours (masked) 68.9 35.8 50.9 42.0 49.4
LLaVA-OV-7B (Li et al., 2025) 71.5 29.7 58.1 56.6 54.0
Ours (masked) 75.5 51.2 72.1 55.0 63.8

Table 4: Comparisons on our benchmark. We report
model’s accuracy for Odd-one, Common and Counting
whereas f1 score for listing benchmark.

Attention Masking: Our analysis shows that
inter-image attention diminishes in deeper layers
(see fig. 4). Motivated by this, we apply layer-wise
attention masking during fine-tuning, restricting vi-
sion tokens to attend only to tokens from the same
image in selected layers, while leaving text-token
attention unchanged. This design offers two key
benefits. First, it reduces unnecessary cross-image
interactions, leading to a more efficient model with
lower computational cost (see table 9 and fig. 8 of
appendix). Second, it encourages cleaner image-
local representations in deeper layers, which empir-
ically improves performance across several bench-
marks. For this setting, we employ LoRA-based
fine-tuning to further improve parameter efficiency.
See appendix for implementation details.

5 Results

5.1 Comparison with state-of-the-art

Existing multi-image benchmarks. We first re-
port results on MuirBench (Wang et al., 2025a)
and its subtasks in table 2. Across all model sizes,
our approach consistently outperforms the corre-
sponding LLaVA-OV baseline. Notably, for the 7B
model, our masked-attention variant improves the
overall score from 41.7 to 51.3%. We observe a
similar trend for the smaller 0.5B variant, indicat-
ing that the improvements are robust across model

sizes. Interestingly, our method generalizes well
to out-of-domain subtasks, including geographic,
action and diagram understanding, suggesting that
our data construction strategy teaches the model
multi-image processing concepts rather than object
perception, which we argue develops already in the
single-image training phase.

Next, we extend the evaluation to additional
multi-image benchmarks, including Blink (Fu et al.,
2024b), MMIU (Meng et al., 2025), MIRB (Zhao
et al., 2024), MMT (Ying et al., 2024), and
NLVR2 (Suhr et al., 2019). Our approach achieves
consistent improvements across all variants. As
shown in Tab. 5, our masked-attention fine-tuning
strategy yields significant gains over the base-
line even with very few trainable parameters, and
in some cases outperforms full fine-tuning (e.g.,
LLaVA-OV 0.5B).
MIMIC benchmark. We report results in Tab. 4.
Unless otherwise specified, all results for Count-
ing subtask correspond to the balanced split.
Our method significantly outperforms LLaVA-OV
across all four tasks. For the 0.5B model, the av-
erage score improves from 26.4 to 49.4, while
for the 7B model, masked fine-tuning increases
performance from 54.0 to 63.8. Gains are most
pronounced on the Common and Odd-One tasks,
highlighting improved information aggregation and
multi-concept reasoning across images.

5.2 Ablation studies and analysis

Cross-task generalization. In this experiment, we
train models on individual subtasks (e.g., Count-
ing, Common, Odd-One, and Listing) to analyze
their complementary roles and assess cross-task
generalization. Table 5 (left) shows the results.
We observe that training on the Common task gen-
eralizes well to Counting and Listing, but not to
Odd-One; a similar trend is observed when train-
ing on Odd-One. This behavior is expected, as the
two tasks are complementary in nature: Common
requires aggregating information across multiple
images, whereas Odd-One emphasizes localizing
distinctive evidence within a single image. Train-
ing on Listing consistently improves performance
across all other tasks, while training on Counting
primarily benefits Odd-One.
Efficiency analysis. Table 5 (mid) shows that our
masked attention variant achieves superior perfor-
mance with substantially lower computational cost
compared with vanilla attention. On the 0.5B back-
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Common Count Odd-one List
Ours (all) 68.5 37.8 41.0 34.5
LLaVA-OV-0.5B 44.7 29.7 8.3 22.8
only Common 73.7 32.0 3.7 30.7
only Counting 35.8 39.4 12.2 20.7
only Odd One 34.4 31.8 53.6 31.1
only Listing 46.0 29.3 11.1 28.3

FLOPs (Gain) Avg. Perf.
LLaVA-OV-0.5B 58B (0%) 26.4
Ours 58B (0%) 45.5
Ours (masked) 11.2B (81%) 49.4

Layers masked Comm. Count. Odd. List. Avg.
No mask. 70.0 32.0 37.9 44.5 46.1
0-23 64.5 36.1 20.9 29.2 37.7
0-11 62.5 27.3 28.8 33.6 38.1
12-23 68.9 35.8 50.9 42.0 49.4

Table 5: Left: Cross-task generalisation. We train LLaVA-OV model individually with each task and compare
cross task generalisation. Ours (with all task): upperbound trained with all 4 tasks. Middle: Efficiency Analysis of
Masked Attention. Right: Ablation wrt different layers for attention masking. Experiments on LLaVA-OV 0.5B.

bone, masked finetuning reduces the FLOPs by
∼81%, while outperforming full finetuning. This
confirms that selectively constraining inter-image
attention is both effective and efficient. See ap-
pendix for details on FLOPs estimations.
Attention masking strategy. Table 5 (right) ab-
lates the layers at which attention masking is ap-
plied. Masking only deeper layers (layers 12–23)
yields the best performance, whereas masking early
layers significantly degrades accuracy. These re-
sults suggest that early layers are important for
effective cross-image information aggregation.
Qualitative analysis. Figure 5 visualizes answer-
to-image attention for a ‘Counting’ example. The
baseline fails to attend to relevant objects in the
third image, resulting in an incorrect count. In con-
trast, our model exhibits balanced and semantically
grounded attention across all images, leading to
the correct prediction. This qualitative evidence
corroborates our quantitative improvements.

Question: How many potted plants are there in these images? Please provide the 

correct number directly. (
( LLaVA OV: 2 

Ours: 3 

Figure 5: Answer-to-Image Attention: The baseline
LLaVA OV (top row) fails to attend to the potted plant
in the third image, whereas our method (bottom row)
correctly focuses on the relevant object. Visualization
is shown at the 15th layer of the LLM.

6 Conclusions

We systematically investigated the capabilities of
LVLMs in multi-image contexts through MIMIC,
a novel benchmark designed to isolate specific

unitary behaviors. Our analysis reveals that cur-
rent SOTA models fundamentally exhibit “single-
image behavior,” struggling to aggregate informa-
tion across inputs or track multiple concepts in the
presence of visual distractors. To address this, we
introduced a data-centric synthetic fine-tuning strat-
egy and an optimization-centric attention-masking
mechanism. These contributions not only address
key failure modes but also establish new state-of-
the-art results, offering a robust foundation for fu-
ture research in multi-image understanding.

7 Limitations

While our work offers a rigorous analysis and ef-
fective solutions for multi-image LVLMs, we note
the following limitations of our study:

• Benchmark Domain: We constructed MIMIC
using MS-COCO to maintain precise con-
trol over confounding variables (e.g., object
counts, occlusion levels). While this design
enables exact “unit testing” of model reason-
ing, extending this controlled methodology to
specialized domains, such as dense documents
or medical imaging, remains an exciting av-
enue for future research.

• Resolution Trade-offs: Our analysis demon-
strates that reducing sequence length im-
proves multi-image reasoning by mitigating
context overload. While highly effective for
semantic understanding and counting, tasks re-
quiring pixel-perfect perception of extremely
small details might benefit from adaptive reso-
lution strategies, which were outside the scope
of this study.

• Architectural Scope: Our proposed analysis
focuses on models with open weights. While
we expect conclusions to hold for closed mod-
els, additional validations (which induce bud-
get constraints) may be useful for reinforcing
our findings.
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A Appendix

A.1 Additional Ablations and Analysis

Multi-image vs single composite image (stitch-
ing). To further understand whether the observed
failure modes are due to the presence of multi-
ple images or simply due to the increased number
of vision tokens, we conduct an additional exper-
iment involving multi-image stitching: Here, we
create a single composite image by stitching multi-
ple images together in a grid format, ensuring that
the total number of vision tokens remains similar
to that of the multi-image input. The conceptual
changes that occur here are twofold: (1) the chat
template is devoid of any image separators, and (2)
the vision encoder may jointly process parts of dif-
ferent images together. The results across all tasks
are summarized in Table 6. As the results show,
general performance remains similar or increases
slightly in some cases.
Ablations wrt Data Components. We conduct
an ablation using the 0.5B LLaVA variant of our
method to isolate the contribution of MIMIC-
generated data relative to the original LLaVA-OV
(OneVision) multi-image data. We compare three
training setups: (i) OneVision only, (ii) MIMIC
only, and (iii) OneVision + MIMIC. As shown in ta-
ble 7, MIMIC substantially outperforms OneVision
on both the MIMIC tasks and the external bench-
marks, indicating that the gains are primarily driven
by the MIMIC-generated data. Combining MIMIC
with OneVision further improves performance on
the external benchmarks, suggesting complemen-
tary benefits for generalization.
Ablations wrt Attention Masking. We conduct
an ablation to assess the effect of attention mask-
ing by comparing two training setups: (i) LoRA
and (ii) LoRA + Masking. As shown in table 8,
adding attention masking improves overall perfor-
mance on the MIMIC benchmark, particularly on
Counting and Odd One, resulting in a higher aver-
age score. Importantly, this improvement comes
while maintaining comparable performance on ex-
ternal benchmarks, suggesting that masking helps
the model attend to relevant cross-image informa-
tion without harming generalization.

Model Common Counting Odd-one Listing
LLaVA-OV-0.5B 33.6 28.9 8.8 25.0
LLaVA-OV-0.5B (stitched) 41.0 30.8 22.7 19.5
LLaVA-OV-7B 72.4 29.1 58.0 49.4
LLaVA-OV-7B (stitched) 68.2 35.9 67.1 51.5
Qwen2-VL-2B 40.4 21.8 26.3 50.8
Qwen2-VL-2B (stitched) 36.2 38.8 26.8 51.1
Qwen2-VL-7B 61.3 36.6 35.3 50.3
Qwen2-VL-7B (stitched) 51.7 35.8 51.1 58.5
InternVL2-2B 25.6 28.8 7.1 35.3
InternVL2-2B (stitched) 29.5 29.3 6.2 39.8
InternVL2-8B 42.8 30.9 24.4 52.9
InternVL2-8B (stitched) 42.5 27.3 37.3 54.8

Table 6: Stitching Experiment. To ensure a similar
number of tokens for both stitched and multi-image, we
resize images to 384×384 for LLaVA-OV and 484×484
for Qwen2-VL and InternVL2.

Efficiency and FLOPs Analysis. Table 9 shows
that our masked attention variant achieves supe-
rior performance with substantially lower compu-
tational cost compared to vanilla attention. On the
0.5B backbone, masked finetuning reduces FLOPs
by approximately 81%, while also outperforming
full finetuning. This demonstrates that selectively
constraining inter-image attention is both effective
and computationally efficient.

Formally, given Nt text tokens and Nv visual
tokens distributed across M independent images,
the FLOPs of a standard transformer layer with
full self-attention scale as O((Nt+Nv)

2d+(Nt+
Nv)d

2), where d denotes the hidden dimension.
The first term corresponds to self-attention compu-
tation, while the second accounts for the MLP.

In contrast, our masked attention restricts visual
tokens to attend only within their respective image
blocks, each of size n = Nv

M , while preserving
global visibility for text tokens. This modifies the
complexity to

FLOPs ≈
(
Nt(Nt +Nv) +

M∑

i=1

n2
i

)
d

︸ ︷︷ ︸
Masked Attention

+(Nt +Nv)d
2

︸ ︷︷ ︸
MLP

.

(1)
Assuming uniform image sizes (ni =

Nv
M ), this en-

ables scaling to a larger number of high-resolution
images under fixed memory and compute budgets.
In our MIMIC benchmark, we observe M = 10.4
images per sample with an average of Nt = 17.4
text tokens. Since LLaVA-OV uses 730 visual to-
kens per image, this yields Nv = 7592. We use
hidden dimensions d = 896 for the 0.5B model
and d = 1536 for the 1.5B variant, consistent with
the FLOPs reductions reported in Table 9.
Performance vs. number of images. In Sec-
tion 3.2 and Fig. 1, we analyze how the perfor-
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Listing Odd One Common

Figure 6: Performance vs. Number of Images. We report performance as a function of the total number of input
images for the Listing, Odd-One tasks, and common tasks.

Common Counting Odd One Listing (F1) Avg

OneVision only 44.7 29.7 8.3 22.8 26.4
MIMIC only 73.6 43.3 64.2 43.8 56.2
OneVision + MIMIC 68.5 37.8 41.0 34.5 45.5

Blink MMIU MuirBench Average

OneVision only 40.4 34.2 26.8 33.8
MIMIC only 38.9 35.6 33.1 36.0
OneVision + MIMIC 38.9 37.2 33.6 36.6

Table 7: Performance comparison with different
training data components. MIMIC yields most of
the gains, while combining it with OneVision improves
external benchmark performance.

Common Counting Odd One Listing (F1) Avg

LoRA 70.1 32.0 37.9 44.5 46.1
LoRA + Masking 68.9 35.8 50.9 42.0 49.4

Blink MMIU MuirBench Average

LoRA 38.0 35.8 34.7 36.2
LoRA + Masking 39.1 36.3 32.5 36.0

Table 8: Performance comparison with and without
masking. Masking consistently improves performance
on the MIMIC benchmark while largely preserving per-
formance on external benchmarks.

mance of the counting task varies with the total
number of images and the number of query images.
Here, we extend this analysis by also considering
the Listing, Odd-One, and Common tasks. Fig. 6
reports the performance on these three tasks as the
number of input images increases. We observe that
for the Listing and Odd-One tasks, performance
decreases as the number of total images grows,
while performance on the Common task remains
largely stable and is not affected by the number of
images. This behavior is expected, since the Com-
mon task contains no distractors and therefore does
not require exhaustive reasoning over all images to
predict the correct class.
Effect of Prompt Variations. To assess prompt

FLOPs (Gain) Avg. Perf.
LLaVA-OV-0.5B 58B (0%) 26.4
Ours 58B (0%) 45.5
Ours (masked) 11.2B (81%) 49.4
LLaVA-OV-1.5B 107B (0%) 29.8
Ours 107B (0%) 54.7
Ours (masked) 26.7B (75%) 46.4

Table 9: Efficiency analysis. Our masked-attention
variant is substantially more computationally efficient
than the vanilla-attention version used in our method.

Prompt Accuracy

Determine the class that is consistent across all these images. 43.8
Identify the class that appears in all these images. 47.4
Find the common category in these images. 54.9
Ours (multiple prompts) 44.7

Table 10: Effect of prompt variations on the Common
subtask. Performance varies noticeably across individ-
ual prompt templates, supporting the use of multiple
prompts to reduce prompt bias and improve robustness.

sensitivity, we conduct an additional experiment
using individual prompt templates. We evaluate
two subtasks, Common and Counting, with three
prompt variants each (shown in fig. 12), while
keeping the connector fixed across prompts (e.g.,
“Please provide the precise class name directly” for
Common and “Provide the exact number directly”
for Counting). Results are shown in tables 10
and 11. We observe noticeable performance varia-
tion across individual prompt formulations, indicat-
ing that model performance is sensitive to prompt
wording even when the task and answer format re-
main unchanged. These results support the use of
multiple prompt templates to reduce prompt bias
and improve robustness.

Ablation wrt Masking Layers. We further ana-
lyze the sensitivity of our attention masking strat-
egy to the choice of masked layers. Due to compu-
tational constraints, we conduct this ablation on the
0.5B model, which also informs our design choice
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Prompt Accuracy

Count the occurrences of <class_id> in these images. 26.7
How many <class_id> are in the images? 31.9
What is the total number of <class_id> present in these images? 30.9
Ours (multiple prompts) 29.7

Table 11: Effect of prompt variations on the Counting
subtask. Performance varies across individual prompt
templates, while using multiple prompts provides a
more robust evaluation setup.

Layers Masked Layer Range Common Counting Odd One Listing (F1) Average

100% 0–23 66.2 37.5 11.8 27.1 35.7

50%
12–23 68.9 35.8 50.9 42.0 49.4
0–11 66.0 31.5 12.6 34.0 36.0

25%

0–5 71.7 32.6 37.2 41.8 45.8
6–11 68.4 46.7 39.8 44.1 49.8
12–17 69.4 47.5 40.9 43.5 50.3
18–23 70.3 48.4 40.7 44.2 50.9

Table 12: Ablation of attention masking across differ-
ent layer ranges on the 0.5B model. Later-layer mask-
ing consistently outperforms early-layer masking, while
masking the last 50% of layers provides a strong trade-
off between effectiveness and efficiency.

for larger models. As shown in Table 12, mask-
ing later layers is substantially more effective than
masking earlier layers, and partial masking outper-
forms masking all layers. In particular, masking
the last 50% of layers provides a strong accuracy-
efficiency trade-off.

Extended multi-image interaction. Fig. 4 in Sec-
tion 3.2 reports the normalized attention scores
from each vision token to all other vision tokens
in an input sequence of 4 images for a LLaVA-OV
model. The scores are computed on a subset of
50 samples and then averaged. Fig. 7 extends this
analysis to an input sequence of 6 images. From
the figures, we observe that the observations made
for 4 images also hold for 6 images. In particu-
lar, in the early layers, there is a large amount of
inter-image attention, while in deeper layers the
attention becomes mostly intra-image, indicating
that the model focuses more on individual images.
Therefore, we can infer that the observed behavior
is intrinsic to the model and does not depend on the
number of input images.

Counting (balanced) Performance Comparison.
We extend the results from table 4 with a fine-
grained analysis of performance improvements
in fig. 9. We observe that fine-tuning substan-
tially improves performance when object instances
are distributed across multiple query images. For
example, when four instances are spread across
four images, accuracy increases from 9% to 45.8%.

Model MuirBench Blink MMIU MIRB MMT (val) NLVR2 Avg.
GPT-4V 62.3 54.6 - 53.1 64.3 - -
InternVL2-Llama3-76B (Chen et al., 2024a) 51.2 56.8 44.2 58.2 67.4 - -
LLaVA-v1.5-7B 20.0 37.1 19.2 28.5 - - -
InternVL2-2B (Chen et al., 2024a) 24.3 16.3 13.6 25.0 46.7 18.9 24.1
InternVL2-8B (Chen et al., 2024a) 37.9 23.4 36.8 48.6 57.9 8.7 35.6
Qwen2VL-2B (Wang et al., 2024a) 27.2 12.7 38.7 45.9 51.9 41.6 36.3
Qwen2VL-7B (Wang et al., 2024a) 43.0 17.7 52.6 60.8 61.7 41.5 46.2
LLaVA-OV-0.5B (Li et al., 2025) 26.8 40.4 34.2 31.8 41.1 61.2 39.3
Ours 33.6 38.9 37.2 32.8 45.6 68.0 42.7
Ours (masked) 32.5 39.1 36.3 28.5 45.9 65.1 41.2
LLaVA-OV-1.5B (Li et al., 2025) 31.1 36.4 33.4 37.7 47.5 70.9 42.8
Ours 39.7 40.0 38.9 36.0 48.8 73.7 46.2
Ours (masked) 32.3 42.2 35.5 30.6 48.1 69.0 43.0
LLaVA-OV-7B (Li et al., 2025) 41.7 50.4 45.0 47.2 56.6 84.2 54.2
Ours (masked) 51.3 51.9 45.5 51.0 55.3 87.3 57.1

Table 13: Extended Comparisons including LLaVA-OV
1.5B with the state-of-the-art on multi-image bench-
marks: MuirBench, Blink, MMIU, MIRB, MMT and
NLVR2.

Similar gains are observed across different instance
distributions, indicating improved cross-image in-
formation aggregation.
Extended Performance Comparison with
LLaVA-OV 1.5B. We extend the comparison to
multi-image benchmarks from table 3 by including
the LLaVA-OV 1.5B model. We observe that both
of our fine-tuned models outperform the baseline.
In particular, our fine-tuned model achieves a 3.4%
improvement over the baseline, demonstrating
enhanced multi-image reasoning capabilities.
Bigger and latest models. Fig. 10 reports results
on the Counting task by increasing the number of
images that contain the object instance from 1 to
7. We consider larger (LLaVA-OV 72B) or more
recent (Qwen2.5-7B, Qwen3-VL-8B) models com-
pared to those analyzed in Fig. 1 (left). Consistent
with previous findings outlined in Section 3.2, even
more powerful models achieve strong performance
when the object of interest appears in a single query
image, but performance decreases as the same ob-
ject is spread across multiple images.

A.2 Implementation Details.

Training Data. Our method is trained on a uni-
fied training set composed of synthetic samples
generated using the MIMIC pipeline (see Sec-
tion 3.1) together with the original LLaVA-OV
multi-image instruction-tuning data (approximately
580K samples). Unlike the MIMIC benchmark
used for evaluation, the synthetic MIMIC train-
ing dataset is built from OpenImages (Kuznetsova
et al., 2020) annotations and provides explicit super-
vision for cross-image reasoning. Additionally, it
supports multi-turn conversations and option-based
responses (see fig. 11). Dataset statistics are re-
ported in table 14. In particular, the dataset consists
of approximately 50K samples from each MIMIC
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Figure 7: Inter-image and intra-image token attention across layers for 6 images.
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Figure 8: Our Masked Attention. Vision tokens are
restricted to attend only to tokens from the same image,
following a block-diagonal attention pattern, while text
tokens in both the prefix and suffix follow the standard
autoregressive attention.
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Figure 9: Comparison on Counting (balanced). Our
fine-tuned model performs substantially better when
object instances are distributed across multiple images.
For example, when four instances are spread across four
images, performance improves from 9% to 45.8%, indi-
cating enhanced cross-image information aggregation.

subtask, with sequences containing up to 10 im-
ages. This design encourages learning effective
cross-image information aggregation while retain-
ing general vision-language capabilities through

joint training with LLaVA-OV data.
Training Procedure. For both training strate-
gies—the data-centric fine-tuning approach and
the optimization-centric attention-masking ap-
proach—we start from the LLaVA-OV Single-
Image variant (Stage 2.1) (Li et al., 2025), which
has been pre-trained on high-quality single-image
instruction-tuning data. We freeze the vision en-
coder and train only the language model layers and
the vision-to-language projector.

For the optimization-centric attention-masking
strategy, we do not fully fine-tune the language
model layers; instead, we apply LoRA adapters to
these layers. In addition, we introduce attention
masking in the self-attention blocks, restricting vi-
sion tokens to attend only to tokens from the same
image. For the data-centric fine-tuning strategy, we
fully fine-tune the language model layers without
attention masking.

All models are trained with an effective batch
size of 128, zero weight decay, and a cosine learn-
ing rate schedule with a warmup ratio of 0.03. For
the data-centric approach, we use a learning rate
of 2.5× 1e−6, while for the LoRA-based attention-
masking strategy, we increase the learning rate to
2.5 × 1e−5. Training is performed on 8 NVIDIA
H100 GPUs with approximately 80 GB of memory
each. For the attention-masking strategy, we set the
LoRA rank to 128.

A.3 Additional MIMIC details

Prompt templates Fig. 12 shows the different
prompt templates used for the four tasks. For each
task, a prompt is constructed by randomly sam-
pling one template from the task-specific template
set (Ptask) and one from the connector template set
(Pconnector). The two templates are then combined
to form the final prompt, i.e., P = Ptask∥Pconnector.
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Figure 10: Counting (unbalanced) performance with bigger and latest models. We analyze the trade-off
between the number of query images and the total number of images for bigger (LLaVA-OV 72B) and latest models
(Qwen2.5-7B and Qwen3VL-8B).

conversations: (
(
from: human, value: What is the total number of 'dogs' present in 

these images? Please give the correct number without any extra 

information.

from: gpt, value: 3(

from: human, value: Which image contains human arm?(
Answer with the option's letter from the given choices directly. A: 

the fourth image, B: the second image, C. None of the choices 

provided, D: the first image

      from: gpt, value: A

Counting subtask

conversations: (
(
from: human, value: Which class is common in these images? 

Please provide the correct class name directly.

from: gpt, value: Bull(

from: human, value: Here is a statement about the images. Is it 

true or false? There are 3 horses in the images.

from: gpt, value: False

Common subtask

Figure 11: Samples from the MIMIC training dataset.Unlike the evaluation benchmark, the training data follows
the LLaVA data format and includes multi-turn conversations with option-based answers.

Counting Common Odd One Listing Overall

Queries 50000 50000 47561 49267 196828
Images 157995 80438 81642 108300 232196
Obj. inst. per query 27.3 16.3 17.8 18.6 20.0
Min img per query 2 2 3 2 2
Max img per query 10 8 8 8 10
Median img per query 5 4 4 4 4
Avg words per question 48.9 44.6 47.7 52.1 48.3

Table 14: MIMIC synthetic training dataset statistics
based on OpenImagesv7 (Kuznetsova et al., 2020).

Additional examples We report additional sample
instances from the Common, Odd-One, Listing,
and Counting categories, in Figs. 13, 14, 15 and
16, respectively.
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Task Templates - Odd One(

(

 1. Which class is odd one out in these images?


 2.  Identify the class that is diûerent from the others in these images.(

 3. Determine the class that doesn't belong in these images.(

 4. Find the class that is the outlier among these images.(

 5. Which class is unique compared to the others in these images?(

 6. Identify the class that is distinct from the rest in these images.(

 7. Determine the class that is not like the others in these images."(

(

Connector Templates(
(

 1. Please provide the correct class name directly.(

 2. Provide the precise class name directly.(

(

Task Templates - Common(

(

 1. Which class is common in these images? (

 2.  Identify the class that appears in all these images. (

 3. Find the common category in these images. (

 4. Determine the class that is consistent across all these images.(

 5. Which class is repeated in all these images?(

(

Connector Templates(
(

 1. Please provide the correct class name directly.(

 2. Provide the precise class name directly. (

(

 Task Templates - Listing(

(

 1. List all the sub-categories belonging to the category <class_id> in the given images.(

 2.  Provide a list of all sub-categories under the category <class_id> in these images.   


 3.  Enumerate the sub-categories that belong to the category <class_id> in the given images(

 4. Generate a list of all sub-categories for the category <class_id> in the images.


 5. Compile a list of all sub-categories under the category <class_id> in the provided images.(

 6. Identify and list all sub-categories belonging to the category <class_id> in these images. (

(

Connector Templates(
(

 1. Please provide the list of category names directly. Separate multiple names with commas. (

(

Task Templates - Counting(

(

1. How many <class_id> are there in the images?(

2. Count the occurrences of <class_id> in these images.


3. What is the total number of <class_id> present in these images?(

4. Provide the count of <class_id> visible in these images.(

5. How many times does <class_id> appear in these images?


6. How many instances of <class_id> can be identified in these images?


                                                                 (

Connector Templates(
(

 1.Please state the exact number directly.


 2. Provide the exact number directly.


 3. Please give the correct number without any extra information.(

(

Figure 12: Prompt Templates for Different Tasks. For each task, a prompt is constructed by randomly sampling
one template from the task-specific template set (Ptask) and one from the connector template set (Pconnector). The two
templates are then combined to form the final prompt, i.e., P = Ptask∥Pconnector.

Common

Question: Find the common 

category in these images. Please 

provide the correct class name 

directly. (

(

Answer: Sandwich

Question: Determine the class 

that is consistent across all these 

images. Provide the precise class 

name directly.(

(

Answer: Bed

Question: Find the common 

category in these images. Please 

provide the correct class name 

directly. (

(

Answer: Vase

Question: Determine the class 

that is consistent across all these 

images. Please provide the correct 

class name directly.(

(

Answer: Giraûe

Figure 13: Our MIMIC Evaluation Benchmark. We show some samples from the category ‘common’ from our
benchmark.
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Odd one

Question: Identify the class that is 

diûerent from the others in these 

images. Please provide the correct 

class name directly.(

(

Answer: Pizza

Question: Which class is unique 

compared to the others in these 

images? Provide the precise class 

name directly.(

(

Answer: Bear

Question: Determine the class 

that doesn't belong in these 

images. Provide the precise class 

name directly.(

(

Answer: Zebra

Question: Determine the class 

that is consistent across all these 

images. Please provide the correct 

class name directly.(

(

Answer: Giraûe

Figure 14: Our MIMIC Evaluation Benchmark. We show some samples from the category ‘Odd One’ from our
benchmark.

Listing

Question: Identify and list all sub-

categories belonging to the 

category 'vehicle' in these images.(
(

Answer: Car, Train

Question: Provide a list of all sub-

categories under the category 

'kitchen utensils' in these images.(
(

Answer: knife, wine glass, spoon

Question: List all the sub-

categories belonging to the 

category 'gadgets' in the given 

images. (
(

Answer: remote, cell phone, tv

Question: Identify and list all sub-

categories belonging to the 

category 'animal' in these images.(
(

Answer: cow, bear, zebra

Figure 15: Our MIMIC Evaluation Benchmark. We show some samples from the category ‘Listing’ from our
benchmark.
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Counting

Question: How many sheeps are 

there in these images? Please 

provide the correct number 

directly. (
(

Answer: 4

Question: How many horses are 

there in these images? Please 

provide the correct number 

directly. (
(

Answer: 2

Question: How many vases are 

there in these images? Please 

provide the correct number 

directly. (
(

Answer: 3

Question: How many sandwiches 

are there in these images?

Please provide the correct number 

directly. (
(

Answer: 4

Figure 16: Our MIMIC Evaluation Benchmark. We show some samples from the category ‘Counting’ from our
benchmark.
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