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Abstract

Multimodal Large Language Models (MLLMs) are increas-
ingly deployed in multi-image scenarios requiring com-
plex reasoning across visual contexts. However, current
MLLMs remain fundamentally limited by object halluci-
nation—generating plausible yet factually inconsistent de-
scriptions about objects. Existing benchmarks, designed
primarily for single-image settings or providing only high-
level multi-image assessments, cannot systematically diag-
nose how visual complexity and reasoning demands trigger
hallucination. To address this gap, we introduce MIOH,
a fine-grained multi-image object hallucination benchmark
that systematically evaluates object hallucination across
four foundational tasks (existence, counting, attribute, po-
sition) through three multi-image reasoning patterns (com-
prehensive, comparative, selective) under three controlled
adversarial pressures (visual context scale, perceptual dif-
ficulty, contextual bias). Through evaluation of 29 models,
we reveal that even state-of-the-art systems like GPT-5 and
Gemini-2.5-Pro exhibit distinct failure patterns across dif-
ferent reasoning patterns and tasks. Our evaluation reveals
that hallucination stems not merely from perceptual fail-
ures but from integration-stage limitations when maintain-
ing object representations across multiple images. MIOH
provides a controlled framework for analyzing multi-image
object hallucination and serves as a critical evaluation tool
for developing more reliable multimodal AI systems.

1. Introduction
With recent advances, Multimodal Large Language Models
(MLLMs) are capable of reasoning over multiple images si-
multaneously. This capability requires models not only to
recognize content in individual images but also to integrate
and synthesize information across diverse visual inputs. De-
spite these advancements, however, current MLLMs remain
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fundamentally limited by object hallucination, where mod-
els generate plausible yet factually inconsistent descriptions
about objects in the queried images.

Multi-image scenarios amplify object hallucination
along two critical dimensions. First, perceptual failure :
even within individual images, models struggle with vi-
sually challenging objects (small size, occlusion, contex-
tual ambiguity) or contextually misleading scenes where
co-occurring objects create false expectations. Second, in-
formation integration : multi-image contexts demand inte-
grating and synthesizing information across images, where
models must aggregate information across all images (com-
prehensive reasoning), identify differences between im-
ages (comparative reasoning), or retrieve specific images
matching given criteria (selective reasoning). Failures in
either dimension create compounding pathways for hal-
lucination. Systematic evaluation requires isolating both:
which visual conditions trigger perceptual errors, and which
integration demands are most vulnerable to failure.

Despite the importance of understanding object halluci-
nation in multi-image contexts, existing evaluation frame-
works do not adequately address these two dimensions.
Most object hallucination benchmarks [18, 28, 43, 47, 51]
are designed for single-image scenarios with binary ques-
tions, focusing narrowly on existence and counting. This
design cannot reveal how visual difficulty factors (percep-
tual challenges, contextual biases) systematically induce
hallucination, nor can it assess multi-image reasoning pat-
terns or compositional capabilities (attributes, spatial rela-
tions) that require fine-grained object understanding. While
general multi-image benchmarks [11, 16, 26, 33, 37, 50]
evaluate overall reasoning, they lack the controlled manip-
ulation of visual factors needed to diagnose object hallu-
cination vulnerabilities. Recent work such as MIHBench
[27] explores multi-image hallucination but examines only
image quantity as an adversarial factor in ablation studies,
without systematically varying visual difficulty or distin-
guishing between reasoning patterns. Consequently, exist-
ing benchmarks cannot pinpoint which specific visual con-
ditions or reasoning demands trigger hallucination, nor how
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these factors interact.
To narrow these gaps, we introduce the Fine-Grained

Multi-Image Object Hallucination (MIOH) benchmark, de-
signed to systematically evaluate both dimensions of multi-
image object hallucination. MIOH systematically inte-
grates four object-centric tasks (existence, counting, at-
tribute, position) with three reasoning patterns (comprehen-
sive, comparative, selective), enabling compositional eval-
uation from basic detection to fine-grained property bind-
ing. Furthermore, MIOH introduces three controlled adver-
sarial pressures—visual context scale (number of images),
perceptual difficulty (small/occluded objects), and contex-
tual bias (misleading co-occurrence priors)—that systemat-
ically vary visual complexity while measuring performance
across reasoning patterns. This design enables diagnostic
analysis by separately measuring performance under differ-
ent visual conditions (perceptual difficulty, contextual bias,
image scale) and across different reasoning patterns (com-
prehensive, comparative, selective).

Our contributions are summarized as follows:
• We introduce MIOH, the first benchmark to systemati-

cally assess object hallucination in multi-image con-
texts with fine-grained diagnostic capabilities across vi-
sual complexity and reasoning demands.

• We define three multi-image reasoning patterns
(comprehensive, comparative, selective) and instantiate
them across four foundational object-centric tasks (exis-
tence, counting, attribute, position), enabling diagnosis
of which reasoning capability fails under hallucination
pressures.

• We design three controllable adversarial pressures
(visual context scale, perceptual difficulty, contextual
bias) that systematically exacerbate hallucination, al-
lowing fine-grained analysis of when and why MLLMs
fail in multi-image scenarios.

2. Related Work
Multimodal Large Language Models (MLLMs). Follow-
ing the success of LLMs, MLLMs have rapidly evolved
through visual instruction tuning, utilized by LLaVA [30]
and extended by InstructBLIP [8] and MiniGPT-4 [62].
Early MLLMs face challenges in cross-image reasoning due
to limitations in visual token processing and inter-image se-
mantic modeling [2, 4, 8, 21, 25]. Recent work has enabled
multi-image understanding [16, 20, 24, 36, 57]; Mantis
[16], LLaVA-NeXT-Interleave [24], and Idefics3 [20] lever-
age large-scale image-text data at training, and Qwen2.5-
VL [3], InternVL3.5 [54], and Gemini-2.5-Pro [6] demon-
strate powerful cross-image reasoning capabilities.
Object Hallucination in MLLMs. Object hallucination,
defined as MLLMs generating plausible but inaccurate ob-
ject descriptions inconsistent with visual inputs, remains

a critical challenge [7, 43]. Systematic analysis has pin-
pointed causes across the MLLM pipeline: data-related is-
sues such as statistical biases in training data [28], limita-
tions of vision encoder in fine-grained semantics [48], in-
sufficient modality alignment [31], and inherited LLM bi-
ases such as weak context attention [53]. Recent studies
reveal additional visual vulnerabilities, e.g., perception of
small or occluded objects [58], contextual bias due to ob-
ject co-occurrence patterns [28] and semantic similarities
[23]. MLLMs are also linguistically susceptible to syco-
phantic alignment with user beliefs and context hijacking
from misleading narratives [61]. Mitigation strategies, e.g.,
data augmentation [44], preference optimization [59], and
inference-time interventions [14, 60], have primarily tar-
geted single image scenarios. Multi-image contexts amplify
hallucination challenges, requiring models not only to rec-
ognize objects accurately, but to track them and maintain
contextual consistency across distinct images [56]. This in-
creased complexity requires a new benchmark tailored to
assess object hallucination on multiple images.

Benchmarks for MLLMs. Early MLLM benchmarks fo-
cus on single-image scenarios across various tasks includ-
ing visual question answering, reasoning, and composi-
tional understanding [10, 12, 22, 29, 32]. Recently, sev-
eral benchmarks [11, 16, 26, 33, 37, 50] assess general rea-
soning capabilities across multiple images, though none of
them specifically target object hallucination.

In parallel, object hallucination has been addressed
through specialized benchmarks, including discriminative
approaches using binary questions [13, 28] and genera-
tive approaches directly assessing free-form descriptions
[18, 43, 47, 51]. They typically focus on existence and
simple counting tasks, with limited coverage of attributes
or spatial relations. Also, they predominantly employ sim-
ple binary questions or captioning tasks, confined to single-
image settings. Recently, MIHBench[27] has also explored
hallucination in multi-image settings. However, it focuses
mainly on binary existence questions and varies only the
number of images, without modeling broader visual diffi-
culty factors or diverse object-centric tasks. Our bench-
mark is complementary to this direction, offering a more
fine-grained diagnostic space across multiple tasks, reason-
ing patterns, and adversarial conditions.

3. Overall Design of our MIOH Benchmark
We introduce the Multi-Image Object Hallucination
(MIOH) benchmark, designed to systematically evaluate
object hallucination in MLLMs under multi-image con-
texts. MIOH is structured around two complementary di-
mensions: (1) multi-image reasoning patterns that probe
different integration capabilities (Sec. 3.1), and (2) adver-
sarial pressures that systematically challenge perceptual
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Figure 1. Overview of our MIOH Benchmark. MIOH evaluates object hallucination in multi-image contexts across four core tasks:
existence, counting, attribute, and position. Each task includes three question types (comprehensive, comparative, and selective) designed
to probe different aspects of multi-image reasoning capabilities.

and contextual robustness (Sec. 3.3). By crossing four fun-
damental object-centric tasks with three reasoning patterns
under varying adversarial conditions, MIOH enables fine-
grained diagnosis of when and why MLLMs hallucinate.

3.1. Multi-Image Reasoning Patterns
Motivation. Multi-image understanding requires fun-
damentally different reasoning capabilities compared to
single-image settings. While single-image benchmarks test
whether models can recognize objects in isolation, multi-
image scenarios demand that models synthesize, compare,
and retrieve information across multiple visual contexts.
We identify three core reasoning patterns that capture these
distinct capabilities, each placing unique demands on the
model’s information integration mechanisms.
Comprehensive Reasoning. requires models to aggregate
information across all images to form a holistic judgment.
Questions in this category ask about collective properties
spanning the entire image set, such as “Does any image con-
tain a zebra?” or “What is the total count of cars across all
images?” This pattern tests the model’s ability to maintain
a unified representation of information distributed across
multiple scenes—a capability essential for summarization
and global understanding tasks. Failures in comprehensive
reasoning indicate difficulties in information aggregation or

token limitations.

Comparative Reasoning. requires models to identify
differences between specific images. Questions such as
“Which image contains more cars?” demand precise cross-
image attention and the ability to maintain separate repre-
sentations for different scenes while comparing them. This
is critical for change detection, progress monitoring, and
contrastive analysis. Failures suggest weaknesses in main-
taining distinct object representations across contexts.

Selective Reasoning. requires models to retrieve a spe-
cific image that matches given criteria from a set of can-
didates. Questions like “In which image are exactly three
zebras present?” test the ability to perform targeted retrieval
while filtering out irrelevant information. This is essential
for search and localization tasks in multi-image contexts.
Failures indicate poor image-level indexing or inability to
isolate relevant visual evidence from distractors.

Diagnostic Value. These three patterns are not merely dif-
ferent question formats—they probe distinct failure modes.
Uniform failure across all patterns suggests a fundamental
bottleneck in object recognition (perceptual failure). Con-
versely, failure in selective reasoning while succeeding in
comprehensive reasoning points to a specific integration
failure in retrieval and localization. This systematic eval-
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uation allows us to diagnose which integration capability
breaks down under specific adversarial conditions.

3.2. Object-Centric Tasks
We apply these three reasoning patterns to four fundamental
object-centric tasks that represent core visual understanding
capabilities: Existence (verifying object presence/absence),
Counting (enumerating objects), Attribute (binding visual
properties to objects, e.g., “red car”), and Position (binding
spatial relationships, e.g., “dog next to a cat”). While Exis-
tence and Counting have been the primary focus of object
hallucination benchmarks [5, 18, 28, 35, 43, 52], all four
tasks form the foundation for assessing object-centric capa-
bilities of MLLMs [10, 17, 32, 41, 47, 49, 50].
From Tasks to Question Types. By crossing four tasks
with three reasoning patterns, we create a comprehensive
evaluation space. However, not all combinations are equally
meaningful or distinct. For example, in the Counting task,
comprehensive reasoning (“total count across all images”)
naturally leads to multiple variants depending on whether
we ask for exact counts, comparisons of counts, or pres-
ence of specific quantities. Through careful design, we
developed 26 distinct question types that systematically
cover the task and reasoning space while ensuring each
type probes a unique aspect of multi-image understanding.
Tab. 1 presents the complete taxonomy with representative
templates for each type. Complete examples are in Fig. 1
and Sec. C.

3.3. Adversarial Pressures
To systematically probe model vulnerabilities, we introduce
three adversarial factors that create challenging but realistic
evaluation conditions. These factors target distinct failure
mechanisms: visual context scale tests integration capacity
as the number of images increases, perceptual difficulty
challenges feature extraction from small or occluded ob-
jects, and contextual bias probes susceptibility to mislead-
ing co-occurrence priors.
Visual Context Scale (Number of Images). Inspired
by findings that MLLMs struggle to identify information
across large image sets (the “Visual Haystack” problem
[56]), we systematically vary the Number of input Images
(NI) among {2, 4, 8, 10} for the same underlying question.
This tests the model’s integration capacity—as the visual
context expands with more images, models must maintain
accurate object representations across an increasing number
of visual scenes.
Perceptual Difficulty (Hard Positive). Small or partially
occluded objects are inherently harder to detect [34, 55, 58].
We curate Hard Positive (HP) examples using two comple-
mentary approaches: (a) Rule-based filtering selects images
where target objects have small bounding boxes or high oc-
clusion ratios; (b) CLIP-based semantic filtering identifies

Table 1. MIOH Question Type Taxonomy. We design 26 ques-
tion types by crossing 4 object-centric tasks with 3 reasoning pat-
terns. Each type is illustrated with a template showing its structure.

Type Template

Existence

Comprehensive Is there at least one {object} in any of these images?
Comprehensive Is a {object} present in all of these images?
Comprehensive Which object appears in at least one image?
Comprehensive Which object appears in all images?
Selective In which image does a {object} appear?
Comparative Which of the two images contains a {object}?
Comparative Which object is in Image 1 but not Image 2?

Attribute

Comprehensive Is a “{attribute} {object}” present in any image?
Comprehensive Is a “{attribute} {object}” present in all images?
Comprehensive Which attribute–object pair appears in one image?
Comprehensive Which attribute–object pair appears in all images?
Selective In which image is “{attribute} {object}” found?
Comparative Which of the two images “{attribute} {object}” present?
Comparative Which attribute–object pair is in Image 1 but not Image 2?

Counting

Comprehensive What is the total number of “{object}” across images?
Comprehensive Which object appears {count} times across images?
Comprehensive In how many images is a “{object}” present?
Selective In which image are {count} “{object}” found?
Comparative In which image does the “{object}” appear most/least?

Position

Comprehensive Is a {subject} {relation} a {anchor} present in any image?
Comprehensive Is a {subject} {relation} a {anchor} present in all images?
Comprehensive Which object with spatial relationship appears in one image?
Comprehensive Which object with spatial relationship appears in all images?
Selective In which image is a {subject} {relation} a {anchor}?
Selective Where is “{subject} {relation} {anchor}” present?
Comparative Which object with spatial relationship is in Image 1 but not Image 2?

cases where CLIP similarity between the image and text
prompt “A photo of [object]” is abnormally low, indicating
perceptual ambiguity. These examples test whether models
can extract accurate features under perceptually challenging
conditions—a necessary prerequisite for any downstream
reasoning.
Contextual Bias (Hard Negative). Strong contextual
priors can mislead models into hallucinating objects that
are contextually plausible but visually absent [9, 23, 28].
For example, a kitchen scene may activate strong pri-
ors for “frying pan,” leading to false positives. We con-
struct Hard Negative (HN) examples by: (a) estimat-
ing co-occurrence probabilities P (objectA|objectB) from
COCO training data and selecting images containing high-
probability co-occurring objects but missing the target;
(b) applying CLIP-based semantic confusion to find im-
ages with high visual-text similarity despite object absence.
These examples test whether models rely on contextual
shortcuts rather than grounded visual evidence.

3.4. Implementation details
Dataset Selection. To ensure annotation quality, we use
three complementary datasets: COCO-ReM [46] (exis-
tence, counting) addresses COCO’s incomplete masks and
missing instances via systematic re-annotation; PACO [42]
(attributes) provides standardized attribute labels across ob-
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Existence - Comprehensive

Which of the 
following objects 
appears in all of 
these images?

A) tv

B) toothbrush

C) dog

D) sheep

E) None of the above

EASY Hard Positive

Which of the 
following objects 
appears in all of 
these images?

A) laptop

B) cell phone

C) baseball bat

D) carrot

E) None of the above

Image 
1

Hard Negative

Is there at least 
one surfboard in 
any of these 
images?

A) Yes, all of them

B) Yes, in some 

C) No, in none 

D) I don’t know

Counting - Selective

EASY Hard PositiveHard Negative

In which image 
can you find 
exactly 
3 'zebra'(s)?

A) Image 1

B) Image 2

C) Image 3

D) Image 4

E) None of the above

In which image 
can you find 
exactly 3 
'elephant'(s)?

A) Image 1

B) Image 2

C) Image 3

D) Image 4

E) None of the above

In which image can 
you find exactly 2 
'sandwich'(s)?

A) Image 1

B) Image 2

C) Image 3

D) Image 4

E) None of the above

Figure 2. Representative examples from MIOH. (Top) Existence-Comprehensive questions across Easy, Hard Negative, and Hard
Positive scenarios. (Bottom) Counting-Selective questions with varying difficulty levels. Additional examples are provided in Sec. C.

ject categories; SVG [39] (spatial relationships) offers com-
plete scene-level annotations, unlike Visual Genome [19]
which averages only 1.5 relationships per subject.
Benchmark Statistics. Three independent annotators val-
idated all questions. The final benchmark comprises 3,484
questions across 11,732 images, balanced across tasks, rea-
soning patterns, and difficulty levels. Full construction de-
tails, filtering criteria, and statistics are in Sec. A.

4. Benchmark Results and Discussion
We conduct a comprehensive comparative study using our
MIOH over the state-of-the-art MLLMs, including GPT-5
[45] and Gemini-2.5-Pro [6]. Among open-source mod-
els, we choose the LLaVA [24] series, the Qwen [3] series,
InternVL [54], Phi-4-multimodal [1], MiniCPM-V [57],
Ovis-2.5 [36], and Mantis-8B [16]. For reproducibility, the
decoding temperature is set to 0 for all experiments. All ex-
periments were conducted on four NVIDIA A6000 GPUs.

4.1. Overall Performance
We first present overall performance results demonstrating
the extent of object hallucination challenges across different
model categories and tasks. Tab. 2 reports the comprehen-
sive evaluation results over 29 models, revealing that multi-
image object hallucination remains as significant challenge,
with an overall average accuracy of only 36.1%. Not sur-
prisingly, a clear performance gap is measured between
proprietary and open-source models. The leading models,
Gemini-2.5 Pro (64.4%) and GPT-5 (63.1%), set the state-
of-the-art, but are still far from perfect. Top-performing
open-source models, such as Qwen2-VL-7B (49.1%) and

MiniCPM-V-2.6 (48.5%), demonstrate strong capabilities
but lag behind the frontier models.

Beyond the overall gap, performance is shaped by three
key factors—reasoning pattern, task type, and adversarial
pressure—each revealing distinct failure modes, which we
analyze in the following subsections.

4.2. Reasoning Patterns
Our analysis reveals that MLLM performance is governed
not only by the task but also, fundamentally, by the required
reasoning pattern. As shown in Fig. 3, performance varies
significantly across Comprehensive, Comparison, and Se-
lection patterns, demonstrating that existing object hallu-
cination benchmarks, constrained to a few question styles,
cannot properly assess object hallucination across diverse
multi-image settings.

Overall, Comprehensive emerges as the most manage-
able reasoning pattern, with basic Existence questions
yielding the highest performance. Comparing this densely
high-performing row against the rest of the heatmap reveals
that models are heavily biased towards simple, presence-
verifying queries. Evaluating models solely within this nar-
row scope inevitably overestimates their true robustness.

On average, Selection(34.2%) emerges as the most chal-
lenging reasoning pattern, underperforming both Compre-
hensive and Comparison. This difficulty becomes espe-
cially pronounced when paired with compositional tasks
such as Attribute(26.7%), indicating that models often rec-
ognize that an object-attribute pair exists within the image
set but fail to identify which specific image contains it—a
distinct form of grounding failure in multi-image settings.
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Model Existence Counting
Easy HN HP NI Avg Easy HN HP NI Avg

Overall 62.4 51.9 51.5 30.0 49.4 24.3 29.5 27.0 20.5 25.4
GPT-5 91.4 88.6 78.4 55.3 78.4 55.0 54.3 51.5 35.7 49.1
Gemini-2.5 Pro 83.0 81.5 80.7 56.4 75.4 64.4 66.4 59.4 40.0 57.5
Qwen2-VL-2B 58.3 53.5 45.9 32.7 47.6 21.7 23.3 18.6 21.4 21.2
Qwen2.5-VL-3B 80.7 62.5 55.5 44.7 60.8 23.3 26.7 19.6 17.1 21.7
Qwen2-VL-7B 87.3 75.5 76.4 30.7 67.5 28.9 36.2 21.6 17.1 26.0
Qwen2.5-VL-7B 84.0 76.0 73.6 28.0 65.4 33.3 39.7 17.5 21.4 28.0
LLaVA-v1.6 (Mistral-7B) 33.0 47.0 36.8 - 38.9 20.6 27.6 18.6 - 22.2
LLaVA-Interleave (Qwen-0.5B) 36.3 31.5 28.6 18.7 28.8 22.8 28.4 24.7 14.3 22.6
LLaVA-Interleave (Qwen-7B) 46.7 44.0 65.5 30.7 46.7 20.6 25.0 28.9 24.3 24.7
LLaVA-Interleave (Qwen-7B-DPO) 67.7 44.0 55.9 31.3 49.7 21.1 25.9 30.9 27.1 26.3
LLaVA-OneVision (Qwen2-0.5B-SI) 27.7 11.5 37.3 40.0 29.1 13.9 21.6 18.6 12.9 16.7
LLaVA-OneVision (Qwen2-0.5B-OV) 57.3 23.5 33.6 22.0 34.1 16.7 26.7 16.5 18.6 19.6
LLaVA-OneVision (Qwen2-7B-SI) 68.3 46.5 40.9 36.0 47.9 17.2 24.1 25.8 25.7 23.2
LLaVA-OneVision (Qwen2-7B-OV) 83.3 78.0 57.7 24.7 60.9 18.3 28.4 29.9 18.6 23.8
LLaVA-OneVision (Qwen2-7B-OV-Chat) 82.7 77.0 43.6 26.7 57.5 20.0 30.2 27.8 21.4 24.9
InternVL3.5-1B 44.0 41.0 30.5 42.0 39.4 21.7 21.6 19.6 21.4 21.1
InternVL3.5-2B 51.7 37.5 36.8 26.0 38.0 15.0 28.4 16.5 17.1 19.3
InternVL3.5-4B 59.0 71.0 60.0 22.7 53.2 18.9 27.6 34.0 17.1 24.4
InternVL3.5-8B Pretrained 72.0 62.0 59.5 30.0 55.9 22.8 26.7 27.8 14.3 22.9
InternVL3.5-8B Instruct 76.0 59.5 75.5 30.7 60.4 25.6 29.3 29.9 8.6 23.3
InternVL3.5-8B MPO 76.7 60.0 76.4 18.0 57.8 26.1 29.3 28.9 10.0 23.6
InternVL3.5-8B 34.0 55.5 34.1 20.0 35.9 30.0 37.1 32.0 11.4 27.6
Mantis-8B (CLIP-Llama3) 45.7 57.0 36.8 18.7 39.5 22.8 25.9 21.6 30.0 25.1
Mantis-8B (SIGLIP-Llama3) 47.0 45.0 42.7 24.7 39.8 20.6 25.0 33.0 22.9 25.4
MiniCPM-Llama3-V-2.5 35.0 16.5 25.5 4.7 20.4 4.4 5.2 8.2 5.7 5.9
MiniCPM-V-2.6 86.3 75.5 73.6 38.7 68.5 21.1 35.3 38.1 18.6 28.3
Ovis2.5-2B 72.0 23.5 47.3 34.0 44.2 23.9 25.9 18.6 25.7 23.5
Ovis2.5-9B 78.0 23.0 51.8 28.7 45.4 28.9 27.6 48.5 25.7 32.7
Phi-4-multimodal 45.3 38.0 33.6 23.3 35.1 25.0 25.0 17.5 28.6 24.0

Model Attribute Position Overall
Easy HN HP NI Avg Easy HN HP NI Avg Avg

Overall 37.5 32.9 31.3 26.9 32.4 46.9 35.2 45.2 22.2 37.3 36.1
GPT-5 65.8 62.4 57.0 45.8 57.8 88.5 70.3 75.5 34.1 67.1 63.1
Gemini-2.5 Pro 62.9 57.1 64.3 47.5 57.9 80.8 66.4 81.4 37.6 66.6 64.4
Qwen2-VL-2B 42.3 34.2 50.0 25.0 37.9 46.2 38.4 74.4 22.0 45.3 38.0
Qwen2.5-VL-3B 47.3 38.8 47.1 26.7 40.0 73.8 50.4 72.1 22.0 54.6 44.3
Qwen2-VL-7B 58.8 36.2 44.3 28.3 41.9 86.2 56.8 79.5 21.7 61.1 49.1
Qwen2.5-VL-7B 52.7 42.1 38.1 26.7 39.9 76.2 52.4 60.5 21.4 52.6 46.5
LLaVA-v1.6 (Mistral-7B) 30.4 21.7 24.3 - 25.4 29.2 25.2 31.2 - 28.5 28.8
LLaVA-Interleave (Qwen-0.5B) 41.5 31.7 31.4 17.5 30.5 15.0 17.6 40.9 34.5 27.0 27.2
LLaVA-Interleave (Qwen-7B) 27.3 27.5 29.0 15.8 24.9 31.2 24.8 32.1 21.4 27.4 30.9
LLaVA-Interleave (Qwen-7B-DPO) 28.5 28.8 28.6 13.3 24.8 37.1 26.4 30.2 18.5 28.1 32.2
LLaVA-OneVision (Qwen2-0.5B-SI) 22.3 17.9 27.1 12.5 20.0 18.3 15.6 34.9 16.8 21.4 21.8
LLaVA-OneVision (Qwen2-0.5B-OV) 23.1 17.1 28.1 22.5 22.7 19.2 21.2 33.5 22.9 24.2 25.2
LLaVA-OneVision (Qwen2-7B-SI) 24.2 21.2 24.3 28.3 24.5 37.5 30.4 42.8 27.1 34.4 32.5
LLaVA-OneVision (Qwen2-7B-OV) 30.4 24.6 27.1 23.3 26.4 47.9 24.8 43.7 21.1 34.4 36.4
LLaVA-OneVision (Qwen2-7B-OV-Chat) 30.8 25.0 26.7 22.5 26.2 48.3 25.6 43.3 21.0 34.5 35.8
InternVL3.5-1B 28.8 24.2 27.1 17.5 24.4 57.1 37.2 25.1 32.7 38.0 30.7
InternVL3.5-2B 40.4 37.9 15.2 35.0 32.1 60.0 43.6 13.5 18.4 33.9 30.8
InternVL3.5-4B 42.3 39.2 34.8 35.8 38.0 31.7 18.8 57.2 19.2 31.7 36.8
InternVL3.5-8B Pretrained 40.8 37.5 19.5 38.3 34.0 37.5 32.0 37.2 28.1 33.7 36.6
InternVL3.5-8B Instruct 38.1 34.6 18.1 39.2 32.5 35.4 33.2 37.7 19.8 31.5 36.9
InternVL3.5-8B MPO 37.7 42.9 14.8 39.2 33.6 36.2 34.0 20.0 18.5 27.2 35.5
InternVL3.5-8B 34.6 27.5 28.6 37.5 32.0 55.8 36.4 35.8 35.0 40.8 34.1
Mantis-8B (CLIP-Llama3) 24.6 24.6 24.8 20.0 23.5 25.8 25.2 31.6 20.6 25.8 28.5
Mantis-8B (SIGLIP-Llama3) 26.2 29.2 26.2 20.0 25.4 31.2 22.8 28.8 19.5 25.6 29.0
MiniCPM-Llama3-V-2.5 31.2 30.8 28.6 9.2 24.9 44.6 44.8 53.5 15.0 39.5 22.7
MiniCPM-V-2.6 53.8 43.3 33.8 21.7 38.2 79.6 62.0 69.3 25.2 59.0 48.5
Ovis2.5-2B 26.2 42.9 34.3 21.7 31.3 35.0 20.8 40.0 31.0 31.7 32.7
Ovis2.5-9B 39.6 27.9 33.8 26.7 32.0 51.2 24.4 44.2 37.6 39.4 37.3
Phi-4-multimodal 34.6 26.7 21.0 35.0 29.3 42.5 38.4 39.5 22.7 35.8 31.0

Table 2. MLLM performance on MIOH benchmark. HN: Hard Negatives, HP: Hard Positives, NI: Number of Images.
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Figure 3. Performance heatmap across multi-image reasoning patterns (Comprehensive, Comparison, Selection) and object-centric tasks
(Existence, Counting, Attribute, Position).

4.3. Task-Specific Vulnerability

We conduct detailed analyses to identify specific failure pat-
terns and characterize how different adversarial pressures
affect model behavior in multi-image scenarios. As re-
ported in Tab. 2, the overall task-level accuracy reveals a
clear hierarchy of difficulty. Existence (49.4%) emerges as
the most manageable task for most models, suggesting a
basic level of object recognition. In stark contrast, counting
(25.4%) is a critical failure point across the board, high-
lighting a fundamental weakness in quantitative reasoning
under multi-image contexts. Attribute (32.4%) and posi-
tion (37.3%) tasks reveal significant difficulty as well, un-
derscoring the challenges of compositional understanding.

Existence. While Existence is the highest-scoring task,
model performance is brittle. The accuracy on easy sam-
ples (62.4%) consistently drops on perceptually challenging
objects (HP, 51.5%) or on contextually misleading scenes
(HN, 51.9%). This indicates that models’ understanding of
object presence is heavily reliant on clear, unambiguous vi-
sual cues and can be easily disrupted, leading to false nega-
tive hallucinations.

Counting. The average accuracy of 25.4% confirms that
counting is a core deficiency. Our sub-task analysis reveals
this is not limited to one failure mode; models struggle with
both aggregating counts across images and locating an im-
age with a specific number of objects. This points to a fun-
damental inability in quantitative grounding, especially on
multiple scenes.

Attribute and Position. These tasks require binding ob-
jects to their properties or spatial relations, a challenge of

compositional reasoning. The low accuracy in the attribute
task (32.4%) suggests that MLLMs may recognize an object
and an attribute separately but fail to confirm their visual co-
occurrence (e.g., seeing a ‘car’ and ‘red’ but hallucinating a
‘red car’). Similarly, the position task scores slightly higher
(37.3%), but degrades under Hard Negative pressure, indi-
cating that models often tend to overlook complex spatial
relationships beyond mere existence.

4.4. Impact of Adversarial Pressures
As reported in Tab. 2, introducing adversarial constraints
consistently degrades MLLM performance across all tasks
relative to their easy baselines.
Perceptual and Contextual Pressures (HP & HN). Per-
formance on Existence, Attribute, and Position consistently
drops under both HP and HN conditions. For instance, At-
tribute accuracy falls from 37.5% to 31.3% (HP), and Po-
sition from 46.9% to 35.2% (HN), confirming model vul-
nerabilities to misleading visual and contextual cues. In
contrast, Counting exhibits only a marginal decline. How-
ever, this reflects a floor effect rather than genuine robust-
ness; with baseline counting accuracy already near random
chance (25.4%), added complexities leave little room for
further degradation.
Cognitive Load from Multiple Images (NI). While HP
and HN induce moderate decays, increasing the number of
input images to 8 (NI) triggers a far more severe collapse.
Under this heightened cognitive load, even the fundamen-
tal Existence task plummets to 30.0%—a relative drop of
exceeding 50% from the easy baseline. Although top-tier
models like GPT-5 and Gemini 2.5 Pro manage this ex-
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Figure 4. Accuracy on easy questions and robustness under ad-
versarial conditions in VLMs. Circle size indicates model size,
where Gemini and GPT size is based on estimation.

panded context better than average, their substantial per-
formance drops confirm that scaling multi-image reasoning
remains a critical open challenge.

4.5. Accuracy-Robustness Trade-off
As shown in Fig. 4, our analysis uncovers a fundamen-
tal trade-off between achieving high accuracy on straight-
forward tasks and maintaining robust performance under
adversarial pressures. In other words, a strong baseline
performance does not guarantee robustness against object
hallucination. Open-source models with higher baseline
accuracy often exhibit greater vulnerability to adversar-
ial conditions. The correlation analysis reveals a moder-
ate positive relationship between model size and perfor-
mance on easy questions, but virtually no correlation be-
tween size and robustness, suggesting that simply scaling
model parameters does not inherently improve resilience to
object hallucination. The top-performing open-source mod-
els on easy questions—Qwen2-VL-7B and Qwen2.5-VL-
7B—experience substantial robustness drops of -27.2% and
-21.8%, respectively, indicating that high capability models
might be more susceptible to the adversarial pressures we
designed. This finding suggests that the ability to handle
straightforward multi-image tasks does not guarantee ro-
bustness against object hallucination.

4.6. Multi-Image Context as a Hallucination Am-
plifier: An Ablation Study

To isolate the impact of multi-image processing on object
hallucination, we conduct a controlled ablation study focus-
ing on the Existence task. Specifically, we compare two
evaluation approaches for identical visual content: com-
prehensive questions that require synthesizing information
across all images simultaneously (“Is there an OBJECT in

Figure 5. Multi-image processing consistently degrades object
hallucination across all models. Comparison of accuracy be-
tween multi-image comprehensive (red bars) and single-image de-
composed (blue bars) evaluation on Existence task.

any of these IMAGEs?”) vs. decomposed questions that
mirror the traditional single-image setting by asking each
image separately (“Is there a OBJECT in IMAGE?”) and
combining the answers to determine overall presence. This
design isolates whether multi-image contexts introduce sys-
tematic errors beyond simple accumulation of individual
image processing mistakes.

The results in Fig. 5 reveal that single-image processing
substantially outperforms simultaneous multi-image analy-
sis, consistently across all models and scales. This indicates
that multi-image contexts significantly amplify object hallu-
cination beyond what error accumulation alone would pre-
dict, pointing to cross-image integration as a primary source
of failure. The consistency of this penalty suggests that cur-
rent MLLM training paradigms fail to adequately address
object hallucination in multi-image reasoning.

5. Conclusion

We introduce MIOH, a benchmark that systematically eval-
uates object hallucination in multi-image contexts across
four object-centric tasks (Existence, Counting, Attribute,
Position) with three reasoning patterns (Comprehensive,
Comparative, Selective) under three adversarial pressures
(Visual Context Scale, Perceptual Difficulty, Contextual
Bias). Through evaluation of 29 models, we demonstrate
that current MLLMs—including GPT-5 and Gemini-2.5-
Pro—exhibit fundamental limitations in multi-image inte-
gration. Our fine-grained diagnostic framework reveals
that hallucination stems not merely from perceptual fail-
ures but from integration-stage breakdowns when maintain-
ing object representations across multiple images. MIOH
provides a foundation for targeted improvements in multi-
image understanding and serves as a critical evaluation tool
for developing more reliable multimodal AI systems.
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