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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 Al 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-
Jformation 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



these factors interact. a critical challenge [7, 43]. Systematic analysis has pin-
To narrow these gaps, we introduce the Fine-Grained pointed causes across the MLLM pipeline: data-related is-
Multi-lmage Object Hallucination (MIOH) benchmark, de- sues such as statistical biases in training data [28], limita-
signed to systematically evaluate both dimensions of multi- tions of vision encoder in ne-grained semantics [48], in-
image object hallucination. MIOH systematically inte-  suf cient modality alignment [31], and inherited LLM bi-
grates four object-centric tasks (existence, counting, at-ases such as weak context attention [53]. Recent studies
tribute, position) with three reasoning patterns (comprehen-reveal additional visual vulnerabilities, e.g., perception of
sive, comparative, selective), enabling compositional eval- small or occluded objects [58], contextual bias due to ob-
uation from basic detection to ne-grained property bind- ject co-occurrence patterns [28] and semantic similarities
ing. Furthermore, MIOH introduces three controlled adver- [23]. MLLMs are also linguistically susceptible to syco-
sarial pressures—visual context scale (number of images)phantic alignment with user beliefs and context hijacking
perceptual dif culty (small/occluded objects), and contex- from misleading narratives [61]. Mitigation strategies, e.g.,
tual bias (misleading co-occurrence priors)—that systemat-data augmentation [44], preference optimization [59], and
ically vary visual complexity while measuring performance inference-time interventions [14, 60], have primarily tar-
across reasoning patterns. This design enables diagnostigeted single image scenarios. Multi-image contexts amplify
analysis by separately measuring performance under differ-hallucination challenges, requiring models not only to rec-
ent visual conditions (perceptual dif culty, contextual bias, ognize objects accurately, but to track them and maintain
image scale) and across different reasoning patterns (comeontextual consistency across distinct images [56]. This in-
prehensive, comparative, selective). creased complexity requires a new benchmark tailored to
Our contributions are summarized as follows: assess object hallucination on multiple images.

» We introduce MIOH, the rst benchmark to systemati- Benchmarks for MLLMs. Early MLLM benchmarks fo-
cally assess object hallucination in multi-image con- ~ Cus on single-image scenarios across various tasks includ-
texts with ne-grained diagnostic capabilities across vi- ing visual question answering, reasoning, and composi-
sual complexity and reasoning demands. tional understanding [10, 12, 22, 29, 32]. Recently, sev-
« We dene three multi-image reasoning patterns  eral benchmarks [11, 16, 26, 33, 37, 50] assess general rea-
(comprehensive, comparative, selective) and instantiatesoning capabilities across multiple images, though none of
them across four foundational object-centric tasks (exis- them speci cally target object hallucination.

tence, counting, attribute, position), enabling diagnosis |y parallel, object hallucination has been addressed
of which reasoning capability fails under hallucination through specialized benchmarks, including discriminative
pressures. approaches using binary questions [13, 28] and genera-
* We design three controllable adversarial pressures e approaches directly assessing free-form descriptions
(visual context scale, perceptual dif culty, contextual [18, 43, 47, 51]. They typically focus on existence and
bias) that systematically exacerbate hallucination, al- simple counting tasks, with limited coverage of attributes
lowing ne-grained analysis of when and why MLLMs o spatial relations. Also, they predominantly employ sim-
fail in multi-image scenarios. ple binary questions or captioning tasks, con ned to single-
image settings. Recently, MIHBench[27] has also explored
2. Related Work hallucination in multi-image settings. However, it focuses
mainly on binary existence questions and varies only the
number of images, without modeling broader visual dif -
culty factors or diverse object-centric tasks. Our bench-
mark is complementary to this direction, offering a more
ne-grained diagnostic space across multiple tasks, reason-
ing patterns, and adversarial conditions.

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 3. Overall Design of our MIOH Benchmark

[16], LLaVA-NeXT-Interleave [24], and Ide cs3 [20] lever-  \wg introduce the Multi-lmage Object Hallucination
age large-scale image-text data at training, and Qwen2.5\j;0H) benchmark, designed to systematically evaluate
VL [3], InternVL3.5 [54], and Gemini-2.5-Pro [6] demon-  gpyiect hallucination in MLLMs under multi-image con-
strate powerful cross-image reasoning capabilities. texts. MIOH is structured around two complementary di-
Object Hallucination in MLLMs. Object hallucination, mensions: (1) multi-image reasoning patterns that probe
de ned as MLLMs generating plausible but inaccurate ob- different integration capabilities (Sec. 3.1), and (2) adver-
ject descriptions inconsistent with visual inputs, remains sarial pressures that systematically challenge perceptual



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-token limitations.
damental object-centric tasks with three reasoning pattern
under varying adversarial conditions, MIOH enables ne-
grained diagnosis of when and why MLLMs hallucinate.

SComparative Reasoning. requires models to identify
differences between specic images. Questions such as
“Which image contains more cars?” demand precise cross-
3.1. Multi-lmage Reasoning Patterns 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-
ttaining distinct object representations across contexts.

Motivation.  Multi-image understanding requires fun-

damentally different reasoning capabilities compared to
single-image settings. While single-image benchmarks tes
whether models can recognize objects in isolation, multi-
image scenarios demand that models synthesize, comparéelective Reasoning. requires models to retrieve a spe-
and retrieve information across multiple visual contexts. Ci ¢ image that matches given criteria from a set of can-

We identify three core reasoning patterns that capture thesdlidates. Questions like “In which image are exactly three

distinct capabilities, each placing unique demands on thezebras present?” test the ability to perform targeted retrieval
model'S information integration mechanisms' Wh|le |te|’ing 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.

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 conbiagnostic Value. These three patterns are not merely dif-
tain a zebra?” or “What is the total count of cars across all ferent question formats—they probe distinct failure modes.
images?” This pattern tests the model's ability to maintain Uniform failure across all patterns suggests a fundamental
a uni ed representation of information distributed across bottleneck in object recognition (perceptual failure). Con-
multiple scenes—a capability essential for summarization versely, failure in selective reasoning while succeeding in
and global understanding tasks. Failures in comprehensivecomprehensive reasoning points to a speci c integration
reasoning indicate dif culties in information aggregation or failure in retrieval and localization. This systematic eval-



uation allows us to diagnose which integration capability Table 1. MIOH Question Type Taxonomy. We design 26 ques-
breaks down under speci ¢ adversarial conditions. tion types by crossing 4 object-centric tasks with 3 reasoning pat-
terns. Each type is illustrated with a template showing its structure.
3.2. Object-Centric Tasks
Type Template

We apply these three reasoning patterns to four fundamental Existence
object-centric tasks that represent core visual understandin@omprehensive Is there at least one fobjectg in any of these images?

it . H HrA H Comprehensive Is a fobjectg present in all of these images?
capabilities: Existence (verifying object presence/absence),C omgreh onoive Which (J)bjegctpappears i ot least one irr?age?

Counting (enumerating objects), Attribute (binding visual golrnprehensiveIWhiﬁth_biect appears ;nsll images?
. . « " . P elective n which image does a fobjectg appear?
properties to ObJeCtS: €.g., red car )r and Position (bmd'ng Comparative ~ Which of the two images contains a fobjectg?

spatial relationships, e.g., “dog next to a cat”). While Exis- Comparative Which objectis in Image 1 but not Image 2
tence and Counting have been the primary focus of object Attribute
hallucination benchmarks [5, 18, 28, 35, 43, 52], all four Comprehensive Isa fattributeg fobjectg” present in any image??

. . . i Comprehensive Is a “fattributeg fobjectg” present in all images?
tasks form the foundation for assessing object-centric capa-Comprehensive Which attribute—object pair appears in one image?

P Comprehensive Which attribute—object pair appears in all images?

bilities of MLLMs [101 17v 32' 41' 47' 49' 50]' Selective In which image is “fattributeg fobjectg” found?

: : Comparative  Which of the two images “fattributeg fobjectg” present?
From Tasks to Qqesﬂon Types- By crossing four taSkS_ Comparative  Which attribute—object pair is in Image 1 but not Image 2?
with three reasoning patterns, we create a comprehenswe Counting
evaluation space. However, not all combinations are equalIyComprehensive What is the total number of “fobjectg” across images?

meaningful or distinct. For example, in the Counting task, Comprehensive Which object appears fcountg times across images?
Comprehensive In how many images is a “fobjectg” present?

comprehensive reasoning (“total count across all images”)sE|ective_ In which image are fcountg “fobjectg” found?
naturally leads to multiple variants depending on whether Comparative  In which image does the “fobjectg” appear most/least?
we ask for exact counts, comparisons of counts, or pres- Position

ence of speci c quantities Through careful design we Comprehensive Is a fsubjectg frelationg a fanchorg present in any image?
) ! Comprehensive Is a fsubjectg frelationg a fanchorg present in all images?

developed 26 distinct question types that systematically CompreRensive WEicE og]ect witR spatia: re:ationsﬂip appears in OITE image?
. . . omprehensive Which object with spatial relationship appears in all images?
cover the task and reasoning space while ensuring ea-Crgelective In which image is a fsubjectg frelationg a fanchorg?
1 i-i i Selective Where is “fsubjectg frelationg fanchorg” present?
?’;’; ErgfeiZﬁtg rt‘;]qeuioarﬁgl‘zite ‘i;)r:)‘::gr:}”;a\‘/gi‘fh”rg%‘:g::gggpmparanve Which object with Spatial relationship is in Image 1 but not Image 22
. A>3

templates for each type. Complete examples are in Fig. 1

and Sec. C. cases where CLIP similarity between the image and text
. prompt “A photo of [object]” is abnormally low, indicating
3.3. Adversarial Pressures perceptual ambiguity. These examples test whether models

To systematically probe model vulnerabilities, we introduce can extract accurate features under perceptually challenging
three adversarial factors that create challenging but realisticconditions—a necessary prerequisite for any downstream
evaluation conditions. These factors target distinct failure reasoning.

mechanisms: visual context scale tests integration capacity Contextual Bias (Hard Negative). Strong contextual
as the number of images increases, perceptual dif culty priors can mislead models into hallucinating objects that
challenges feature extraction from small or occluded ob- are contextually plausible but visually absent [9, 23, 28].
jects, and contextual bias probes susceptibility to mislead- For example, a kitchen scene may activate strong pri-
ing co-occurrence priors. ors for “frying pan,” leading to false positives. We con-
Visual Context Scale (Number of Images). Inspired struct Hard Negative (HN) examples by: (a) estimat-
by ndings that MLLMs struggle to identify information  ing co-occurrence probabilities P (objggobject; ) from
across large image sets (the “Visual Haystack” problem COCO training data and selecting images containing high-
[56]), we systematically vary the Number of input Images  probability co-occurring objects but missing the target;
(NI) among f2; 4; 8; 10g for the same underlying question. () applying CLIP-based semantic confusion to nd im-
This tests the model's integration capacity—as the visual ages with high visual-text similarity despite object absence.
context expands with more images, models must maintainThese examples test whether models rely on contextual
accurate object representations across an increasing numbéhortcuts rather than grounded visual evidence.

of visual scenes.

Perceptual Dif culty (Hard Positive). Small or partially
occluded objects are inherently harder to detect [34, 55, 58].Dataset Selection. To ensure annotation quality, we use
We curate Hard Positive (HP) examples using two comple- three complementary datasets: COCO-ReM [46] (exis-
mentary approaches: (a) Rule-based ltering selects imagegence, counting) addresses COCO's incomplete masks and
where target objects have small bounding boxes or high oc-missing instances via systematic re-annotation; PACO [42]
clusion ratios; (b) CLIP-based semantic ltering identi es (attributes) provides standardized attribute labels across ob-

3.4. Implementation details
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