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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.

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-



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(object 4|objecty) 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 COCQO’s incomplete masks and
missing instances via systematic re-annotation; PACO [42]
(attributes) provides standardized attribute labels across ob-
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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 O 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.



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 20.5 254
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 60.8 233 26.7 19.6 17.1 21.7
Qwen2-VL-7B 87.3 75.5 76.4 30.7 67.5 289 36.2 21.6 17.1 26.0
Qwen2.5-VL-7B 84.0 76.0 73.6 28.0 65.4 333 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-0V) 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 42.0 394 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 17.1 244
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 20.0 359 30.0 37.1 32.0 114 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 22.9 254
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 21.1 353 38.1 18.6 28.3
Oyvis2.5-2B 72.0 23.5 47.3 34.0 44.2 239 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 453 38.0 33.6 233 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 37.5 329 313 269 324 469 352 452 222 373 36.1
GPT-5 65.8 624 570 458 578 88.5 703 755 341 671 63.1
Gemini-2.5 Pro 629 571 643 475 579 808 664 814 376  66.6 64.4
Qwen2-VL-2B 423 342 500 250 379 462 384 744 220 453 38.0
Qwen2.5-VL-3B 473 388 471 267 400 738 504 721 220 54.6 44.3
Qwen2-VL-7B 58.8 362 443 283 419 862 568 795 21.7 611 49.1
Qwen2.5-VL-7B 527 421 381 267 399 762 524 605 214 526 46.5
LLaVA-v1.6 (Mistral-7B) 304 217 243 - 254 292 252 312 - 28.5 28.8
LLaVA-Interleave (Qwen-0.5B) 41.5 31.7 314 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-DPQO) 28.5 28.8 28.6 13.3 24.8 37.1 264  30.2 18.5  28.1 32.2
LLaVA-OneVision (Qwen2-0.5B-SI) 22.3 179  27.1 125 200 18.3 156 349 168 214 21.8
LLaVA-OneVision (Qwen2-0.5B-OV) 23.1 17.1 28.1 22.5 22.7 19.2 21.2 33.5 229 24.2 25.2
LLaVA-OneVision (Qwen2-7B-SI) 242 212 243 283 245 37.5 304 428  27.1 344 325
LLaVA-OneVision (Qwen2-7B-OV) 304 246 271 233 264 479 248 437 21.1 344 36.4
LLaVA-OneVision (Qwen2-7B-OV-Chat)  30.8 250 267 225 262 483 256 433 210 345 35.8
InternVL3.5-1B 28.8 242 27.1 17.5 244  57.1 372 251 327  38.0 30.7
InternVL3.5-2B 404 379 152 350 321 60.0 436 135 184 339 30.8
InternVL3.5-4B 423 392 348 358 380 317 188 572 192 317 36.8
InternVL3.5-8B Pretrained 40.8 37.5 195 383 340 375 320 372 281 337 36.6
InternVL3.5-8B Instruct 38.1 34.6 18.1 39.2 32,5 354 33.2 37.7 19.8 31.5 36.9
InternVL3.5-8B MPO 37.7 429 14.8 39.2 33.6 36.2 34.0 20.0 18.5 27.2 35.5
InternVL3.5-8B 346 275 286 375 320 558 364 358 350 408 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) 262 292 262 200 254 312 228 288 19.5  25.6 29.0
MiniCPM-Llama3-V-2.5 312 308 286 9.2 249 446 448 535 150 395 22.7
MiniCPM-V-2.6 538 433 338 217 382 796 620 693 252 59.0 48.5
Ovis2.5-2B 262 429 343 217 313 350 208 40.0 31.0 317 32.7
Ovis2.5-9B 396 279 338 267 320 512 244 442 376 394 37.3
Phi-4-multimodal 346 267 210 350 293 425 384 395 227 358 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

0473

0217 0.2
0.267

0.421

0.0

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 VLMSs. 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
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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 Al systems.
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Fine-Grained Multi-Image Object Hallucination Benchmark

Supplementary Material

A. Detailed Benchmark Construction

In this section, we provide comprehensive details on our
benchmark construction process, including: the curation
and selection criteria for our datasets (Sec. A.1), the meta-
data construction methodology (Sec. A.2), the automated
question generation framework (Sec. A.3), and the adver-
sarial benchmark design strategy (Sec. A.4).

A.1l. Dataset Curation

A.1.1. COCO-ReM

Annotation Quality Issues in Original COCO. The orig-
inal COCO dataset annotations contain significant gaps
that make them unsuitable for reliable object hallucina-
tion evaluation. These issues include incomplete object
masks, missing instances, and inaccurate bounding boxes
that would introduce systematic errors in our rule-based
question generation framework.

COCO-ReM Improvements. COCO-ReM (Refined
Masks) [46] addresses these limitations through a compre-
hensive re-annotation process: (1) Mask boundary refine-
ment using the Segment Anything Model (SAM) to improve
precision, (2) Missing instance detection using advanced
detection models to identify previously unlabeled objects,
(3) Label correction through systematic review and human
validation, and (4) Enhanced object masks and bounding
boxes providing more complete scene coverage.

Impact on Benchmark Quality. As demonstrated in Re-
POPE [38], high-reliability annotations significantly impact
ground truth accuracy, making this a crucial consideration
for benchmark design. The enhanced annotation quality
in COCO-ReM ensures our existence and counting ques-
tions have reliable ground truth labels, substantially reduc-
ing false negatives that could arise from missed objects in
original COCO annotations.

Object Count Limitations. During validation, we ob-
served that even COCO-ReM’s accuracy degrades when ob-
ject counts exceed certain thresholds. Specifically, images
containing more than 10 objects showed decreased annota-
tion reliability. To maintain benchmark integrity, we imple-
mented a conservative approach by limiting counting ques-
tions to images with 5 or fewer objects, ensuring high relia-
bility through validated annotations while preserving suffi-
cient complexity for meaningful MLLM evaluation.

A.1.2. PACO

Limitations of Existing Attribute Datasets. While vari-
ous datasets address object attributes, they suffer from sys-
tematic limitations: (1) Original COCO annotations lack

standardized attribute labeling across object categories, (2)
COCO Attributes [40] provides standardized annotation but
suffers from limited diversity in both object categories and
attribute types, and (3) Insufficient coverage for comprehen-
sive benchmark construction requiring comparison across
diverse objects and attributes.

PACQO’s Comprehensive Approach. PACO (Parts and At-
tributes of Common Objects) [42] provides a superior so-
lution through: (1) Broader category coverage spanning a
more diverse range of object types, (2) Systematic attribute
annotation ensuring consistency across identical objects, (3)
Detailed annotation process that identifies constituent ob-
ject parts and labels their diverse attributes, and (4) Large-
scale structured dataset resulting in comprehensive fine-
grained object understanding capabilities.

Advantages for Question Generation. PACO’s structured
approach offers several key benefits: systematic attribute
labeling with sufficient scale and diversity to support ro-
bust question generation, extensive object-attribute combi-
nations enabling comprehensive evaluation across diverse
visual scenarios, standardized annotation framework ensur-
ing consistent evaluation criteria across different object cat-
egories, and high-quality ground truth reducing ambiguity
in attribute-based question validation.

A.1.3.SVG

Limitations of Existing Spatial Relation Datasets. Exist-
ing datasets for spatial relationship evaluation suffer from
critical annotation gaps: Visual Genome [19] and GQA [15]
provide relation data but have incomplete spatial relation-
ship coverage, missing relationships in ground truth anno-
tations that exist visually but are not labeled, and annotation
inconsistencies that reduce reliability for systematic evalu-
ation.

SVG’s Multifaceted Approach. SVG (Synthetic Visual
Genome) [39] addresses these limitations through compre-
hensive methodology: object detection integration for ac-
curate entity identification, scene graph enhancement to
capture missing relationships, region descriptions provid-
ing contextual relationship validation, depth information
enabling more accurate spatial reasoning, region masks for
precise relationship localization, VQA-based verification
for non-spatial relationships to ensure annotation quality,
and systematic filtering to reduce incorrect relationship an-
notations.

Key Advantages for Spatial Evaluation. SVG provides
several critical improvements: (1) Richer spatial relation
coverage per subject compared to existing datasets, en-
abling more comprehensive spatial reasoning evaluation,



(2) Comprehensive filtering that systematically reduces in-
correct relationships, improving ground truth reliability,
(3) Region mask-based verification enabling more reli-
able relationship identification through visual evidence, and
(4) High relation density minimizing the critical impact
of missing positional relationships on question accuracy.
These enhancements make SVG particularly well-suited for
generating position-based questions that can reliably assess
MLLM spatial reasoning capabilities in multi-image con-
texts, where accurate relationship identification becomes
even more challenging due to increased visual complexity.

A.2. Metadata Construction

Having established our data sources, we now detail the
metadata construction process that enables efficient ques-
tion generation.

Hierarchical Organization Structure. Our metadata fol-
lows a systematic three-level organization: (1) Task-specific
property categorization where objects are categorized by
relevant attributes, relations, or counts, (2) Difficulty level
classification with Easy/Hard Negative/Hard Positive as-
signments based on visual and semantic complexity, and
(3) Image identifier mapping where specific image IDs are
linked to categorized objects for efficient retrieval.
Rule-Based Filtering Criteria. We implement several fil-
tering mechanisms: minimum bounding box size require-
ments to ensure object visibility, occlusion level thresholds
based on mask overlap calculations, and image resolution
considerations for consistent object detectability across dif-
ferent image qualities. For difficulty classification, we de-
fine easy positives/negatives as clear, unambiguous cases
with high visibility and minimal contextual confusion, hard
positives as present objects with small size, high occlusion,
or minimal contextual cues, and hard negatives as absent
objects in contexts with high co-occurrence bias or seman-
tic similarity.

CLIP-Based Semantic Similarity Implementation. Our
similarity score calculation involves text prompt gen-
eration using standardized formats (“A photo of [ob-
ject]”,“[attribute] [object]”), image encoding through CLIP
visual encoder, cosine similarity computation between
text and image embeddings, and threshold determination
through empirical validation on representative samples.
This metadata system enables rapid question synthesis
while maintaining quality through automated filtering based
on rule-based criteria, semantic validation using CLIP simi-
larity scores, systematic difficulty categorization across dif-
ferent visual reasoning scenarios, and efficient question
generation through pre-computed metadata lookup.

A.3. Question Generation

Using the prepared positive and negative samples per task,
we generate multi-image questions that instantiate the three

types of questions (comprehensive, comparative, and selec-
tive) across multi-image contexts for each of the four core
tasks. As all ingredients are ready, this step can be eas-
ily automated by rule-based templates; e.g., for Counting,
we construct a question by randomly selecting N IMAGESs
containing a particular OBJECT, and the sum of COUNT per
each example is the right answer. Other tasks follow a sim-
ilar procedure to generate the question and correct answer.
All questions are constructed in multiple-choice (MCQ) for-
mat by incorporating incorrect answers. We also include the
“None of the above” options to more precisely assess the
model’s understanding.

A.4. Adversarial Example Construction

Building upon the adversarial pressures described in
Sec. 3.3, we detail the implementation procedures for con-
structing challenging evaluation examples.

A.4.1. Hard Positive Example

We employ two complementary filtering approaches to
identify perceptually difficult positive examples: Rule-
based filtering selects (IMAGE, OBJECT) pairs where the
target object exhibits challenging visual characteristics. We
filter based on bounding box dimensions relative to image
size, segmentation mask area indicating occlusion levels,
and spatial positioning within the image frame. This ap-
proach captures objects that are inherently difficult to per-
ceive due to size or visibility constraints. CLIP-based
semantic filtering identifies cases where visual-semantic
alignment is weak. We compute similarity scores between
image embeddings and text prompts formatted as “A photo
of OBJECT” using CLIP. Examples with unexpectedly low
similarity scores despite object presence indicate perceptual
ambiguity—such as unusual viewpoints, partial visibility,
or atypical visual contexts that challenge standard recogni-
tion patterns.

A.4.2. Hard Negative Example

We construct misleading negative examples through two
strategies: Co-occurrence-based selection leverages sta-
tistical patterns from COCO training data. We compute
pairwise co-occurrence probabilities P(object 4 |object )
across all object categories. For a target object, we select
images containing frequently co-occurring objects while the
target itself is absent, creating scenarios where strong con-
textual priors may mislead models into false positive pre-
dictions. CLIP-based semantic confusion identifies im-
ages that exhibit high visual-semantic similarity with target
object prompts despite the object’s absence. We compute
CLIP similarity between images and “A photo of OBJECT”
prompts for absent objects, selecting cases with high simi-
larity scores. These examples represent strong false associ-
ation triggers where visual context strongly suggests object
presence without actual visual evidence.
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Figure I. Aggregated Performance Heatmap across Task, Reasoning Pattern, and Adversarial Pressure Dimensions.

A .4.3. Difficulty Level Integration.

During question generation, we systematically control dif-
ficulty by varying the proportion of challenging examples.
For a question requiring N images, we can include any-
where from O to IV hard positive or hard negative examples,
with difficulty increasing as the proportion of challenging
examples approaches V.

A.4.4. Quality Assurance and Validation

To ensure benchmark reliability, we conducted comprehen-
sive manual validation and systematic sampling to con-
struct a balanced evaluation set. Our automated generation
pipeline initially produced over 26,000 questions across all
task types and reasoning patterns.

Each question underwent independent review by three
annotators with expertise in computer vision and visual rea-
soning tasks. Annotators assessed: (1) ground truth cor-
rectness based on visual evidence, (2) question clarity and
lack of ambiguity, (3) validity and distinctiveness of multi-
ple choice options, and (4) consistency with source dataset
annotations. Disagreements were resolved through major-
ity voting, with persistent ambiguities leading to question
removal.

Despite carefully selecting well-annotated datasets for
construction, the validation process revealed that certain
task types were still particularly prone to systemic issues.
Position questions frequently exhibited ambiguous or un-
derspecified spatial relationships, often stemming from in-
complete or inconsistent relationship annotations in the
source datasets. Similarly, Counting questions continued
to suffer from missed instances or miscounted objects, indi-
cating that even high-quality datasets contain non-trivial an-

notation noise for fine-grained quantitative reasoning. After
validation and filtering, approximately 20,000 questions re-
mained as the verified question pool.

To ensure fair and comprehensive evaluation across all
dimensions, we applied stratified sampling to construct the
final benchmark with balanced distribution across three key
axes: Task Types, Reasoning Patterns, and Adversarial
Pressures. This sampling procedure resulted in the final
benchmark comprising 3,484 questions across 11,732 im-
ages, ensuring both high-quality ground truth through rigor-
ous validation and fair evaluation coverage across all bench-
mark dimensions.

B. Detailed Performance Analysis

In this section, we present a comprehensive performance
analysis of various multimodal large language models
(MLLMs). Before delving into the complex interactions be-
tween different factors, we first examine the aggregated per-
formance of models across three primary dimensions: Task,
Reasoning Pattern, and Adversarial Pressure. Fig. I il-
lustrates the performance overview. This visualization al-
lows for a direct comparison of how different models handle
specific types of challenges independently.

B.1. Variation Analysis

Fig. II presents marginal performance distributions across
each dimension, illustrating their capacity to distinguish
model capabilities. ~Among task types, Position tasks
demonstrate the highest variance (o = 0.163), suggesting
that models exhibit notably different levels of spatial un-
derstanding ability. In contrast, Counting tasks show the
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Figure III. Cross-dimensional degradation analysis. Performance degradation from Easy baseline across (a) Task types and (b) Reasoning

dimensions under adversarial pressure.

lowest variance (¢ = 0.096), indicating that this task type
presents consistent difficulty across most models. Similarly,
among adversarial pressure conditions, increasing Number
of Images(NI) exhibits the lowest variance (¢ = 0.079),
comparable to Counting tasks, suggesting that extreme con-
text pressure leads to uniformly poor performance across
models. For reasoning patterns, Selection demonstrates the
highest variance (o = 0.153), suggesting that the ability to
accurately identify a specific image among multiple candi-
dates varies considerably across different models.

B.2. Cross-dimensional Interaction Analysis

Fig. III presents degradation heatmaps showing perfor-
mance drops from the Easy baseline across different task-
pressure and reasoning-pressure combinations, averaged
over all models. Increasing Number of Images(NI) causes
catastrophic degradation across all dimensions, with Com-
parison reasoning and Existence tasks most severely af-
fected. Combined(HP+HN) pressure shows additive dif-
ficulty, causing larger drops than either pressure alone.
Comprehensive reasoning demonstrates superior robustness
compared to Comparison and Selection, suggesting holistic
reasoning strategies better withstand adversarial pressure.

Counting tasks show minimal degradation not due to robust-
ness but floor effects, as their Easy baseline is already low.
These patterns reveal that adversarial robustness is highly
dimension-dependent.

B.3. Performance Gap Between Open-Source and
Commercial Models

We compare the capabilities of leading commercial mod-
els and top-performing open-source models in Fig. IV. The
performance gap between these two categories is most pro-
nounced in Counting and Comparison tasks. These capabil-
ities represent the areas where commercial models demon-
strate the largest advantages over open-source alternatives,
indicating differences in multi-image reasoning capacity.

C. Benchmark Examples

C.1. Qualitative Examples from MIOH benchmark

Figs. VI and VII provide qualitative examples from the
MIOH benchmark, illustrating how questions are formu-
lated across our four core tasks and various visual adver-
sarial pressures. Each example is designed to test a specific
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Figure IV. Performance of commercial and top open-source
models.

aspect of an MLLM'’s object-centric capabilities and robust-
ness against perceptual challenges.

Existence Tasks. (Fig. VI, top section) assess the
model’s ability to verify the presence of objects and pin-
point their location within the image set. The Selective
questions showcased here require the model to identify the
specific image containing the target object among candi-
dates. Examples progress from straightforward cases (Easy:
clearly visible “donut”) to perceptually challenging scenar-
ios. The hard positive example requires detecting a “bench”
in a rainy scene, where the object is situated near the green-
ery and partially obscured by a person with umbrella, mak-
ing it difficult to spot. The Hard Negative example tests ro-
bustness against contextual bias, such as identifying a “key-
board” in a set of images containing office-like environ-
ments or other electronics (e.g., game consoles) that visu-
ally resemble the target context but lack the specific object.

Counting Tasks. (Fig. VI, bottom section) evaluate
quantitative reasoning capabilities through Comprehensive
questions that require aggregating counts across all pro-
vided images. The Easy examples involve basic enumer-
ation, such as counting the occurrences of clearly visible
“elephant”s across four frames. The Hard Positive scenario
challenges the model to sum the total number of “sand-
wiches” across images where objects are heavily occluded,
cut into pieces, or cluttered on plates, testing the ability to
handle dense visual information. The Hard Negative exam-
ple asks for the count of “trains,” where models must dis-
tinguish the actual object from contextually similar back-
ground elements like tracks or station platforms in the non-
target images.

Position Tasks.(Fig. VII, left section) present the most
complex spatial relationship challenges. We use Selective

questions to ask the model to identify the image where a
specific relation holds. Examples include Easy scenarios
(“dog next to cat”), Hard Negative cases (“chair positioning
relative to dog”), and Hard Positive examples (“person next
to umbrella”) that test compositional scene understanding
beyond simple object detection.

Attribute Tasks. (Fig. VII, right section) assess detailed
compositional understanding by requiring models to bind
visual properties with objects using Comparative questions.
The tasks range from detecting visually distinct attributes
(Easy: “red scarf”) to more subtle distinctions. The Hard
Negative scenario involves identifying a “dark yellow mug”
in a cluttered indoor environment where lighting and other
objects may create confusion. The Hard Positive example
tests the model’s ability to consistently recognize a “white
bench” across two different scenes despite variations in per-
spective and background.

Each example demonstrates the three question types de-
signed for multifaceted evaluation: comprehensive (collec-
tive understanding across images), comparative (identify-
ing differences between images), and selective (retrieving
specific images matching descriptions). The progression of
difficulty incorporates both visual factors (scale, occlusion,
contextual bias) as detailed in Sec. 3.3.

C.2. Failure Case Examples of Commercial Models

To better understand the limitations of commercial
MLLMs, we analyze specific failure cases of GPT-5 and
Gemini-2.5-Pro on the MIOH benchmark. Despite their
strong baseline performance, these models still exhibit
hallucination patterns under visual adversarial pressures.
Fig. V illustrates representative error cases where models
fail to ground visual evidence correctly within multi-image
contexts.

For example, in the Attribute-Comprehensive task,
models exhibit perceptual blindness or aggregation fail-
ures when objects are visually ambiguous or occluded;
for instance, both models fail to confirm the presence
of “dark gray bowls” in all target images, demonstrat-
ing a breakdown in comprehensive verification. The ex-
ample in Counting-Comparative task reveals weaknesses
in fine-grained classification, where models confuse “wine
glasses” with perceptually similar objects like water goblets
or tumblers, leading to incorrect frequency comparisons.
Most critically, the Position-Selective task exposes severe
object and relationship hallucination under the “None of the
above” option. When asked for a “cow behind a dog,” mod-
els are forced into making a selection, resulting in halluci-
nated object identities (e.g., misidentifying a zebra as a cow
in Image 4) or ignoring spatial constraints (e.g., selecting a
dog-cow pair with incorrect positioning in Image 3), rather
than correctly abstaining.
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Figure V. Failure cases of top commercial models (GPT-5, Gemini-2.5-pro). Blue text indicates the Ground Truth (GT). The icons
indicate the incorrect choices made by each model. These examples highlight how perceptual difficulty lead to reasoning failures.
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Figure VI. Benchmark Examples 1. Existence and Counting Task
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Figure VII. Benchmark Examples 2. Position and Attribute Task
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