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Abstract
Multimodal Large Language Models are primarily trained
and evaluated on aligned image-text pairs, which leaves
their ability to detect and resolve real-world inconsistencies
largely unexplored. In open-domain applications visual and
textual cues often conflict, requiring models to perform struc-
tured reasoning beyond surface-level alignment. We intro-
duce CrossCheck-Bench, a diagnostic benchmark for evaluat-
ing contradiction detection in multimodal inputs. The bench-
mark adopts a hierarchical task framework covering three
levels of reasoning complexity and defines seven atomic
capabilities essential for resolving cross-modal inconsisten-
cies. CrossCheck-Bench includes 15k question-answer pairs
sourced from real-world artifacts with synthetically injected
contradictions. The dataset is constructed through a multi-
stage annotation pipeline involving more than 450 expert
hours to ensure semantic validity and calibrated difficulty
across perception, integration, and reasoning. We evaluate 13
state-of-the-art vision-language models and observe a consis-
tent performance drop as tasks shift from perceptual matching
to logical contradiction detection. Most models perform well
on isolated entity recognition but fail when multiple clues
must be synthesized for conflict reasoning. Capability-level
analysis further reveals uneven skill acquisition, especially in
tasks requiring multi-step inference or rule-based validation.
Additional probing shows that conventional prompting strate-
gies such as Chain-of-Thought and Set-of-Mark yield only
marginal gains. By contrast, methods that interleave symbolic
reasoning with grounded visual processing achieve more sta-
ble improvements. These results highlight a persistent bottle-
neck in multimodal reasoning and suggest new directions for
building models capable of robust cross-modal verification.

Code — https://github.com/bytedance/CrossCheck-Bench

Introduction
Multimodal content in the open world frequently exhibits
noisy, unreliable, and even deceptive characteristics. A prod-
uct page may display a luxury brand logo with a suspiciously
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Q: Identify the OCR text 
on the main subject. 

A: Energizer

Q: Are the product 
categories under this brand
all in the same category?
A: Yes

Entity Recognition

+ Attribute Comparison

Entity Recognition 

L1: Perceptual Anchoring L3: Conflict Reasoning

L2: Knowledge Integration

Q: Based on the logo, product 
category, and livestream title, 
is this brand the primary one 
in the clip? Please answer 
with 'yes' or 'no'.

A: Yes Entity Recognition 

+ Attribute Comparison

+ Rule-based Logic

Figure 1: CROSSCHECK-BENCH cascade case: the model
answers the Level-1 perception query correctly, yet fails
the dependent Level-2 integration and Level-3 conflict-
reasoning tasks.

low price, or pair an image of a sports shoe with a tex-
tual description of formal wear. Humans can instinctively
recognize when such visual and textual clues do not align,
flagging potential fraud or misrepresentation. This ability
to resolve cross-modal conflicts is fundamental for any ro-
bust multimodal reasoning system (Wang et al. 2023b; Wolf
et al. 2023). However, vision-language models (VLMs),
which now underpin many content understanding deploy-
ments, have not been thoroughly evaluated on their ability to
detect and reject contradictions (Tan, Plummer, and Saenko
2020). Most existing VLMs (Li et al. 2023a; Alayrac et al.
2022; Liu et al. 2023a) are primarily trained and evaluated
on aligned datasets, where vision and language describe the
same semantic content. This alignment-centric paradigm en-
courages cross-modal consistency but overlooks a critical
question: can models verify whether multimodal signals are
logically compatible? The lack of this capability would pose
a tangible risk: models may confidently affirm incompati-
ble clues, producing outputs that are not only inaccurate but
also logically inconsistent with the input evidence (Li et al.
2023b; Liu et al. 2023b).

Consequently, there is an urgent need for a benchmark
that can effectively evaluate such an ability (Ma et al. 2023).
While existing benchmarks effectively assess tasks like re-
trieval (Li et al. 2022; Wasserman et al. 2025), descrip-
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CrossCheck-Bench

Product Main-Part Identification

Q: Does this image 
contain the product 
(Bed Cover)?
A: Yes.

Standard Product Unit Comparison

Q: Which is the same SPU 

as the image shown? A: B

A. B. D.C.

Logo Detail Comparison

Q: Are these 
two logos 
identical?
A: No.

Q: How much is the 
product to cost?
(A)$16 (B)$38 (C)$51 
(D)$99
A: C.

Brand Intent Inference

Q: Please indicate the relationship between the 
detected brand and the product shown in the 
live slice.
A: Based on <thinking>, the detected brand is 
one of the product brands the slice aims to sell.

Brand Circumvention Detection

Q: Does this image slice show evidence of 
intentional hiding or masking of logos, 
suggesting brand circumvention? A: Based 
on <thinking>, there is evidence of brand 
circumvention.

L1
Perception

L2
Integration

L3
Reasoning

Style-Price Identification

A1 Visual 
Grounding  

A2 Entity 
Recognition

A3 Attribute 
Comparison

A4 Multi-
frame 
Information 
Extraction 

A5 Numerical 
Reasoning   

A6 Region-
Constrained 
OCR

A7 Rule-
based Logic

A1

Q: Determine whether it 
is known to sell products 
like the one shown in the 
image.
A: Yes.

A5 A6

A2 + A4

A1 + 

A3
A1 + A2 + 

A6

A1 + A4

A6 + A7

A1 + A2

+ A3 + 

A6 + A7

Atomic 

Capability：

Brand-Category Match

Product Information OCR

Curated 3,200 real-vs-fake 

product samples across 5 

languages and 3 modalities, 

spanning 30+ categories

Generated 15,000 adversarial 

QA pairs that cover 15 

subtasks across 3 cognitive 

tiers

Invested 450+ expert hours in 

a three-stage QC pipeline to 

ensure logical consistency and 

balanced difficulty

Injected 22.8 K multimodal 

clue graphs (MCGs) aligned 

with 7 atomic capabilities for 

fine-grained evaluation

Q: Identify the 
OCR text on the 
main subject.
A: Valenica 
Donna Dream

Figure 2: Overview of CROSSCHECK-BENCH. The benchmark spans three cognitive tiers—L1 Perception, L2 Integration,
and L3 Reasoning—grounded in seven atomic capabilities (A1–A7) and eight representative tasks. It offers thousands product
samples, 14,690 adversarial QA pairs, and 22.8 K multimodal clue graphs, curated through 450+ expert hours. The right-hand
bar chart contrasts average model accuracy with the human upper bound.

tion (Maaz et al. 2023; Yue et al. 2024), and entailment (Xie
et al. 2019), few explicitly test whether multimodal inputs
are jointly compatible in a structured, diagnostic way. Unlike
generation correctness evaluation, validating conflict resolu-
tion requires more than local grounding or factual recall—it
demands compositional verification across modalities (John-
son et al. 2017). Specifically, this ability requires models to
(1) localize corresponding semantic entities or attributes in
each modality and (2) assess whether these aligned clues
are logically compatible. However, constructing such data
is highly challenging, as it depends on reliable data sources
to identify contradictory entities across different modalities
and create realistic conflict-based evaluation tasks (Johnson
et al. 2017).

To address this gap, we introduce CrossCheck-Bench, the
benchmark designed to evaluate and diagnose VLMs’ ca-
pacity to resolve multimodal inconsistencies (Li et al. 2024;
Bai et al. 2024; Gunjal, Yin, and Bas 2024). As illustrated in
Figure 2, we structure the benchmark into a three-level hier-
archy reflecting increasing reasoning complexity (Yue et al.
2024; Lu et al. 2023). L1 (Perceptual Anchoring) evaluates
whether the model can extract atomic entities from each
modality. L2 (Knowledge Integration) assesses whether the
model can compare cross-modal attributes. L3 (Conflict
Reasoning) requires the model to detect implicit contradic-
tions that arise from multi-attribute combinations. Each level
builds on prior capabilities: from recognizing entities, to
comparing attributes, to applying rule-based logic under un-
certainty. To enable fine-grained diagnosis, we further de-
compose the evaluation into seven atomic capabilities span-

ning Entity Recognition, Attribute Comparison, Numerical
Reasoning, Multi-Frame Extraction, etc. By structuring both
tasks and skills hierarchically, CrossCheck-Bench reveals
how early-stage failures—such as misidentifying logos or
misreading text—can propagate upward, leading to confi-
dent but flawed high-level inferences. As exemplified by the
case study in Figure 1, a single input sample may trigger
success at L1 while failing at L2 and L3, illustrating how
surface-level perception often masks deeper reasoning col-
lapse. Each QA sample is derived from real-world stimuli
(e.g., e-commerce listings, ads, social posts) with injected
inconsistencies requiring nontrivial inference.

We evaluated 13 current top performing VLMs, including
GPT-4.1 (Achiam et al. 2023), Gemini-2.5 (Comanici et al.
2025), Qwen2.5-VL (Bai et al. 2025), InternVL3 (Zhu et al.
2025), and MiMo-VL (Xiaomi et al. 2025), on 15k conflict-
oriented QA samples spanning all three task levels. Our re-
sults reveal a stark performance drop from L1 to L3: while
most models succeed at local grounding, nearly all fail at
multi-attribute contradiction detection, affirming implausi-
ble combinations with high confidence. We further examine
whether prompting strategies and lightweight adaptation can
enhance model performance on conflict-sensitive tasks. Our
findings show that conventional methods such as Chain-of-
Thought prompting and visual grounding through annotated
regions provide limited benefit and may even reinforce su-
perficial patterns. In contrast, approaches that support iter-
ative reasoning across visual and textual inputs, including
lightweight supervised fine-tuning, result in more consis-
tent improvements. Overall, these results highlight a criti-
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cal bottleneck in the ability of MLLMs to perform robust,
integrated reasoning—a key challenge for future research.
To summarize, we make the following contributions:
• We propose CrossCheck-Bench, a new benchmark to

evaluate and diagnose VLMs’ ability to resolve mul-
timodal inconsistencies, structured around a three-level
reasoning hierarchy and seven atomic capabilities.

• We construct a large-scale dataset of 15k QA samples
derived from real-world artifacts, with programmatically
injected contradictions that require compositional rea-
soning to resolve.

• We benchmark 13 leading VLMs, revealing their system-
atic failure on L3 conflict reasoning, identifying the lim-
itations of current prompting methods, and highlighting
iterative verification as a promising path forward.

Related Work
Multimodal Reasoning Benchmarks. Existing bench-
marks primarily evaluate VLMs on compositional tasks
where modalities reinforce each other. Datasets like
VCR (Zellers et al. 2019), NLVR2 (Suhr et al. 2019), and
SNLI-VE (Xie et al. 2019) assess textual entailment or rea-
soning with aligned visual support, assuming visual-textual
consistency. Recent benchmarks such as MMMU (Yue et al.
2024) and MathVista (Lu et al. 2023) emphasize complex
multimodal reasoning but remain confined to scenarios with
concordant inputs. While these efforts demonstrate VLMs’
growing proficiency in integrated understanding, they fail to
assess models’ resilience when modalities conflict—the core
challenge addressed by our work.

Inconsistency Detection in Vision-Language. Prior re-
search on multimodal inconsistency has primarily focused
on specialized, narrow tasks (Elazar et al. 2021; Tahmasebi,
Müller-Budack, and Ewerth 2024). The MMIR bench-
mark (Yan et al. 2025) evaluates inconsistency reasoning
in layout-rich artifacts but restricts its scope to predefined
error types and lacks granular diagnosis of underlying ca-
pability failures. Works like Beyond Appearance (Xu et al.
2025) study modality gaps in specific attributes (e.g., color,
shape) but do not scale to compositional real-world conflicts.
Crucially, VLM2-Bench (Zhang et al. 2025) addresses a dis-
tinct challenge: visually linking matching cues across differ-
ent images (e.g., identifying the same person), which repre-
sents an orthogonal problem to resolving contradictory mul-
timodal evidence within unified inputs. CrossCheck-Bench
thus fills a critical void by introducing the first hierarchical
evaluation framework (L1 → L3) to diagnose why models
fail at cross-modal conflict resolution—requiring both struc-
tural alignment and logical comparison within unified mul-
timodal inputs.

Diagnostic Evaluation of VLMs. Efforts to diagnose
VLM failures typically dissect atomic capabilities in isola-
tion. SpaCE-10 (Gong et al. 2025) decomposes spatial in-
telligence into 10 atomic skills but does not examine their
interplay under conflicting evidence. BEiT-3 (Wang et al.
2023a) and LLaVA (Liu et al. 2023a) analyze modality bi-
ases via probing tasks, yet these remain decoupled from real-

world inconsistency scenarios. Our benchmark uniquely in-
tegrates capability-centric diagnosis with adversarial multi-
modal conflict: we not only define 7 atomic cross-checking
capabilities (e.g., entity grounding, attribute verification) but
deliberately stress-test their composition in failure-prone
contexts where cues contradict, thereby exposing cascading
reasoning breakdowns unseen in prior benchmarks.

CrossCheck-Bench
To enable fine-grained diagnosis of multimodal inconsis-
tency resolution in Vision-Language Models (VLMs), we
introduce CrossCheck-Bench, a factually grounded bench-
mark comprising 7 atomic capabilities and 15 systematically
constructed tasks. As shown in Figure 2, CrossCheck-Bench
follows a hierarchical structure, categorizing tasks into Per-
ception (L1), Integration (L2), and Reasoning (L3) levels,
based on the combination of atomic capabilities and task
complexity. To ensure the reliability and consistency, the
construction of CrossCheck-Bench involves three key stages
(see Figure 3): Data Collection via Multimodal Clue Graphs,
Hierarchical Tasks Generation, and Quality Verification. In
total, over 450 expert-hours were invested to curate 14.69k
high-fidelity, semantically grounded QA tasks.

Data Collection
We curated a diverse e-commerce dataset from major
platforms, comprising 22.8k listings with ≥ 5 verified
attributes and high-resolution images. To represent fac-
tual signals, we define Multimodal Cue Graphs (MCGs)
as quadruples: (entity, modality, attribute,
value) (Kommineni, König-Ries, and Samuel 2024; Yao
et al. 2025). MCG construction proceeds in three stages:

Entity Extraction: We employ an ensemble of YOLOv8-
L (Yi et al. 2023), GroundingDINO (Liu et al. 2024),
and visual embeddings for image-level detection, along-
side fine-tuned Qwen3-8B (Yang et al. 2025) for textual
entity recognition. Attribute Extraction: Visual (e.g., OCR,
shape) and textual (e.g., brand, price) signals are extracted
via rule-based templates and GPT-4o augmentation. Cross-
Validation: GPT-4o identifies cross-modal inconsistencies.
Discrepant pairs are corrected, with a 15% manual audit
yielding 98.2% accuracy.

The final set includes 22.8k MCGs, each containing on
average 12.7 verifiable clues, with a semantic consistency
rate of 97.3% based on expert auditing.

Hierarchical QA Generation
To enable diagnostic evaluation across varying levels of rea-
soning complexity, we formulate a three-tiered task taxon-
omy grounded in atomic visual-language capabilities. Each
task is derived from structured information encoded in the
MCGs, allowing precise targeting of distinct skills and their
combinations.
The Three-Tier Diagnostic Taxonomy. We define seven
atomic capabilities for assessing multimodal reasoning: A1
(Visual Grounding), A2 (Entity Recognition), A3 (Attribute
Comparison), A4 (Multi-frame Reasoning), A5 (Numerical
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Stage3 Quality Control 

L1   L2  L3

Balancing Difficulty 
Distribution

Expert Review

Model 
Esembling 
Filter

Stage2 Hierarchical QA Generation

ProductTitle: Gaya Chanel, 

Dua Keping Palsu, Atasan 

Berongga Nipis. 

(      , visual, Caption, "A Women's Long Knitted Cardigan")
(Product, text, DESC, " Chanel Style")

(                   , visual, OCR, "LOEWE")

Taking 1-2 clues, generate logic 
fidelity questions. e.g., "Does the 
product shown in the image match 
description of 'Chanel Style, …'

Taking 2-4 clues, generate inferen-
ce required questions. e.g., ”Does 
Loewe sell this product in the image?”

Taking more than 4 clues, 
generate rule-intensive questions. 
e.g., indicate the relationship 
between Loewe and Chanel.

Stage1 Multimodal Clue 

Graphs Generation

30+ Categories

Data Sourcing

5 Languages 3 Modalities

“Does the OCR result match the 
brand name in the text?”, …

Entity

Attributes

Validation

Logo, Brand, Product, … 

OCRText, SKU, Price, Caption
Raw generated 

questions

Q: What is the brand 

name of the product 

shown in this image.

A: ["Unilever"]

GT: ["PONDS"]

Q: “Given two brand 

trademarks, please 

determine whether they 

belong to the same brand.”

A: "Yes"

A1 Visual Grounding  

A2 Entity Recognition

A3 Attribute Comparison 

A4 Multi-frame Extraction  

A5 Numerical Reasoning   

A6 Region-Constrained OCR 

A7 Rule-based Logic

(Product, text, Brand, "Chanel")，

Figure 3: Dataset–construction pipeline for CROSSCHECK-BENCH. Stage 1: Clue Encoding. Aggregates multimodal data (30+
categories, 5 languages) into clue graphs binding entities with validated attributes. Stage 2: QA Composition. Samples 1 − n
clues to generate hierarchical QA pairs targeting 7 capabilities across 3 cognitive tiers (L1–L3). Stage 3: Quality Control.
Employs a three-step loop (expert review, model filtering, and difficulty balancing) to ensure correctness and task uniformity.

L
evel 2

Level 1

Lev

el
3

I
ntegration

Perception

Rea

so
ni
n
g

CrossCheck

PMP (992)

L1 Perception (8264)
BR (996) LogoDiff (1873)

ProdCont*(634) StylePrice (1959) PMPOcr (1810)

L2 Integration (3212) L3 Reasoning (3214)

SPU (216)

BR*(1000)SKU (1000)

BrandCate (996) BC (736)

BC* (1000)

PI (316)

BI (162)

BI* (1000)

A1 A2 A3 A4 A5 A6 A7

Subtask-AtomicCapability Mapping Graph

Overall Data
Distribution of

CrossCheck-Bench

Figure 4: Dataset statistics for CROSSCHECK-BENCH. The
benchmark contains ∼ 15,000 question–answer pairs dis-
tributed over 15 subtasks and three cognitive levels (left). Six
subtasks probe a single atomic capability (A1–A6), while
the remaining nine require compositions capabilities (right).
Subtask names followed by “*” take multi-frame input.

Plausibility), A6 (Region-Constrained OCR), and A7 (Rule-
based Logic). These skills represent fundamental cross-
modal abilities required to detect real-world inconsisten-
cies. Building on them, we construct a three-level hierar-
chy to measure increasing reasoning depth. Perception (L1)
isolates a single atomic skill to evaluate basic cross-modal
alignment. Integration (L2) combines two to three capa-
bilities to test coordination across modalities. Reasoning
(L3) requires synthesizing multiple clues, applying com-
monsense or domain knowledge, and resolving implicit con-
tradictions. This taxonomy is both diagnostic and necessary,
enabling fine-grained attribution of failures to perceptual, in-
tegrative, or reasoning limitations.
Question Generation.

To generate diverse questions aligned with our taxon-
omy, we adopt a hybrid framework combining template,
model, and human strategies: (1) Template-based (L1). For
atomic tasks, we design 45+ rule-based templates operat-
ing on MCGs to test grounding and attribute consistency.
(2) Model-assisted (L2). For integration tasks, GPT-4o is
prompted with structured instructions to generate questions
involving cross-modal or temporal reasoning, refined by hu-
man reviewers. (3) Human-authored (L3). For reasoning
tasks requiring multi-step inference, experts manually craft
questions targeting compositional challenges like intention
deception or rule violations. All questions undergo expert
validation to ensure semantic rigor. The final benchmark
contains 14.69k QA pairs balanced across three levels. A
detailed composition breakdown is shown in Figure 4.

Quality Verification

In order to ensure the reliability of CrossCheck-Bench, we
implement verification pipeline for addressing difficulty la-
beling, logic consistency, and robustness. Tasks are labeled
as L1 (Perception), L2 (Integration), or L3 (Reasoning) via
model consensus (76% agreement across GPT-4o, GPT-4.1,
Gemini 2.5 Pro) and finalized by expert annotators under a
clear rubric. Experts override model votes in 18% of cases.

We perform adversarial validation on 40% of samples:
three reviewers assess each QA pair for ambiguity or short-
cuts, with 12% flagged for revision. Inter-annotator agree-
ment (IAA) on a separate 10% confirms annotation stability.
These steps ensure that CrossCheck-Bench is both challeng-
ing and reliable for multimodal reasoning evaluation.
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Models Avg. Perception Integration Reasoning
LD BR PMP PMO PD* SP BR* SPU SKU BDC BC BC* BI PI BI*

Open-Source MLLMs (Small Group)
Qwen2.5VL-7B 61.0 59.1 61.8 78.8 56.6 53.2 42.9 62.5 78.4 59.8 64.9 58.9 50.0 80.9 51.6 55.3
Ovis2-8B 60.5 77.9 59.8 72.1 51.1 72.6 36.6 67.6 67.9 56.6 75.5 58.7 50.1 66.1 50.3 44.6
MiMo-VL-7B 65.3 66.8 93.0 73.7 59.5 62.9 52.1 66.1 76.2 56.4 91.5 60.7 52.8 59.3 61.4 46.7

Open-Source MLLMs (Medium Group)
Ovis2-16B 67.2 77.2 75.4 74.1 61.4 73.5 52.0 71.3 78.0 69.8 89.9 58.3 52.6 75.3 57.6 42.0
Qwen2.5VL-32B 67.5 67.3 69.5 79.7 67.7 71.9 53.9 69.4 81.2 52.9 93.1 67.8 49.9 65.9 50.0 72.6
Ovis2-34B 68.5 67.8 71.6 72.6 70.2 72.4 51.0 69.0 85.3 66.2 89.8 58.6 50.7 63.0 82.7 55.9
InternVL3-38B 68.0 64.2 59.7 92.4 64.2 71.5 52.2 71.6 68.4 67.3 93.4 58.9 53.9 63.4 75.6 63.4

Open-Source MLLMs (Large Group)
Qwen2.5VL-72B 69.9 67.3 69.5 79.7 75.1 72.1 51.9 69.1 86.7 68.3 90.8 58.6 50.6 63.6 72.6 69.2
InternVL3-78B 71.5 73.3 69.1 89.0 74.4 61.5 50.1 74.0 81.2 71.3 91.9 59.6 53.1 78.8 81.5 64.0

Closed-Source MLLMs
GPT-4.1-mini-2025-04-14 72.6 65.8 85.7 78.1 79.1 74.8 60.4 74.5 86.7 73.9 91.8 67.4 54.0 74.7 68.4 54.0
ByteDance-seed-1.6 73.3 62.9 90.3 76.2 66.2 59.2 63.2 71.0 89.5 73.7 96.2 63.1 57.8 85.5 81.0 63.8
GPT-4.1-2025-04-14 76.8 68.2 89.9 78.1 85.3 71.1 70.2 80.1 90.4 72.1 98.1 67.8 65.4 74.7 75.7 65.4
Gemini-2.5-pro-p-06-05 76.2 69.6 92.0 76.8 80.9 70.7 72.2 83.7 85.8 48.2 97.7 71.0 66.3 77.2 81.0 70.2

Human 95.2 94.5 98.1 96.7 93.2 88.5 85.6 92.4 97.8 89.1 99.5 85.2 82.1 94.3 92.8 88.0

Table 1: Main results of the CROSSCHECK-BENCH. The best performance is highlighted by bold and underline. Human per-
formance in bold as an upper-bound reference. * denotes multi-frame input.

Experiments and Analysis
Setup
We evaluate 13 vision-language models (VLMs), including
both proprietary and open-source systems capable of pro-
cessing interleaved image-text inputs. The proprietary mod-
els comprise Gemini 2.5 Pro(Comanici et al. 2025), GPT-
4.1 (Achiam et al. 2023), GPT-4.1mini (Achiam et al. 2023),
and ByteDance-seed-1.6 (Team 2025). The open-source
group spans multiple families and scales: Qwen2.5-VL(7B,
32B, 72B)(Bai et al. 2025), InternVL3(38B, 78B)(Zhu et al.
2025) , Ovis2(8B, 16B, 34B)(Lu et al. 2024), MiMo-
VL-7B(Xiaomi et al. 2025). All models are evaluated on
CrossCheck-Bench using a unified zero-shot QA protocol
with standardized prompts. Evaluation employs hybrid scor-
ing: deterministic single-choice questions are assessed via
exact match, while open-ended responses are semantically
judged by GPT-4o. Open-source models are executed using
official implementations on NVIDIA H100 GPUs. Human
baseline performance is collected from seven expert annota-
tors following the same QA protocols.

Overall Results
Table 1 summarizes the performance of 13 VLMs across 15
benchmark tasks, categorized into three task levels: percep-
tion, integration, and reasoning.
Human vs. MLLMs Human accuracy provides an upper
bound across all task levels. The average score reaches
95.2%, surpassing the best proprietary model by over 18
points. Even on reasoning tasks, human performance re-
mains above 88%, while most models fall short of 76%. This
gap persists across categories, confirming that current mod-
els struggle with consistent multimodal alignment, particu-
larly under conflicting or compositional input.

Open vs. Closed Models Proprietary models consistently
outperform open baselines. GPT-4.1 and Gemini 2.5 Pro
achieve average scores above 76%, while the strongest open-
source model peaks at 71.5%. Although open models per-
form competitively on localized tasks, their advantage van-
ishes as task complexity increases. The gap widens on
composition-intensive queries, where proprietary systems
maintain a consistent lead.
Performance Declines from Anchoring to Reasoning
Across all models, accuracy consistently declines as tasks
progress from perceptual anchoring (L1) to knowledge in-
tegration (L2) and conflict reasoning (L3). Closed-source
models show a clear downward trend, with GPT-4.1 drop-
ping from 85.3% on L1 tasks to 75.7% on L3. Open-
source models exhibit even sharper declines. InternVL3-
78B falls from 71.5% at L1 to 64.0% at L3, and Qwen2.5-
VL-72B drops from 69.9% to 63.9%. This pattern reveals
that while most models can extract atomic entities and per-
form attribute-level comparisons, they struggle with reason-
ing over conflicting cues and enforcing logical consistency.
The most severe degradation occurs in tasks that require
multi-attribute fusion and rule-based contradiction detec-
tion, confirming that compositional reasoning remains the
most fragile capability across architectures.
Model Scaling Yields Uneven Benefits Across Levels
Scaling improves performance on low-level tasks but brings
inconsistent or diminishing returns at higher levels. For L1
tasks, larger models show notable gains. InternVL improves
by 3.5 points from 38B to 78B, and Qwen2.5-VL improves
by nearly 9 points from 7B to 72B. However, gains on L2
tasks are unstable. Qwen2.5-VL-72B improves marginally
over 32B on some tasks, while degrading on others. At L3,
reasoning accuracy stagnates or declines, even in large-scale
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Task Capacity GPT-4.1 InternVL3-78B Qwen2.5-VL-72B Ovis2-34B MiMo-VL-7B Overall-A(%)
BR A2 89.9 73.9 69.5 71.6 93.0 75.9
BR* + A4 80.1 (↓9.8) 74.0 (↑0.1) 69.1 (↓0.4) 69.0 (↓2.6) 66.1 (↓26.9) 71.5 (↓4.4)
SPU A1,3 90.4 81.2 86.7 85.3 76.2 81.2
SKU + A5 72.1 (↓18.3) 71.3 (↓9.9) 68.3 (↓18.4) 66.2 (↓19.1) 56.6 (↓19.6) 64.4 (↓16.8)
BDC A1,2,6 98.1 91.9 90.8 89.8 91.5 89.6
PI + A7 75.7 (↓22.4) 81.5 (↓10.4) 72.6 (↓18.2) 82.7 (↓7.1) 61.4 (↓30.1) 73.8 (↓15.8)
BI + A3,7 74.7 (↓23.4) 78.8 (↓13.1) 63.6 (↓27.2) 63.0 (↓26.8) 59.3 (↓32.2) 66.0 (↓23.6)
BI* + A3,4,7 65.4 (↓32.7) 64.0 (↓27.9) 69.2 (↓21.6) 55.9 (↓33.9) 46.7 (↓44.8) 59.0 (↓30.6)

Table 2: Accuracy comparison on atomic vs. compositional tasks.Atomic variants and corresponding compositional variants
are paired per task. Values in parentheses denote accuracy drops due to capability addition, measured relative to the baseline.

A1 A2 A3 A4 A5 A6 Avg

GPT-4.1
Gemini 2.5 Pro

Seed-1.6
InternVL3-78B

Qwen2.5VL-72B
Ovis2-16B

Qwen2.5VL-32B
MiMo-VL-7B

Ovis2-34B
InternVL3-38B

Ovis2-8B
Qwen2.5VL-7B

78.1 89.9 85.3 71.1 70.2 68.2 77.1
76.8 92.0* 80.9 70.7 72.2* 69.6 77.0
90.3 62.9 76.2 63.2 63.2 66.2 70.3
69.1 73.3 89.0 61.5 50.1 74.4 69.6
69.5 67.3 79.7 72.1 51.9 75.1* 69.3
75.4 77.2 74.1 73.5* 52.0 61.4 68.9
69.5 67.3 79.7 71.9 53.9 67.7 68.3
93.0* 66.8 73.7 62.9 52.1 59.5 68.0
71.6 67.8 72.6 72.4 51.0 70.2 67.6
59.7 64.2 92.4* 71.5 52.2 64.2 67.4
59.8 77.9 72.1 72.6 36.6 51.1 61.7
61.8 59.1 78.8 53.2 42.9 56.6 58.7 40
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Figure 5: Model-wise Performance on Atomic Capabilities.
Each cell indicates accuracy on one capability, with * denot-
ing the best-performing model per capability.

models. These results indicate that increased capacity en-
hances surface perception but does not resolve the bottle-
necks in cross-modal composition. The inability to align
symbolic and visual information under constraint suggests
that reasoning limitations persist independently of scale.

Capability Analysis
Atomic vs. Compositional Performance. Table 2
presents a controlled comparison between atomic and
compositional tasks, revealing how capability integration
impacts model reliability. While models handle isolated
tasks (e.g., A1–A3) reasonably well, accuracy drops by
12%–35% when tasks involve numerical plausibility (A5),
cross-frame reasoning (A4), or rule compliance (A7).

This compositional collapse is most evident when all ca-
pabilities (A1–A7) are required: top models often fail to
exceed 50% accuracy, with smaller ones below 40%. Fail-
ures correlate strongly with tasks involving temporal (A4),
numerical (A5), or rule-based (A7) reasoning, underscoring
persistent architectural blind spots. CrossCheck-Bench dis-
entangles these challenges, enabling precise attribution of
integration failures.

Capability-Specific Trends and Scaling Effects. Fig-
ure 5 summarizes model accuracy on atomic capabilities A1
through A6. These span from perceptual anchoring to sym-
bolic reasoning. A clear separation emerges between per-
ceptual skills (A1–A3) and reasoning-oriented capabilities

Intervention A5: Numeric A6: OCR A7: Logic
Base (Vanilla) 61.2 58.7 49.1
CoT Prompting 62.0 56.3 50.8 ↑
SoM Prompting 62.4 60.9 ↑ 48.6
CoT + SoM 61.8 59.3 50.1
CSFT 63.5 ↑ 60.2 49.5
MM-CoT 65.3 ↑ 61.7 ↑ 53.5 ↑

Table 3: Accuracy (%) under prompting interventions on
three capabilities. Gray cells mark best results. Bold and ↑
indicate top-2 gains over base.

(A4–A6). Models improve steadily on A1–A3 as scale in-
creases. GPT-4.1 exceeds 85% on A2 and A3. These skills
rely on spatial anchoring and shallow visual-textual map-
ping, which align well with current pretraining objectives.
In contrast, A4 through A6 remain challenging across model
families. Even top-tier models score below 75% on average
across these three capabilities. Smaller models collapse en-
tirely. Ovis2-8B drops to 36.6% on A5, and most open mod-
els perform below 55% on A6. These failures suggest persis-
tent fragility in symbolic inference when it depends on tem-
poral alignment, numerical estimation, or rule-based logic.

Model scaling does not resolve these weaknesses uni-
formly. InternVL3-38B outperforms GPT-4.1 on A3, and
Qwen2.5-VL-72B achieves the best A6 result overall. This
suggests that architectural tuning or supervision strategies
may contribute more than parameter count for certain atomic
skills. While perceptual capabilities scale smoothly, sym-
bolic coordination remains an unsolved frontier in vision-
language alignment.

Prompting-Based Diagnostic Interventions
We test whether prompting or light tuning can recover
capability-specific weaknesses revealed by CrossCheck-
Bench. We focus on three difficult skills: numeric reason-
ing (A5), region-based OCR (A6), and logic inference (A7),
where most models show low accuracy.

Prompting and Fine-tuning Configurations. We eval-
uate vision-language models under four strategies: Chain-
of-Thought (CoT) prompting(Wei et al. 2022), Set-of-Mark
(SoM) visual guidance (Yang et al. 2023), a combined

25892



QA

Q: Which of the three 
candidate images 
most likely belongs to 
the same SPU as the 
given product image?

A

B C

The answer is A.

with COT
Q: Please …… image.
Let’s think step by step.A

B C
A and B show the 

same product from 

different angles.

Answer is

with SoM

Q: Please ……  image. 
The key points are 
already marked.

The key features to 

focus on are already 

marked in the 

image. A and B 

match the design and 

brand, while C differs. 

The answer is B.

with MM-COT

A

B C

Q: Please …… image.
First provides the key
reasoning to reach the
answer.

Q: According to the key 
information, give final answer.

C matches the heel, knot, ankle 

strap, and color. Answer is C.

color, heel type, bow 
design, and strap style.

B.

A

CB

Figure 6: Prompting Strategies. We visualize answer ratio-
nales and visual focus under three prompting configurations.
MM-CoT coordinates reasoning and grounding, leading to
correct identification through structured inference.

CoT+SoM setting, and supervised fine-tuning (CSFT) with
500 curated QA pairs. CoT adds symbolic reasoning scaf-
folds. SoM uses bounding boxes to guide attention. The
combined setup merges both. CSFT tests model adaptabil-
ity with lightweight supervision.

As shown in Table 3, CoT improves A7 performance
(+1.7% on average) but often harms perception-centric tasks
due to hallucinated logic paths. SoM is particularly effec-
tive on A6 tasks for proprietary models with stronger visual
pretraining, though results vary in open models. Combining
CoT and SoM yields no consistent improvement and may
introduce modality interference. CSFT helps moderately on
A5 and A6 but fails to rectify A7 reasoning failures, sug-
gesting tuning alone cannot repair logic abstraction gaps.

Multimodal Interleaved CoT (MM-CoT) To further ad-
dress the failures, we propose Multimodal Interleaved CoT
(MM-CoT), a two-stage prompting protocol designed to
weave together grounding and reasoning. In Stage 1, models
generate candidate answers with free-form rationales, which
are parsed to extract relevant visual elements and highlight
them using bounding-box overlays. In Stage 2, the model is
re-invoked with both the SoM-augmented input and its own
previous reasoning trace. This procedure encourages itera-
tive inference, linking visual localization and symbolic logic
through an explicit feedback loop. Figure 6 shows a repre-
sentative case under four prompting variants.

As illustrated in Figure 7, MM-CoT consistently shifts
models toward higher reasoning accuracy and VRC scores,
especially for tasks involving compositional numerical and
rule-based inference. MM-CoT outperforms all prior strate-
gies: GPT-4o sees a +4.4% gain over vanilla prompting, and
open models average +2.1% improvement. Benefits are most
significant in tasks demanding chained reasoning over val-
ues and constraints, such as those involving both A5 and A7.
These findings demonstrate that tightly interleaved cross-
modal prompting offers a viable path for addressing com-

Figure 7: Effect of MM-CoT. The figure illustrates the per-
formance shift across models with different prompting inter-
ventions. MM-CoT consistently enhances reasoning align-
ment and overall accuracy. Inset: comparison of intervention
strategies on reasoning-intensive tasks (A5–A7).

plex multimodal failures.
Overall, these results show that prompting strategies can

selectively recover model deficits but struggle under com-
positional complexity. MM-CoT, by encouraging reasoning-
grounding feedback loops, represents a promising direction
for enhancing cross-modal inference—especially for tasks
where visual and symbolic information must be reconciled
through structured reasoning.

Conclusion
In this paper, we introduce CrossCheck-Bench, a diag-
nostic benchmark for evaluating vision-language models
(VLMs) under multimodal inconsistency. The benchmark
targets models’ ability to detect conflicts and reason com-
positionally across visual, textual, and symbolic inputs.
CrossCheck-Bench defines a three-tier capability structure
and spans 15 tasks covering atomic and compositional rea-
soning. Through systematic evaluation, we uncover three
key trends: (1) performance degrades consistently from per-
ception to reasoning; (2) models prioritize internal priors
over conflicting external signals; (3) tasks requiring cross-
frame alignment and rule-grounded inference remain ma-
jor bottlenecks. These failures are not random but traceable
to structural capability gaps. By isolating where composi-
tional failures emerge, CrossCheck-Bench offers a roadmap
for improving alignment between symbolic inference and
grounded perception. Additional probing shows that con-
ventional prompting strategies such as Chain-of-Thought
and Set-of-Mark yield only marginal gains. By contrast,
methods that interleave symbolic reasoning with grounded
visual processing achieve more stable improvements. We
hope this work enables more robust, reliable, and cognitively
grounded VLMs for real-world applications, and provides a
foundation for future research on multimodal consistency.
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