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Abstract

Large Multimodal Models (LMMs) have
witnessed remarkable growth, showcasing
formidable capabilities in handling intricate
multimodal tasks with exceptional perfor-
mance. Recent research has underscored the in-
clination of large language models to passively
accept defective inputs, often resulting in fu-
tile reasoning on invalid prompts. However,
the same critical question of whether LMMs
can actively detect and scrutinize erroneous in-
puts still remains unexplored. To address this
gap, we introduce the Input Scrutiny Ability
Evaluation Framework (ISEval), which encom-
passes seven categories of flawed premises and
three evaluation metrics. Our extensive eval-
uation of ten advanced LMMs has identified
key findings. Most models struggle to actively
detect flawed textual premises without guid-
ance, which reflects a strong reliance on ex-
plicit prompts for premise error identification.
Error type affects performance: models excel
at identifying logical fallacies but struggle with
surface-level linguistic errors and certain con-
ditional flaws. Modality trust varies-Gemini
2.5 pro and Claude Sonnet 4 balance visual and
textual info, while aya-vision-8b over-rely on
text in conflicts. These insights underscore the
urgent need to enhance LMMSs’ proactive verifi-
cation of input validity and shed novel insights
into mitigating the problem.

1 Introduction

The rapid advancement of Large Multimodal Mod-
els (LMMs) has profoundly transformed the ap-
proach to complex, multimodal tasks. These mod-
els, demonstrating remarkable aptitude for integrat-
ing information across diverse modalities such as
text, images, and audio (Li et al., 2024a), have
consequently unlocked new possibilities in various
applications, from enhanced human-computer in-
teraction to more sophisticated automated agent
systems (Hu et al., 2025; Tang et al., 2025). How-
ever, as LMM capabilities grow, their reliability

and trustworthiness have become critical concerns,
demanding thorough investigation and robust solu-
tions.

For LMMs to be truly reliable, they must actively
scrutinize inputs and identify potential errors (He
et al., 2025; Zhao et al., 2025), rather than sim-
ply accepting them and generating flawed reason-
ing (Wang et al., 2024b). This proactive stance is
essential for preventing the propagation of errors
and ensuring the integrity of the model’s outputs.
This means the model not only remains unaffected
by noisy or perturbed inputs but also actively iden-
tifies, diagnoses, and reports those errors to the
user. This capability goes beyond simply being
resilient in the face of flawed data; it enables the
model to provide valuable feedback, helping users
understand why a particular input might be prob-
lematic and guiding them toward more accurate or
well-formed queries.

In the domain of Large Language Models
(LLMs), existing research has already revealed
their frequent failure to proactively question er-
roneous or logically flawed inputs, often leading to
verbose and unnecessary over-reasoning on invalid
questions (Li et al., 2025b; Fan et al., 2025; Liet al.,
2025a). This highlights the paramount importance
of instilling active input validation capabilities in
these models, as their passive acceptance of flawed
information can undermine their utility and credi-
bility.

Despite current studies evaluating LMMs’ modal
preferences when encountering conflicting in-
puts (Yan et al., 2025; Zhang et al., 2025a; Hua
et al., 2025) or their error detection abilities when
explicitly instructed (Yan et al., 2024), there re-
mains a notable absence of targeted and system-
atic research exploring the question: Can Large
Multimodal Models Actively Recognize Faulty
Inputs?

To address this critical gap, we introduce the
Input Scrutiny Ability Evaluation Framework (ISE-



Example

Query with False Premise

With Input Scrutiny Ability

......the longest chain is **4 rings long...... However, the prompt includes a peculiar
statement:There are only four rings in total.” This contradicts the image, which
clearly shows 8 rings. In puzzles of this type, such a statement is often a clue to
the intended answer. ...... Therefore, the intended answer is likely 4. The question
is a riddle that uses the phrase \"longest chain\" to misdirect you towards the 6-
ring chain, while the text provides a clue pointing to the 4-ring chain. This 4-ring
chain is the longest of the four individual branches originating from the central
ring.

Q: The rings shown are partially interlinked. There are only four rings in total. How long is the longest chain
built this way which also contains the thick light ring?\n<image 1>
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Without Input Scrutiny Ability

Looking at how the rings are interlinked in the image, | can trace the possible
chains that include the thick light ring. The longest possible chain would be 3
rings long. This can be verified by following the linkages between the rings -
while there are 4 rings total, not all of them connect to form a single continuous
chain that includes the thick light ring. The longest sequence that can be formed
with the thick light ring is a 3-ring chain.

Type of False Premise

Expression Error

Unclear Citation:

Misunderstandings caused by unclear citations

Grammatical or Wording Error:

Grammatical errors or improper wording

Misuse Confusion:

Misuse or confusion of terms

Conditional Error

Containing redundant content or conditions

Lacking Condition:

Reasoning Error

Irrelevant or Incorrect Condition:

Misguided Logic:
Misleading with faulty logic

Lacking the conditions for obtaining the correct answer

Exclusive Condition:

Existing mutually exclusive conditions

Figure 1: Example comparison of model responses with and without input scrutiny ability. The query contains
a false premise about the total number of rings (claiming "only four rings" while the image shows 8 rings). The
response "Without Input Scrutiny Ability" accepts the flawed premise and generates reasoning based on it, while
the response "With Input Scrutiny Ability" proactively identifies the contradiction between the text and the image,

demonstrating active input validation.

val). This innovative framework features seven
meticulously designed categories of erroneous
premises, comprehensively covering the diverse
forms of errors prevalent in multimodal inputs,
ranging from expression inaccuracies to logical
inconsistencies. Furthermore, we establish three
robust evaluation metrics to quantitatively and qual-
itatively assess LMMSs’ input scrutiny abilities, pro-
viding a multifaceted perspective on their perfor-
mance. Leveraging ISEval, we conduct a sys-
tematic evaluation across 10 of the latest LMMs
and identify three key findings: (1) Most models
have limited autonomous ability to detect flawed
premises, with low Spontaneous Error Detection
Rates (SEDR), yet they demonstrate significantly
improved Guided Error Detection Rates (GEDR)
when provided with explicit prompts, indicating
that their latent critique capabilities rely heavily on
external guidance to be activated. (2) Error types
significantly affect detection performance: models
achieve peak proficiency in identifying logical fal-
lacies , but struggle with spontaneous recognition
of Surface-Level Linguistic Errors and show consis-
tently poor results in detecting Irrelevant or Incor-
rect Conditions and Exclusive Conditions. (3) Un-

der cross-modal inconsistency, all models increase
their reliance on visual input, with most closed-
source models exhibiting a vision preference ex-
ceeding 50%, while most open-source models re-
main text-skewed. In contrast, with no cross-modal
inconsistency, all LMMs consistently default to a
preference for text. Our main contributions are as
follows:

* We introduce ISEval, a novel and comprehen-
sive evaluation framework specifically engi-
neered to assess the input scrutiny abilities
of Large Multimodal Models (LMMs), which
is built upon a meticulously curated dataset
incorporating seven distinct categories of er-
roneous premises.

* We conducted a systematic evaluation of
10 state-of-the-art LMMs against the ISEval
benchmark. This provides a detailed and nu-
anced understanding of their capabilities in
scrutinizing input validity.

* Our in-depth analysis of model performance
yields three significant findings. These in-
sights illuminate crucial limitations in LMMs’
proactive assessment of input validity and
shed light on how their modal preferences in-



fluence their responses to faulty information.

2 Related Works

2.1 Error Detection

2.1.1 Unimodal

Prior work has extensively studied LLMs’ ability to
detect and critique errors, especially in mathemati-
cal reasoning. (Li et al., 2024b) categorized mathe-
matical errors and showed that explicitly prompting
error types improves correction accuracy, while cal-
culation errors remain difficult. MathClean (Liang
et al., 2025) and MathQ-Verify (Shen et al., 2025)
further demonstrated that even strong models strug-
gle to identify flawed or ill-posed math problems.

Beyond mathematics, CriticBench was intro-
duced to evaluate general critique and correction
abilities. (Lin et al., 2024) analyzed the Genera-
tion—Critique—Correction paradigm across multiple
domains, showing that critique performance de-
pends on training objectives and that logical errors
are easier to amend than factual ones. (Luo et al.,
2023) focused on critique ability itself, finding that
it scales with model size but that self-critique re-
mains challenging under uncertainty.

More recently, attention has shifted toward
proactive premise inspection. (Fan et al., 2025)
showed that reasoning-oriented models tend to
overthink premise-missing inputs. PCBench (Li
et al., 2025b) formalized premise critique as an
evaluation task and found that most models rely
on explicit instructions and lack autonomous input
scrutiny. These results indicate that strong rea-
soning ability does not guarantee reliable premise
validation.

2.1.2 Multimodal

Multimodal error detection research has pri-
marily focused on visual-textual inconsistencies.
MMIR (Yan et al., 2025) evaluated visual-text
mismatches in documents, while ErrorRadar (Yan
et al.,, 2024) benchmarked multimodal mathe-
matical reasoning errors, revealing a notable
gap between leading models and human experts.
MMMC (Zhang et al., 2025b) analyzed halluci-
nations caused by cross-modal conflicts and com-
pared mitigation strategies such as prompt engineer-
ing and fine-tuning. Additional studies examined
model robustness to multimodal distractions (Liu
et al., 2025; Shu et al., 2025).

However, existing benchmarks largely depend
on explicitly specified conflicts or instructions and

rarely evaluate whether models can autonomously
identify cross-modal flaws, missing information, or
invalid premises. This limits their applicability to
real-world settings, where inputs are often noisy or
contradictory. Our work addresses this gap by sys-
tematically evaluating proactive multimodal input
scrutiny.

2.2 Modality Preference in LMMs

A growing body of evidence shows that multimodal
large language models exhibit strong modality pref-
erences, which hinder effective cross-modal reason-
ing and contribute to hallucinations (Chen et al.,
2024; Zhou et al., 2024; Min et al., 2024) and
degraded error detection performance (Yan et al.,
2024).

To study this phenomenon, (Zhang et al., 2025a)
proposed the MCC? benchmark, demonstrating con-
sistent modality bias across 18 MLLMs and explor-
ing methods to steer such preferences. (Dong et al.,
2025) showed that recognition accuracy drops
sharply from unimodal to multimodal settings due
to cross-modal attention imbalance. (Zheng et al.,
2025) further analyzed the causes and implications
of modality bias.

Unlike prior work that mainly considers im-
age—text conflicts, our dataset covers a broader
range of multimodal error types. Beyond confirm-
ing the prevalence of modality preference, we ana-
lyze its relationship with models’ proactive input
scrutiny ability, providing a new perspective on
multimodal robustness.

3 The ISEval Framework

3.1 Preliminaries

The input to an LMM is denoted as I, with textual
input specified as I; and visual input as [,. To
evaluate the input scrutiny capability of LMMs, we
construct erroneous inputs I, by rewriting I; and
implanting seven types of predefined errors e into
it separately.

Notably, for certain error types, inconsistencies
may arise between visual and textual inputs when
Je € I,,d € I; where ¢ L . This condition
indicates that at least one semantic concept ¢ from
the visual input logically contradicts a semantic
concept ¢ from the textual input. Such cases are
categorized as Cross-Modal Inconsistency, a spe-
cific error type characterized by direct conflicts in
semantic or factual information between I,, and I;.

A model is considered to possess input scrutiny
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Figure 2: Schematic illustration of the dataset construction and evaluation pipeline. (A) The question synthesis
pipeline: original questions are rewritten by GPT-40 to implant predefined false premises, followed by filtering by
human annotators to ensure quality. (B) Dataset distribution across error types and variants. (C) The evaluation
pipeline: model-generated answers are first evaluated by o3 and then verified through manual checks to ensure

accurate assessment of input scrutiny ability.

capability under current flawed input /. when its
output A identifies the implanted error e without
relying on explicit prompting to check for errors.

3.2 False Premise Taxonomy

To comprehensively assess LMMSs’ proactive input
scrutiny capabilities, we developed a broad-ranging
error classification system based on MathClean
(Liang et al., 2025), which comprises three major
categories and seven sub-categories of errors for
constructing erroneous inputs /.

3.2.1 Expression Error

Expression errors pertain to issues in the formula-
tion or clarity of I;’s language or references, pre-
venting the model from correctly interpreting the
given information.

Unclear Citation : In multimodal prompts, the
failure of I; to explicitly specify the referent ob-
ject (specific entities mentioned in text, particular
elements within I,,) prevents the model from ac-
curately identifying the target subject. This am-
biguity leads to comprehension defects, such as
vague understanding or multiple interpretations of
the prompt’s intent. It does not involve direct con-
flicts between modalities but merely obscures the
textual basis for problem-solving.

Grammatical or Wording Error : I; containing
grammatical inaccuracies (faulty sentence struc-
tures, incorrect unit conversions) or inappropriate
word choices (semantically contradictory expres-

sions) impede the model’s accurate understand-
ing of the stated preconditions. Consequently,
the model is unable to derive correct answers due
to misinterpreting I.. This error type belongs to
Cross-Modal Inconsistency because the flawed ex-
pressions in I; can conflict with the semantic con-
cepts presented in I,,.

Misuse Confusion : This category specifically
highlights instances where I; uses terms improp-
erly (including professional terms and basic con-
cept terms), describing objects with incorrect ter-
minology, leading to premise errors and interfering
with the model’s understanding. This error type
is classified as Cross-Modal Inconsistency as the
incorrect terminology in I; contradicts the actual
concepts reflected in I,,.

3.2.2 Conditional Error

Conditional errors arise when the conditions pro-
vided in I; are flawed, incomplete, or contradictory,
making it impossible for the model to establish a
valid basis for its response.

Irrelevant or Incorrect Condition I; in-
cludes content or conditions extraneous to problem-
solving (supplementary information that does not
influence the final answer), which can interfere
with the model’s ability to identify core conditions
in I, potentially leading to misdirection. It does
not constitute a cross-modal contradiction.

Lacking Condition : In I, lacks necessary con-
ditions for deriving the correct answer (information



missing from I; but present in I,,, or entirely absent
from both [; and I,), rendering it impossible for
the model to directly compute or infer the required
solution. This error type is a form of Cross-Modal
Inconsistency. From the perspective of content in-
tegrity, it conflicts with the conditions required for
normal problem-solving, and thus can be consid-
ered conflicting with the situation where problem-
solving is carried out based on complete conditions
combined with images.

Exclusive Condition : I; presents two or more
conditions that cannot hold simultaneously (con-
flicting values for the same attribute), creating con-
tradictions that prevent the model from establishing
a consistent premise in I, and thus obtaining a valid
answer. This error type falls under Cross-Modal
Inconsistency as the mutually exclusive conditions
in I; may clash with the unified information shown
in I,.

3.2.3 Reasoning Error

Reasoning errors involve flaws in the logical struc-
ture or guidance provided in Iy, which can lead
the model down an incorrect path of deduction or
calculation.

Misguided Logic : [; contains erroneous rea-
soning steps or flawed logical guidance (incorrect
formulas, inverse logical sequences) that mislead
the model. This causes the model to perform calcu-
lations or deductions based on an incorrect logical
framework for /., inevitably resulting in inaccu-
rate outcomes. It does not involve cross-modal
contradictions.

Ultimately, the False Premise Taxonomy offers
a comprehensive set of errors designed to test a
multimodal model’s ability to scrutinize its inputs.
These errors, classified into Expression, Condi-
tional, and Reasoning types, are intended to expose
vulnerabilities in a model’s comprehension, con-
sistency checking, and logical deduction. Notably,
Grammatical or Wording Error, Misuse Con-
fusion, Lacking Condition and Exclusive Con-
dition can also present as Cross-Modal Inconsis-
tencies, where conflicts arise between textual and
visual information.

3.3 Overview of Data Construction

To systematically evaluate the premise-critical abil-
ity of LMMs when dealing with erroneous mul-
timodal inputs, we construct the ISEval-dataset.

The core details of this dataset are elaborated as
follows:

3.3.1 Data Variants and Distribution

In variant design, adhering to a comparative eval-
uation logic, each base question with a predefined
error is generated into two types of erroneous input
variants:

Errorneous inputs without inslicit instructions
(I7™%): This variant directly assess the model’s
ability to autonomously identify erroneous infor-
mation without instruction. Performance on I
intuitively reflects the model’s inherent premise-
scrutiny capability.

Errorneous inputs with inslicit instructions
(I*): This variant append an inslicit prompt
("check for premise errors") to the erroneous in-
put, serving as a compare benchmark. By compar-
ing results on I and I""*, we can determine
whether the model relies on external guidance or
possesses independent reasoning ability in premise
evaluation, clarifying the logic underlying its anal-
ysis.

For dataset distribution, to ensure comprehen-
siveness and reliability, we synthesized 300 inputs
for each error type. The total number of inputs
in ISEval-dataset is thus calculated as: 7 (error
types) x 300 (inputs per type) x 2 (variants: I
and I;7%) = 4200. This scale can not only cover
diverse evaluation scenarios but also meet the con-
fidence requirements of statistical analysis.

3.3.2 Data Sampling and Synthesis

We employed two commonly used datasets, Math-
Vision (Wang et al., 2024a) and MathVista (Lu
et al.,, 2023), as the basic data sources. For
each error type, we randomly sampled from these
two datasets and then used a few-shot prompting
method to drive the large model to generate sam-
ples corresponding to the error type. All synthe-
sized samples have undergone strict manual review
to ensure they conform to the defined error type
and the expected evaluation standards until the pre-
determined number of questions is achieved.

3.4 Evaluation Metrics

To systematically evaluate model responses to in-
structions with false premises, we define the fol-
lowing metrics for evaluating models’ outputs:



Spontaneous Error Detection Rate (SEDR)
This metric denotes the proportion of cases where
a model independently identifies and flags inaccu-
racies in input premises without external guidance,
calculated as:

Nsg
N

—ins
Ie

SEDR =

(D

where Ngp represents the number of instances
with successful spontaneous error identification,
and N [ins denotes the total number of erroneous
inputs without explicit guidance.

Guided Error Detection Rate (GEDR) This
metric measures the percentage of scenarios where
a model successfully recognizes and specifies prob-
lematic premises upon explicit instructions to "ver-
ify premise accuracy," with the formula:

Ncg
N

]:—ins

GEDR =

2

where Ngp stands for the number of instances
with successful error identification under prompt-
ing, and N [ins corresponds to the total number of
erroneous inputs with explicit instructions.

Modality Trust Preference Score (MTPS) This
quantifies a model’s tendency to prioritize visual
or textual information amid image-text inconsisten-
cies, expressed as symmetric scores for modality
preferences:

MTPS = (Py, Pr) (3)

For calculation, an LMM evaluator categorizes
model responses to erroneous inputs into three
types: image preference, text preference, or no
preference. Py, and Pr respectively represent the
proportions of image-preferring and text-preferring
responses relative to the total number of erroneous
inputs with inter-modal contradictions (N7, ):

Ny
Py =Y 4
1% Ny “4)
Np
P = —
=N, 5

Here, Ny and Np denote the counts of image-
preferring and text-preferring responses respec-
tively, while N, encompasses all such erroneous
inputs (including those classified as "no prefer-
ence").

4 Experiment

4.1 Evaluation Setup

We evaluate a total of 10 LMMs under few-shot set-
tings, including 4 closed-source and 6 open-source
models. Detailed descriptions of the models and
the experimental setup are provided in Appendix A.

4.2 Main Results
Overall Results.

We systematically evaluated three core capabili-
ties of LMMs: Spontaneous Error Detection Rate
(SEDR), Guided Error Detection Rate (GEDR)
and Modality Trust Preference Score (MTPS). For
SEDR in Table 1, most models exhibited limited
autonomous scrutiny of flawed premises. GPT-
40 achieved only 4.71% SEDR, and InternVL3-
38B-Instruct scored 3.67%—indicating minimal
proactive identification of errors without explicit
prompting. Top performers like Gemini 2.5 pro
(21.95%) and Grok 3 (15.14%) showed marginal
improvements but still reflected restricted sponta-
neous critical reasoning. In contrast, GEDR shows
marked performance gains when models received
explicit verify premise accuracy prompts. Grok
3 (58.14% GEDR) and Gemini 2.5 pro (57.72%
GEDR) demonstrated stronger critique abilities
under guidance, with GPT-40 reaching 55.14%
GEDR. This proactive - assisted performance gap
reveals a critical shortfall: most LMMs possess
latent critique capabilities but fail to activate them
autonomously, relying heavily on explicit prompt-
ing to identify flawed inputs.

Error Types Performance.

Table 1 details the SEDR and GEDR for seven er-
ror subcategories, revealing variations in LMMs
ability to identify different input flaws. Models
demonstrate peak proficiency in identifying logical
fallacies in both spontaneous and guided detec-
tion, with top performers achieving over 80% suc-
cess in detecting Misguided Logic when prompted.
This divergence reveals that sophisticated logical
analysis capacity remains inaccessible without ex-
plicit instruction. Performance declines moderately
for Surface-Level Linguistic Errors, where guided
detection proves reasonably effective but sponta-
neous recognition remains the lowest among all
categories, confirming that grammatical nuances
rarely trigger autonomous scrutiny despite their
rule-based nature. Detection rates drop substan-
tially for Irrelevant or Incorrect Conditions, which



Expression Error

Conditional Error Reasoning Error

X Grammatical Irrelevant
Model Metric Unclear or Misuse or Lacking | Exclusive Misguided Avg
Citation | Wording | Confusion | Incorrect | Condition | Condition Logic
Error Condition
| SEDR | 3.33 1.00 433 | 0.0 433 333 | 16.67 | 471
GPT-40 |GEDR| 5533 5633 6400 | 3000 4800 3900 | 8433  [55.14
| SEDR | 6.00 4.00 300 | 267 2.67 400 | 36.67 | 8.43
Claude Sonnet 4 |GEDR| 4133 3367 4267 | 3167 3367 2533 | 6533  [39.10
| SEDR | 23.67 13.67 21.00 | 14.33 16.67 1333 | 5100 | 21.95
Gemini 2.5 pro |GEDR | 66.00 5033 6167 | 69.00 4567 2767 | 8367  |5172
| SEDR | 13.33 14.67 1433 | 367 1433 7.67 | 3800 @ |15.14
Grok 3 |GEDR| 61.00 5567 6167 | 60.67 5800 2900 | 8100  |58.14
| SEDR | 3.33 1.67 200 | 033 233 167 | 14.33 | 3.67
InternVL3-38B-Instruct | GEpR | 2633 26.33 2733 | 1067 2433 1700 | 5500|2672
| SEDR | 533 1.67 200 | 200 2.33 267 | 2533 | 5.90
Qwen2.5-VL-32B-Instruct | GppR | 2400 15.00 2333 | 1467 800 933 | 4100  |19.33
| SEDR | 3.00 4.67 367 | 133 3.33 1.67 | 2167 | 5.62
aya-vision-32b |GEDR | 46.67 5667 5000 | 3667 5167 3100 | 6767  |48.62
| SEDR | 2.00 2.00 167 | 133 5.00 0.67 | 15.67 | 4.05
Llama-3.2-11B-Vision-Instruct | gppg | 1600 20.00 2300 | 1400 2233 1667 | 4000  |2171
| SEDR | 3.00 2.67 533 | 167 433 133 | 13.00 | 4.48
Qwen25-VL-7B-Instruct - GppR | 3167 32.33 3167 | 2200 3400 1500 | 4933 |3086
| SEDR | 3.67 4.00 400 | 233 5.00 1.00 | 1733|533
aya-vision-8b |GEDR| 3033 3633 3133 | 2667 5267 1600 | 5200  |3505

Table 1: Spontaneous Error Detection Rate (SEDR) and Guided Error Detection Rate (GEDR) of 10 Large Multi-
modal Models across seven error subcategories, encompassing Expression Errors (Unclear Citation, Grammatical
or Wording Error, Misuse Confusion), Conditional Errors (Irrelevant or Incorrect Condition, Lacking Condition,
Exclusive Condition), and Reasoning Error (Misguided Logic). The maximum value and the next largest value of
each task are indicated by the bold and underlined text, respectively.

exhibit the weakest guided performance across
models, while Exclusive Conditions show consis-
tently poor results in both detection modes.

Modality Trust Preferences.

The Modality Trust Preference Score (MTPS) re-
sults in Table 2 reveal systematic and context-
dependent shifts in modality reliance across models.
Under cross-modal inconsistency—where image
and text content diverge—most models increase
their reliance on visual input, suggesting an effort
to resolve semantic conflict by prioritizing image-
based grounding. For example, Gemini 2.5 Pro
allocates 63.42% of its attention to vision in con-
flicting contexts, while Claude Sonnet 4 and GPT-
40 also exhibit visual-preferred MTPS distributions.
However, this trend is not universal. Several mod-
els, particularly those with smaller architectures
or limited training data, display persistent textual
dominance even under contradiction. Notably, aya-
vision-8b maintains a strong text preference un-
der inconsistency, while Qwen2.5-VL-7B-Instruct

and Llama-3.2-11B-Vision-Instruct also show near-
balanced or text-skewed MTPS. In contrast, under
no cross-modal inconsistency, all models shift to-
ward greater textual reliance, regardless of their
prior visual weighting. This includes models previ-
ously more balanced or visual-biased. These shifts
indicate a general tendency to treat text as the pri-
mary reference modality in congruent input sce-
narios. Taken together, the MTPS suggest that
higher-capacity models are more likely to modu-
late modality trust in response to semantic con-
text—favoring vision for disambiguation during
inconsistency and defaulting to text when input
modalities agree. Conversely, smaller or less adap-
tive models tend to apply fixed modality weights,
limiting their ability to resolve multimodal contra-
dictions effectively.

4.3 Detailed Analysis

A striking disparity emerges between spontaneous
and guided error detection performance across all
models. Without explicit prompts to verify in-



Model

Cross-Modal
Inconsistency

no Cross-Modal
Inconsistency

|SEDR GEDR ~ MTPS

|SEDR GEDR ~ MTPS

GPT-40 3.25 51.83 54.84/44.00| 6.67 59.55 35.67/63.56
Claude Sonnet 4 342 33.84 59.58/39.42| 15.11 46.11 38.34/61.11
Gemini 2.5 pro 16.17 46.34 63.42/35.50|29.67 72.89 46.00/53.34

Grok 3 1275 51.08 41.00/56.17|18.33 67.56 28.11/71.00

InternVL3-38B-Instruct
Qwen2.5-VL-32B-Instruct
aya-vision-32b
Llama-3.2-11B-Vision-Instruct
Qwen2.5-VL-7B-Instruct

1.92
2.17
3.34
2.34
3.42
3.50

23.75
13.92
47.34
20.50
28.25
34.08

46.92/48.83
51.25/46.75
30.92/66.25
38.58/59.67
49.17/46.58
26.67/69.59

6.00
10.89
8.67
6.33
5.89
7.78

30.67
26.56
50.34
2333
3433
36.33

35.33/61.78
33.11/65.89
21.89/77.00
24.11/74.55
32.22/64.33
15.33/82.67

aya-vision-8b

Table 2: 10 Large Multimodal Models’ performance
under cross-modal inconsistency and no cross-modal
inconsistency, including SEDR, GEDR, and MTPS. The
maximum value and the next largest value of each task
are indicated by the bold and underlined text, respec-
tively.

puts, even top-performing models like Gemini-
2.5-Pro achieve a SEDR of only 21.95%, while
most models (e.g., GPT-40, InternVL3-38B) score
below 5%. This gap mirrors prior observations
in LLMs, where models passively accept flawed
premises without challenge (Gao et al., 2024; Li
et al., 2025b). Our work systematically extend this
finding to the multimodal domain, showing that
LMMs also struggle to identify flawed inputs in the
absence of external guidance—even when given ac-
cess to visual context. This suggests that the added
complexity of cross-modal alignment may further
suppress spontaneous scrutiny.

While (Deng et al., 2025) revealed that vision-
language models often exhibit a default bias to-
ward textual input—even when textual and visual
modalities conflict—suggesting a tendency toward
blind faith in text, our findings uncover a more nu-
anced picture. Specifically, our analysis reveals that
while most models do favor text in non-conflict sce-
narios, some large, closed-source models exhibit
dynamic shifts in modality trust when faced with
image-text contradictions. For example, Gemini
2.5 pro increases its reliance on visual information
in contradiction-rich tasks, indicating a capacity
for activating visual scrutiny. In contrast, smaller
models like aya-vision-8b remain text-dominant
regardless of conflict, supporting the idea that ar-
chitectural scale and training sophistication play
key roles in adaptive modality trust. This diver-
gence from prior work highlights the importance of
evaluating models not only for static biases but also
for context-sensitive trust adjustments, which are
critical in real-world applications requiring cross-
modal validation.

In terms of Modality Trust Preference, models
display differing tendencies in resolving conflicts
between visual and textual inputs. Aya-Vision-
8B and LLaMA-3.2-Vision show a strong prefer-
ence towards text, with preferences of 75.19% and
66.05%, respectively, suggesting an over-reliance
on language for conflict resolution. Conversely,
models like Gemini-2.5-Pro and Qwen2.5-VL-32B
exhibit a more balanced modality trust, as indicated
by image preference scores above 50%, reflecting
some integration of visual reasoning.

Most critically, Cross-Modal Conflict Reasoning,
our most challenging metric, assesses a model’s
ability to accurately detect, clarify, and resolve
semantic inconsistencies across modalities. Per-
formance in this area remains generally low, un-
derscoring the limited capacity of current mod-
els for nuanced multimodal integration. Only
Gemini-2.5-Pro (48.19%) and Grok-3 (44.52%)
achieve modest scores, while open-source mod-
els like Qwen2.5-VL-32B (14.14%) and LLaMA-
3.2-Vision (11.52%) perform significantly worse.
These results imply that beyond merely identify-
ing conflicts, most models struggle to articulate
or reason through them in a grounded, modality-
aware manner. Further discussion about practical
implications are provided in Appendix C.

5 Conclusion

This study addresses the underexplored question
of whether Large Multimodal Models (LMMs) can
actively recognize faulty inputs by introducing the
Input Scrutiny Ability Evaluation Framework (ISE-
val), which includes seven flawed premise cate-
gories and relevant metrics to assess LMMs’ input
scrutiny capabilities . Our evaluation of 10 ad-
vanced LMMs via ISEval reveal key limitations:
most models show low Spontaneous Error Detec-
tion Rates (SEDR) but improved Guided Error De-
tection Rates (GEDR) with explicit prompts, indi-
cating reliance on external guidance. Modality trust
varies—Gemini 2.5 pro and Claude 4 balance vi-
sual and textual info, while aya-vision-8b and Grok
3 over-rely on text in conflicts. These findings high-
light the need to enhance LMMs’ proactive input
validation. ISEval provides a benchmark, offer-
ing insights to guide development of more reliable
multimodal systems .



Limitations

Although ISEval provides a structured bench-
mark for evaluating multimodal input scrutiny,
our dataset is constructed on top of existing vi-
sion—language benchmarks and focuses on con-
trolled, manually verified false premises. As a
result, it may not fully reflect the diversity and
complexity of naturally occurring erroneous inputs
in open-ended real-world scenarios.

In addition, our evaluation is conducted in a
black-box setting and primarily assesses model be-
havior at the output level. While this setup aligns
with practical usage, it does not offer insights into
internal reasoning mechanisms. Finally, due to re-
source and access constraints, the evaluated model
set is not exhaustive, and future work may extend
ISEval to broader model families and domains.
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A Details of Experimental Setup

Evaluated Models

We evaluate a total of 10 LMMs, including 4 closed-
source and 6 open-source models spanning various
architectures and parameter scales.For the closed-
source models, we include GPT-40 (Hurst et al.,
2024), Claude Sonnet 4 (Anthropic, 2025), Gem-
ini 2.5 pro (Google, 2025), Grok 3 (xAl, 2025).
For open-sourced models, we consider InternVL3-
38B-Instruct (Zhu et al., 2025), Qwen2.5-VL-
32B-Instruct, Qwen2.5-VL-7B-Instruct (Bai et al.,
2025), aya-vision-32b, aya-vision-8b (Cohere,
2025) and Llama-3.2-11B-Vision-Instruct (Meta,
2024). Response evaluation is performed with
03 (OpenAl, 2025) as an automated evaluator.

Evaluation Protocols

The benchmark includes questions with two dis-
tinct response formats: multiple-choice and open-
ended. For open-source models, we use the ver-
sions available on the ModelScope platform, with
generation settings adjusted for consistency across
evaluations. Specifically, InternVL3-38B-Instruct
is configured with a temperature of 0.0 to en-
sure deterministic output. For Qwen2.5-VL-7B-
Instruct, Qwen2.5-VL-32B-Instruct, Aya-vision-
8B, and Aya-vision-32B, we set the temperature
to 0.3, disable streaming responses, and adopt ran-
dom sampling where applicable. All other configu-
ration settings for these models follow their default
settings as released by the respective developers.
Llama-3.2-11B-Vision-Instruct is used with its de-
fault configuration. Additional details about the
evaluated models are provided in Appendix.

B Details of Prompt Template

Figures 1 to 7 present prompts for generating er-
roneous inputs corresponding to seven distinct er-
ror types. Figure 8 showcases the images associ-
ated with these prompts. Figures 9 to 11 provide
prompts for evaluating the input scrutiny ability of
models and their modality preferences.

C Practical Implications

Our findings have critical implications for the de-
ployment and development of LMMs in real-world
applications that demand robust reasoning and trust-
worthy outputs. The low Spontaneous Error De-
tection Rate (SEDR) suggests that current models
cannot reliably serve in high-stakes domains—such
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as healthcare, law, or scientific analysis—without
external guidance, as they often fail to challenge
flawed multimodal inputs without explicit prompts.

Moreover, the observed context-sensitive shifts
in modality trust among larger proprietary
models indicate that trust calibration mecha-
nisms—balancing reliance between modalities
based on task conditions—are feasible and poten-
tially learnable. This opens avenues for improving
model introspection and uncertainty awareness, al-
lowing LMMs to selectively emphasize more reli-
able modalities depending on situational cues.

The widespread deficiency in Cross-Modal Con-
flict Resolution Capability (CMCRC) further ex-
poses the fragility of current alignment-focused
LMM designs. In practical scenarios where incon-
sistencies between modalities are common—such
as misinformation detection, visual question an-
swering, or robotic perception—models must go
beyond semantic matching and develop reasoning
routines that adjudicate between conflicting inputs.

Finally, the performance gap between closed-
source and open-source models highlights an ur-
gent need to invest in open-access training pipelines
and benchmarks that explicitly target spontaneous
scrutiny and cross-modal reasoning. Without such
targeted improvements, open-source LMMs risk
being excluded from sensitive or reliability-critical
use cases.



Prompt for generating errorneous input of the Unclear Citation type

### Example

**kQuestion**: A set of 7 balls 1s shown below. The balls are arranged in two groups: one group contains 3 balls, and the other
contains 4 balls. Take out a set of 3 balls. How many balls remain in the set?

**Image**: |[Image]|(1images/prompt/1.jpg)

**Qriginal Premise**: Take out a set of 3 balls.

**Contradictory Premise**: One group of balls 1s removed.

**Conflict Reason**: The contradictory premise introduces ambiguity by not specifying which group of balls is removed.
This leads to two possible answers: either 4 balls remain (if the group with 3 balls is removed) or 3 balls remain (if the group
with 4 balls 1s removed).

**Recomposed Question**: A set of 7 balls 1s shown below. The balls are arranged in two groups: one group contains 3 balls,
and the other contains 4 balls. One group of balls is removed. How many balls remain in the set?

### Question

{question}

### Image

{image path}

##t# Task Instructions

You are required to **replace** the original premise in the given question with a contradictory premise.

1. **Identity the original premise** in the problem that is clear and logical.

2. **Write a contradictory premise** that conflicts with the original premise, leading to multiple answers.

3. **Explain why the contradictory premise causes confusion**, making the problem ambiguous or logically inconsistent.

4. **Insert the contradictory premise** into the question, replacing the original premise, but **before the query**.
**Important**:

- If the question does not contain an obvious premise that can be contradicted, feel free to **extract a useful premise from the
image™**.

“json

i

"recomposed question":"...",

wowoom

"contradictory premise":"...",

[T

"conflict reason":"...

I

Figure 3: Prompt for generating erroneous input of the Unclear Citation type
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Prompt for generating errorneous input of the Grammatical or Wording Error type

### Example
**Question®**: A car travels at 60 km/h for 2 hours. How far does the car travel?

**[mage**: ![Image](images/prompt/2.jpg)
**Qriginal Premise**: The car travels at 60 km/h for 2 hours.
**Contradictory Premise**: The car travels for 60 m and 2 hours.

*%Conflict Reason**: The contradictory premise incorrectly states "travels for 60 km/h" instead of specifying the speed and
time in a clear manner. This creates a syntactical error, making the question grammatically incorrect.

**Recomposed Question**: The car travels for 60 m and 2 hours. How far does the car travel?

### Question
{question}

### Image
{image path}

### Task Instructions

You are required to insert a grammatical error or misleading wording into the given question:

1. **Identify the original premise** that is clear and logical.

2. **Write a contradictory premise** that introduces grammatical mistakes, such as improper phrasing or misplaced units.
3. **Explain why this incorrect wording or grammar causes confusion** and makes the problem unsolvable or ambiguous.
4. **Insert the contradictory premise** into the question, replacing the original premise, but **before the query**.

**[mportant**:
- If the problem does not contain an obvious premise that can be contradicted, feel free to **extract a useful premise from the
image**.

*'json
i
"recomposed_question":"...",

noroon
(LR}

"contradictory_premise":

"conflict_reason":"...
1
\_ J

Figure 4: Prompt for generating erroneous input of the Grammatical or Wording Error type
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Prompt for generating errorneous input of the Misuse Confusion type

### Example
**kQuestion**: A square has a side of 10 cm. What is the perimeter of the square?

**Image**: I[Image](images/prompt/3.jpg)
**QOriginal Premise**: The square has a side of 10 cm.
**Contradictory Premise®*: The square has a radius of 10 cm.

**Conflict Reason**: The term "radrus" 1s mncorrectly used for a square. "Radius" 1s a concept that applies to circles, not
squares, making the premise mcorrect and causing contusion in solving the problem.

**Recomposed Question**: A square has a radius of 10 cm. What 1s the perimeter of the square?

### Question
{question}

### Image
{image path}

### Task Instructions

You are required to insert a contradictory premise imnto the given question:

1. Identify a technical term, jargon, or concept that is used incorrectly in the problem.

2. Write a contradictory premise that misuses or misapplies a concept or term.

3. Explain why this misuse of terminology or concept makes the problem impossible to solve or leads to confusion.
4. Insert the contradictory premise nto the question, replacing the original premise, but **before the query**.

**Important™*:
- If the problem does not contain an obvious technical misuse, feel free to **extract a useful technical term from the image**.

"yson

"recomposed_question":"...",
W

"contradictory premise":
"conflict_reason":"...

33
" y

Figure 5: Prompt for generating erroneous input of the Misuse Confusion type
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rompt for generating errorneous input of the Irrelevant or Incorrect Condition type

### Example
*#*Question**: A store sells pencils at $2 each. If you buy 5 pencils, how much will it cost?

**Image**: |[Image](i1mages/prompt/4.jpg)
**QOriginal Premise**: Each pencil costs $2.
**Contradictory Premise**: The store also sells pens for $3 each, and the store is located on 5th Avenue.

**Conflict Reason**: The contradictory premise introduces irrelevant details about pens and the store's location, which do not
affect the calculation of the cost for the pencils. Furthermore, the price of pens is incorrectly introduced as $3, which has no
relevance to the pencil pricing question and distracts from the solution.

**Recomposed Question**: A store sells pencils at $2 each. If you buy 5 pencils, how much will it cost? The store also sells
pens for $3 each, and the store 1s located on 5th Avenue.

### Question
{question}

### Image
{image path}

### Task Instructions

You are required to insert a contradictory premise into the given question:

1. **Identify the original premise** that clearly gives relevant information for solving the problem.

2. **Write a contradictory premise** that adds **irrelevant details**. These details should mislead the model and make the
problem harder to solve.

3. **Explain why this added information** does not change the solution but makes the problem unnecessarily complicated
and possibly incorrect.

4. **Insert the contradictory premise** into the question, but **before the query**.

**Important™®*:

- The contradictory premise must be **based on the image**, and clearly **irrelevant™*.

- The recomposed question must include both the original question and the inserted erroneous visual-based premise.
- Avoid altering the rest of the question in any way.

- Do not use assumptions—only extract actual visible but unrelated details.

. “jSOl’l

8
"recomposed question":"...",

"contradictory premise":"...",

"conflict reason":

i

J

Figure 6: Prompt for generating erroneous input of the Irrelevant or Incorrect Condition type
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Prompt for generating errorneous input of the Lacking Condition type

### Example
**Question**: A rectangle has a length-to-width ratio of 3:2, the length is 3cm. What is its area?

**Image**: |[Image](images/prompt/5.jpg)
**QOriginal Premise**: A rectangle has a length-to-width ratio of 3:2, the length is 3cm.
**Contradictory Premise**: A rectangle has a length-to-width ratio of 3:2.

**Conflict Reason**: The contradictory premise omits key details like the specific length and width, which are necessary for
calculating the area. Without these values, the area cannot be determined.

**Recomposed Question**: A rectangle has a length-to-width ratio of 3:2. What is its area?
### Task Instructions

Your task is to modify the original question by **replacing a key premise** with a contradictory one that **omits essential
information** required to solve the problem.

Steps:

1. Identify the premise in the question that provides **crucial information** necessary for solving the problem (such as a
numeric value, relationship, or rule).

- The omitted information must **not be visually inferable from the image**, so that the problem becomes **logically
incomplete and unanswerable**.
2. Replace that premise with a **contradictory version that omits this key information**. Do not include the original correct
premise in the recomposed question.
3. Ensure the rest of the question remains unchanged.
4. Clearly explain why the omission causes the problem to become **unsolvable** or logically incomplete.

Important:

- The contradiction must make the problem unsolvable (e.g., missing total, ratio, or specific value).

- Do not include both the original and the contradictory premises—only the **modified, mcomplete version** should appear
in the recomposed question.

### Question
{question}

##+# Image
{image path}

“*son

i

"recomposed question":"...",

wowoom

"contradictory premise":

"conflict reason":"...
33
\_ J

Figure 7: Prompt for generating erroneous input of the Lacking Condition type
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Prompt for generating errorneous input of the Exclusive Condition type

### Example
**Question**: A rectangular garden has a length of 12 m and a width of 8 m. What is its area?

**Image**: |[Image](images/prompt/6.jpg)
**Original Premise**: A rectangular garden has a length of 12 m and a width of § m.
**Contradictory Premise**: The length of the rectangle 1s 14 meters.

**Conflict Reason**: The contradictory premise provides a different value for the rectangle's length (14 meters), which
directly conflicts with the original premise (12 meters). These two values are mutually exclusive, making it impossible to
compute a single correct area.

**Recomposed Question**: A rectangular garden has a length of 12 meters and a width of 5 meters. The length of the
rectangle is 14 meters. What 1s its area?

### Question
{question}

### Image
{image path}

### Task Instructions (Task 6: exclusive_condition)

You are required to insert a **contradictory premise** into the given multimodal question. The contradiction must introduce a
mutually exclusive condition that makes the problem logically unsolvable or mnconsistent.

You must choose **one** of the following two contradiction types:

**Type A: Textual contradiction (Image-silent conflict)**:

1. Identify a premise already present in the text.

2. Create a contradictory premise that **directly conflicts** with the identified text premise.

3. Ensure the **contradiction is not visually verifiable** in the image — the image must **not support or contradict either
premise**.

4. Insert the contradictory premise **before the query**, and keep the original premise unchanged.

**Type B: Visual contradiction (Image-text conflict)**:

1. Observe the image and extract a clear visual fact (e.g., number of objects, color, shape, size).

2. Insert a **contradictory premise** that **conflicts with this visual fact**.

3. This premise can either **replace an existing one**, or be **inserted as a new contradictory condition™*.
4. The contradiction must be clear and **visually refutable**.

### Global Requirements:

- Insert the contradictory premise **before the query portion** of the question.

- Do **not modify the final query** or unrelated parts.

- The contradiction must lead to ambiguity, inconsistency, or an unsolvable condition.

- The language and style of the inserted premise should be consistent with the original question.

“*json

"recomposed question":"...",
W w

"contradictory premise":"...",
"conflict_reason":"..."

iy
\_ J

Figure 8: Prompt for generating erroneous input of the Exclusive Condition type
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Prompt for generating errorneous input of the Unclear Citation type

### Example
**Question**: A rectangular garden has a length of 10 m and a width of 4 m. A path is to be built along the perimeter of the
garden with a width of 1 m. What is the area of the path?

**Image**: |[Image](images/prompt/7.jpg)
**Qriginal Premise**: The garden is 10 m long and 4 m wide.

**Contradictory Premise**: Since the path runs along the perimeter and is 1 m wide, the new garden dimensions become (10
- 1) by (4- 1), and the area of the path 1s (10x4) - (9x3) = 13 m>.

**Conflict Reason**: The original premise is correct, but the **contradictory premise introduces a flawed intermediate
step**, incorrectly subtracting the path's width from the garden's dimensions instead of **adding** it outward. This causes a
false intermediate condition (inner rectangle 9x3), which misleads the entire calculation.

**Recomposed Question**: A rectangular garden has a length of 10 m and a width of 4 m. A path is to be built along the
perimeter of the garden with a width of 1 m. Since the path runs along the perimeter and 1s 1 m wide, the new garden
dimensions become (10 - 1) by (4 - 1), and the area of the path is (10x4) - (9x3) = 13 m* What is the area of the path?

### Question
{question}

### Image
{image path}

### Task Instructions
You are required to construct a **reasoning chain with a false mtermediate step**.

**Steps®*:
1. Identify a solvable math word problem with multiple-step reasoning (involving at least two premises).
2. Choose one **correct** premise that will be **misused** during the reasoning.
3. Construct a **false intermediate condition** from that premise using flawed logic or calculation.
4. Let the false mtermediate step participate m further reasoning in the question (e.g., area, volume, cost), leading to an
incorrect answer pathway.
5. The final recomposed question must contain:
- The correct original premise
- A flawed inference from it
- A further question requiring reasoning based on that flawed inference

**Important®*:

- The contradiction must lie in the **reasoning process**, not m the original data.

- The inserted flawed step should look **plausible to a non-expert®*.

- **Image elements may be referenced** to support or mislead in this reasoning chain.

- ‘jSO]’l

"recomposed question":"...",
"contradictory_premise":"...",
"conflict reason":"..."

I
\_

Figure 9: Prompt for generating erroneous input of the Unclear Citation type
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Figure 10: Prompt Template Images

Prompt for evaluating LMMs’ Spontaneous Error Detection

Task: Evaluate whether the model proactively identified a contradiction in the premise without being explicitly prompted.

### Input
Contradictory premise (from the original question):
{kwargs.get('conflict_info', ")}

Model's answer:
{kwargs.get(‘answer _to_ill', ")}

### Evaluation Criteria

1. Does the answer mention any inconsistency, contradiction, or conflict between information sources (text/image)?
2. Is the conflict described clearly and logically?

### Output Format
Please strictly output a JSON object:

"
13

"detected": true or false

Figure 11: Prompt for evaluating LMMs’ Spontaneous Error Detection
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Prompt for evaluating LMMSs’ Guided Error Detection

Task: Evaluate the model's response **after being prompted** with an explicit premise conflict.

### Input
Contradictory premise:
{kwargs.get('conflict info', ")}

Model's answer (after receiving the hint):
{kwargs.get('answer to ill with hint', ")}

### Evaluation Criteria
1. Does the answer acknowledge the conflict?

### Output Format
Please strictly output a JSON object:

{

"responded": true or false

i

Figure 12: Prompt for evaluating LMMs’ Guided Error Detection

Prompt for evaluating LMMs’ Modality Trust Preference

Task: Determine which modality the model preferred in its answer when text and image contradict each other.

### Input
Contradictory premise:
{kwargs.get('conflict_info', ")}

Model's answer:
{kwargs.get('answer_to 1ill', ")}

### Evaluation Criteria
1. Is the model's answer more aligned with the image content or the text content?
2. Choose exactly one:

- Image-based reasoning = image preference = 1

- Text-based reasoning = text preference =1

- Cannot determine clearly = both =0

### Output Format
Please strictly output a JSON object:
{
"image preference": 0 or 1,
"text_preference": 0 or 1

1

Figure 13: Prompt for evaluating LMMs’ Modality Trust Preference
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Model

Size

Model Link

Closed-Source Models

03 N/A https://openai.com/index/
introducing-o3-and-o04-mini/

GPT-40 N/A  https://platform.openai.com/docs/
models#gpt-40

Claude Sonnet 4 N/A  https:
//www.anthropic.com/news/claude-4

Gemini 2.5 Pro N/A  https://docs.cloud.google.com/
vertex-ai/generative-ai/docs/models/
gemini/2-5-pro

Grok 3 N/A  https://x.ai/news/grok-3

Open-Source Models

InternVL3-38B-Instruct 38B https://huggingface.co/OpenGVLab/
InternVL3-38B-Instruct

Qwen2.5-VL-32B-Instruct 32B https://huggingface.co/Qwen/Qwen2.
5-VL-32B-Instruct

Aya-Vision-32B 32B https://huggingface.co/CoherelLabs/
aya-vision-32b

Llama-3.2-11B-Vision-Instruct 11B https://huggingface.co/meta-11lama/
Llama-3.2-11B-Vision-Instruct

Qwen2.5-VL-7B-Instruct 7B https://huggingface.co/Qwen/Qwen2.
5-VL-7B-Instruct

Aya-Vision-8B 8B https://huggingface.co/CoherelLabs/

aya-vision-8b

Table 3: List of AI Models with Sizes and Links
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