V-FAT: Benchmarking Visual Fidelity Against Text-bias

Anonymous ACL submission

Abstract

Recent advancements in Multimodal Large
Language Models (MLLMs) have demon-
strated impressive performance on standard vi-
sual reasoning benchmarks. However, there is
growing concern that these models rely exces-
sively on linguistic shortcuts rather than gen-
uine visual grounding, a phenomenon we term
Text Bias. In this paper, we investigate the
fundamental tension between visual percep-
tion and linguistic priors. We decouple the
sources of this bias into two dimensions: In-
ternal Corpus Bias, stemming from statisti-
cal correlations in pretraining, and External
Instruction Bias, arising from the alignment-
induced tendency toward sycophancy. To quan-
tify this effect, we introduce V-FAT (Visual
Fidelity Against Text-bias), a diagnostic bench-
mark comprising 4,026 VQA instances across
six semantic domains. V-FAT employs a Three-
Level Evaluation Framework that systemati-
cally increases the conflict between visual ev-
idence and textual information: (L1) internal
bias from atypical images, (L2) external bias
from misleading instructions, and (L3) syner-
gistic bias where both coincide. We introduce
the Visual Robustness Score (VRS), a metric
designed to penalize "lucky" linguistic guesses
and reward true visual fidelity. Our evalua-
tion of 12 frontier MLLMs reveals that while
models excel in existing benchmarks, they ex-
perience significant visual collapse under high
linguistic dominance (Figure2).

1 Introduction

Recent Multimodal Large Language Models
(MLLMs) have achieved impressive performance
on downstream visual understanding tasks (Dai
et al., 2023; Liu et al., 2023; Zhu et al., 2023; Ye
et al., 2023; Hurst et al., 2024; Team et al., 2023;
Bai et al., 2023). However, a growing body of evi-
dence suggests that the intelligence of MLLMs may
be deceptively rooted in their linguistic prowess
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Figure 1: Textual bias sources in MLLMs: (1) Internal
Corpus Bias via pretraining correlations, and (2) Ex-
ternal Instruction Bias via sycophancy to misleading
prompts despite visual evidence.

rather than a genuine grounding in visual real-
ity (Jain et al., 2025; Deng et al., 2025). This
phenomenon, often referred to as Text Bias, man-
ifests itself as a tendency for models to prioritize
linguistic patterns over actual pixel-level evidence,
leading to hallucinations and unreliable decision-
making in visual understanding scenarios (Li et al.,
2023b; Guan et al., 2024; Bai et al., 2024; Cui et al.,
2023).

In this work, we investigate the fundamental
questions: How will MLLMs handle text bias when
reasoning? And to what extent will MLLMs remain
faithful to the image? To further investigate this
problem, we categorized potential text bias into
two distinct, yet interacting dimensions (Figure 1):

1) Internal Corpus Bias. Existing research
indicates that Large Language Models (LLMs)
often rely on high-frequency statistical correla-
tions learned during large-scale text-only pre-
training (Han et al., 2024). Multimodal Large Lan-
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Figure 2: Holistic Performance Evaluation. Radar charts illustrating the (a) Accuracy and (b) Visual Robustness
Score (VRS) of 8 representative MLLMs across six metrics under three distinct bias levels (Level 1 - Level 3) for
both Multiple-Choice (MCQ) and Open-Ended (OE) formats.

guage Models (MLLMs) inherit these internal pri-
ors, biasing generation toward corpus-dominant
(high-probability) word sequences. When a visual
scene contains atypical visual attributes (e.g., un-
conventional colors or rare physical states), decod-
ing can override visual evidence in favor of the text-
based majority class (Song et al., 2023; Jain et al.,
2025; Lee et al., 2025). This phenomenon suggests
that the model’s output is heavily influenced by
the conditional probability P(text|corpus) rather
than being strictly grounded in the visual features
provided by the image encoder.

2) External Instruction Bias. The second
source of bias arises from the Alignment Para-
dox. To make models helpful and harmless, post-
training mechanisms like Supervised Fine-Tuning
(SFT) (Wei et al., 2021; Ouyang et al., 2022; Sanh
et al., 2021) and Reinforcement Learning from Hu-
man Feedback (RLHF) (Bai et al., 2022; Christiano
et al., 2017; Stiennon et al., 2020) incentivize mod-
els to follow human instructions closely. However,
this often induces Sycophancy, a tendency to agree
with the user’s stated or implied view, even when
that view is factually incorrect. In a multimodal
context, this manifests as the model "betraying"
its own visual encoders to maintain conversational
alignment with a misleading prompt (Sharma et al.,
2023; Wei et al., 2023; Hong et al., 2025).

While recent benchmarks (Guan et al., 2024;
Lee et al., 2025; Liu et al., 2024b; Li et al., 2023a;

Fu et al., 2025, 2024) expose visual hallucinations,
they lack the granular diagnostic capacity to decou-
ple these two bias sources and measure their inter-
action effects. This limitation obscures whether a
model’s failure stems from weak perception, strong
language priors, or alignment-induced compliance.

We present V-FAT, a holistic and specialized
vision-centric reasoning benchmark crafted to mea-
sure the visual fidelity of MLLMs under text bias.
V-FAT consists of 4,020 carefully curated VQA
problems, each verified and categorized by expert
annotators. Compared with existing evaluations,
V-FAT introduces two innovations:

* Three-Level Challenge Protocol: We pro-
pose a three-tier diagnostic framework that
progressively intensifies the conflict between
visual evidence and textual information. The
challenges are organized into three layers ac-
cording to the source and interaction of bias:
Layer 1 targets internal biases arising from
pretraining data (Li et al., 2023b; Hsieh et al.,
2023); Layer 2 probes vulnerability to exter-
nally injected misleading instructions (Guan
et al., 2024; Dang et al., 2025); and Layer
3 examines their joint effect when external
prompts reinforce the model’s internal priors.
This hierarchical design allows us to disentan-
gle distinct textual influences on visual input
and pinpoint the conditions under which vi-
sual accuracy breaks down.
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* Visual Robustness Score: To systematically
characterize the impact of textual bias on
model reliability, we introduce the Visual Ro-
bustness Score, a diagnostic metric that offers
a more fine-grained view than standard ac-
curacy (Liu et al., 2025c¢; Qiu et al., 2024).
Rather than treating all errors uniformly, VRS
differentiates models that remain grounded in
visual evidence from those that default to tex-
tual cues. By penalizing responses shaped by
misleading prompts or internal statistical pri-
ors, even when they are incidentally correct,
VRS quantifies the degree of visual fidelity un-
der conflicting signals. This metric provides a
granular assessment of the threshold at which
an MLLM ceases to be an objective observer
and reverts to being a linguistic predictor.

The contributions of this paper can be summa-
rized as follows: (1) We investigate text bias as
a primary issue of MLLMs in vision-centric rea-
soning and categorize the sources of conflict into
two verifiable dimensions: Internal Corpus Bias
and External Instruction Bias. (2) We introduce
V-FAT, a benchmark organized into three levels of
increasing difficulty, which allows us to measure
how different biases combine to affect model per-
formance. (3) We define the Visual Robustness
Score (VRS), a metric that evaluates how MLLMs
remain faithful to visual inputs despite image-text
inconsistency.

2 Related Works

2.1 Visual Hallucination Evaluation

Driven by visual instruction tuning, MLLMs have
demonstrated impressive capabilities in visual rea-
soning. However, they remain plagued by visual
hallucination, which severely constrains model re-
liability and safety in real-world applications, un-
derscoring the critical need for rigorous investiga-
tion (Liu et al., 2023; Li et al., 2023b; Zhang et al.,
2025). To evaluate visual hallucination in MLLMs,
diverse benchmarks have been established. Hallu-
sionBench (Guan et al., 2024) and MMStar (Chen
et al., 2024) pioneered the revelation that models
often neglect visual inputs, relying instead on lan-
guage priors for response generation. Building on
this, WHOOPS! (Bitton-Guetta et al., 2023) in-
troduced counterfactual synthetic images for stress
testing, while PhD (Liu et al., 2025a) and Illusion-
VQA (Shahgir et al., 2024) enriched evaluation

scenarios utilizing generative prompts and optical
illusions, respectively.

2.2 Text Bias and Language Priors

While the aforementioned benchmarks identify
where models fail, understanding why they fail
requires examining the interplay between visual
perception and linguistic priors. Words or Vision
(Deng et al., 2025) characterizes this as a "blind
faith in text", while CorrelationQA (Han et al.,
2024) identifies an "instinctive bias" driven by spu-
rious correlations. This tension is further formal-
ized as "Vision-Knowledge Conflict", where visual
reality explicitly contradicts internal parametric
knowledge (Liu et al., 2025b; Ortu et al., 2025).
To quantify this over-reliance, recent works, such
as VLind-Bench (Lee et al., 2025) and VFaith (Yu
et al., 2025), have proposed metrics to distinguish
between genuine reasoning on seen images and
the mere retrieval of language priors or previous
memories.

Although mitigation strategies such as dual-
attention mechanisms (Zhao et al., 2025) or at-
tention re-weighting (Liu et al., 2024a) have been
proposed, evaluating their effectiveness requires a
testbed that can isolate these conflicts. However,
existing benchmarks lack the granularity to decou-
ple visual evidence from linguistic shortcuts strictly.
Our work addresses this by constructing a system-
atic benchmark where linguistic priors are deliber-
ately pitted against visual evidence. By explicitly
disentangling visual perception failures from text
bias, our framework serves as a rigorous diagnos-
tic tool to pinpoint the precise boundary where
MLLMs revert to blind language modeling.

3 V-FAT

3.1 Benchmark Categories and Curation

V-FAT originates from approximately 800 counter-
factual image samples, which are filtered for visual
clarity and semantic validity, and expanded into a
total of 4,026 test instances. The resulting dataset
covers six fundamental subjects, including Environ-
ment (882), Physical (354), Social (318), Tempo-
ral (195), Biological (186), and Functional (36).
We build V-FAT upon two representative coun-
terfactual visual reasoning benchmarks, VLind-
Bench (Lee et al., 2025) and WEIRD (Rykov et al.,
2025), which provide complementary sources of
visual anomalies and commonsense violations.

To construct the evaluation set, MLLMs are used
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Figure 3: Hierarchical Diagnostic Protocol for Measuring Text Bias This framework illustrates how MLLMs respond
to escalating levels of linguistic interference. Level 1 identifies cases where internal pre-training associations override
atypical visual facts; Level 2 isolates alignment-induced sycophancy when facing false premises; and Level 3
examines the compounding effect of dual-source textual conflict against objective visual reality.

to convert each image—question pair into six testing
instances across two question formats (Multiple-
Choice and Open-Ended) and three evaluation lev-
els. To ensure consistency and reduce generation
bias, the automatically generated questions, answer
options, and contextual prompts are further vali-
dated by an independent critic model before inclu-
sion. The category distribution and representative
examples of V-FAT are reported in the Appendix.

3.2 The Three-Level Evaluation Framework

In this section, we detail the design and motivation
of our Three-Tiered Evaluation Framework (Fig-
ure 3). In this way we can explore how MLLMs
react to different levels of potential language priori-
ties. For each question, we perform two evaluation
formats respectively: Multiple-Choice to measure
discriminative robustness and Open-Ended to ac-
cess generative fidelity.

Level 1 evaluates internal bias stemming from
pretraining data by testing the model’s response
to visual anomalies without any external influence.
We pair an atypical image (e.g., unusual colors or
counts) with a neutral query. In the multiple-choice,
the model must select between the visual fact and
a common-sense alternative; in the open-ended for-
mat, the model is asked to describe the attribute in
a neutral manner. This level establishes a baseline
for how often learned associations override visual

input. This level identifies cases where the model
defaults to training-data expectations rather than
reporting what is actually present in the image.

Level 2 isolates the impact of external
instruction-level bias to determine how model
compliance affects visual reporting. We use stan-
dard images that match common expectations but
introduce a misleading prompt that explicitly as-
serts a false visual premise. In Multiple-Choice,
the model selects between the observed image and
the prompt’s false assertion; in Open-Ended, it ex-
plains the scene under that false premise. The mo-
tivation for Level 2 is to measure "instructional
compliance", the tendency of a model to follow a
user’s prompt even when it contradicts the visual
evidence. This allows us to assess the degree to
which a model’s training to be helpful and follow
instructions compromises its ability to remain fac-
tually accurate to the image.

Level 3 investigates the synergistic effect be-
tween internal and external biases serving as the
most difficult challenge in our benchmark. We con-
struct a conflict where an atypical image is paired
with a misleading prompt that explicitly reinforces
the model’s pre-trained statistical associations. In
this setting, both internal knowledge and external
instruction align against the visual facts. The moti-
vation is to test whether the two bias sources am-
plify each other rather than acting independently.



Table 1: Main Experimental Results (Accuracy). We report the Mean Accuracy (Acc) for Multiple-Choice and
Open-Ended formats across three levels of textual bias. Level 1 evaluates internal corpus priors, Level 2 evaluates
external instruction bias, and Level 3 evaluates their synergistic effect. Bold values indicate the best performance

within each category.

Multiple Choice (MCQ) Open-Ended (OE) Average Acc.
Model Size i 12 L3 L1 L2 L3 MCQ OE

Acct Acct Acct AcctT Acct Acct mAcctT mAcct
Proprietary
GPT-5.1 (OpenAl, 2025) - 7748 8311 77.15 6854 7848 65.56 79.25 70.86
Seed 1.6 (ByteDance Seed Team, 2025) - 62.25 69.87 50.66 57.62 6291 44.37 60.93 54.97
Gemini-3-Flash (Gemini Team, 2025) - 92.05 78.81 9536 8046 71.19 7748 88.74 76.38
Claude-Haiku-4.5 (Anthropic, 2025) - 66.23 59.60 5497 6225 64.57 49.01 60.26 58.61
Open-Source
Gemma-3 (Team et al., 2025) 12B 5397 4636 4040 56.62 60.93 47.68 4691 55.08
Qwen3 VL (Bai et al., 2025a) 8B 80.13 77.15 74.17 70.53 4834 61.59 77.15 60.15
Qwen3 VL-Thinking (Bai et al., 2025a) 8B 75.83 73.84 7450 67.72 44770 59.93 74.72 57.28
GLM 4.6v (ZhipuAl, 2025) 106B  77.81 80.13 7483 69.21 50.00 59.60 77.59 59.60
InternVL3 (Zhu et al., 2025) 78B  66.89 7152 6589 6391 65.23 53.64 68.10 60.93
Qwen2.5 VL (Bai et al., 2025b) 7B 79.14 7417 7384 67.88 4040 58.61 75.72 55.63
Qwen2.5 VL (Bai et al., 2025b) 32B  80.13 80.13 7848 70.53 4570 58.94 79.58 58.39
Qwen2.5 VL (Bai et al., 2025b) 72B  80.46 8543 8245 73,51 5596 63.25 82.78 64.24

By comparing the error rates in Level 3 to the pre-
vious levels, we can quantify the degree to which
a dual-source textual conflict leads to a more sig-
nificant failure in visual accuracy than either bias
source acting alone.

3.3 Visual Robustness Score

Standard evaluation metrics, such as Top-1 Accu-
racy, often fail to capture the nuanced failure modes
of Multimodal Large Language Models (MLLMs)
under textual pressure. To address this, we intro-
duce the Visual Robustness Score (VRS), a di-
agnostic metric designed to quantify the balance
between a model’s visual grounding and its resis-
tance to textual bias.

Motivation. In our tiered challenge, a model’s
response can be categorized into three outcomes:
(1) Correct, (2) Trap-conforming (matching the
suggested bias), or (3) Other error (incorrect but
independent of the bias). A robust model must not
only maintain high accuracy but also demonstrate
Anti-Sycophancy—the ability to reject incorrect
textual suggestions.

Formula. We utilize the harmonic mean to com-
bine these objectives. Unlike the arithmetic mean,
the harmonic mean penalizes models that achieve
accuracy by "guessing" in alignment with text pri-
ors or those that are highly accurate in neutral
settings but completely succumb to misleading
instructions. The VRS effectively measures the
threshold of Visual Fidelity, ensuring that a high

score is only possible when a model is both factu-
ally correct and textually independent. For a layer
L,, containing N samples, we define the following
constituent metrics:

1. Mean Accuracy (mAcc): The proportion
of samples where the model prediction g;
matches the visual ground truth y;:

N

1 R

mAccy, = N E (g = i) -
=1

ey

2. Mean Textual Dominance Score (mTDS):
The proportion of samples where model’s
prediction matches the incorrect textual trap

ytrap:
N

1 .
mTDSy, = + Zl (G = Yrap) - (2)
1=
3. Resistance (R): The rate at which the model
avoids the textual trap, regardless of whether
the final answer is correct. This is defined as:
Rp, =1—mTDSy, . 3)

The Global Visual Robustness Score (VRS)
for layer L,, is formulated as the harmonic mean
of Accuracy and Resistance:

mAccy, - Ry,
VRS, =2 ———M——. 4
L mAccr, + Rr, @

By substituting the definition of Resistance, the
expanded formula is:

A (1 —mTD
VRS, =2 mAccy, - (1 —mTDSy,)

"mAccr, 4+ (1 —mTDSy,) )




Visual Robustness Score (VRS) Across Evaluation Levels
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Figure 4: Comprehensive VRS performance of proprietary and open-source MLLMs across three levels of textual
bias. The "Robustness Gap" is clearly visible as textual pressure intensifies from Level 1 to Level 3.

Insight. The VRS indicates the degree to which a
vision-language system relies on sensory evidence
over linguistic expectations. A high VRS signifies
that a model is grounded and resistant, it consis-
tently identifies the visual truth while successfully
ignoring misleading textual cues or internal priors.
Conversely, a low VRS identifies a state of visual
collapse, where the model’s perception is domi-
nated by the textual context. This lower score re-
veals that the model is operating as a linguistic pre-
dictor who prioritizing conversational agreement
or training set frequency, rather than on objective
observer.

4 Experiment

This section presents a systematic evaluation of
MLLMs on the V-FAT benchmark. Following the
experimental setup, we provide quantitative results,
analyze VRS performance across levels of textual
interference , and conclude with a comprehensive
error analysis.

4.1 Experimental Setup

Evaluation Models. @ We examine the per-
formance of latest foundation MLLMs across
two distinct categories on V-FAT: (a) Closed-
source MLLMs, represented by models like GPT-
5.1 (OpenAl, 2025), Gemini-Flash (Gemini Team,

2025), Gemma (Team et al.,, 2025), Claude-
Haiku (Anthropic, 2025) and Seed 1.6 (ByteDance
Seed Team, 2025) (b) Open-source MLLMs, fea-
turing models such as GLM 4.6v (ZhipuAl, 2025),
Qwen3 VL (Bai et al., 2025a), Qwen2.5 VL (Bai
et al., 2025b) and InternVL3 (Zhu et al., 2025).

Implementation Details. V-FAT consists of 4,026
test instances, with multiple-choice and open-
ended questions each accounting for half of the
dataset. For multiple-choice questions, models are
prompted to select an answer directly, while for
open-ended questions, they are required to output a
brief answer phrase. The correctness of open-ended
responses is automatically verified using deepseek-
chat (DeepSeek-Al, 2025) as a judge model. To
ensure reproducibility, all models are evaluated
with a temperature of 0, and no explicit reasoning
is encouraged unless specified. Open-source mod-
els are used with their default configurations, while
closed-source models are accessed through their
official APIs. All experiments are conducted on
NVIDIA H100 GPUs.

4.2 Experiment Analysis

We analyze model performance on V-FAT based on
the results reported in Table 1.

Robustness Against Combined Bias (Level 3).



Level 3 represents the most challenging setting,
where internal priors and external misleading in-
structions jointly contradict the visual evidence. In
this scenario, Most models suffer significant perfor-
mance degradation; Gemini-3-Flash demonstrates
strong robustness, achieving the highest MCQ ac-
curacy of 95.36%, which even exceeds its Level 2
performance. This suggests that certain proprietary
architectures are capable of maintaining reliable vi-
sual grounding under compounded textual pressure.
In contrast, models such as Seed 1.6 experience
a sharp decline, with MCQ accuracy dropping to
50.66%, indicating limited resistance to aligned
linguistic interference.

Sensitivity to External Instruction Bias in Pro-
prietary Models. Although proprietary models
generally outperform open-source counterparts,
they display heterogeneous responses to External
Instruction Bias (Level 2). GPT-5.1 attains its high-
est accuracy at Level 2 for both MCQ (83.11%)
and Open-Ended questions (78.48%), surpassing
its Level 1 performance. This behavior suggests a
strong reliance on explicit instructions, where task
formulation can positively influence outcomes even
in the presence of misleading cues.

Limits of Open-Source Models in Open-
Ended Grounding. Among open-source models,
Qwen2.5 VL (72B) emerges as the only model that
consistently approaches or surpasses top-tier propri-
etary MCQ performance in Levels 1 and 2, achiev-
ing 80.46% and 85.43% accuracy, respectively.
However, this advantage does not extend to Open-
Ended evaluation, where its Level 2 score (55.96%)
remains significantly lower than that of leading pro-
prietary models such as Gemini-3-Flash (71.19%).
This indicates that while open-source models have
scaled visual recognition effectively, maintaining
conversational grounding in open-ended formats
remains a critical challenge.

4.3 VRS by Levels

Figure 4 compares the VRS of leading MLLMs,
highlighting a pronounced robustness gap that
emerges as models encounter increasing textual
bias (Levels 1-3).

The Difficulty of Scaling Resistance to External
Textual Pressure. Although increasing model size
generally improves overall performance, it does not
proportionally enhance robustness against External
Instruction Bias (Level 2). For instance, within

the Qwen-2.5 series, scaling from 7B to 72B pa-
rameters raises the Level 2 VRS from 0.639 to
0.780; however, even the largest model still un-
derperforms its own Level 1 score (0.816). This
gap indicates that large open-source models remain
susceptible to misleading user instructions, even
when such instructions directly contradict visual
evidence. These results suggest that the preference
for following external textual cues is a deeply em-
bedded behavior that cannot be mitigated by scal-
ing alone, as models continue to prioritize textual
instructions over visual grounding under explicit
external pressure.

Robustness Against Aligned Biases in Propri-
etary Architectures. A distinct pattern appears
at Level 3, where internal priors and external mis-
leading instructions are aligned against the visual
input. In this setting, most models exhibit their
lowest VRS, such as Seed 1.6 (0.514) and Claude-
Haiku (0.567). In contrast, Gemini-Flash remains
highly stable, achieving a VRS of 0.895. This re-
sult suggests that certain proprietary models may
incorporate mechanisms that enable effective con-
flict resolution when multiple sources of textual
bias are present simultaneously. Rather than allow-
ing aligned biases to compound and overwhelm
visual grounding, these models appear better able
to detect high-conflict scenarios and re-anchor their
predictions to the visual evidence.

4.4 Error Analysis

Based on the quantitative results shown in Figure 5,
MLLMs exhibit clear performance stratification
across error types and question formats. Vision-
consistent responses dominate in MCQ settings
(59.0%), indicating that models more often follow
visual evidence when explicit options constrain rea-
soning, while open-ended generation shows a no-
table drop in visual grounding (49.51%) and a sharp
increase in “Other” errors (33.32%), reflecting drift-
ing or unconstrained responses. Bias-related errors
are substantially higher in MCQs (31.91%) than
in open-ended tasks (17.1%), suggesting that op-
tion framing amplifies both internal corpus bias
and susceptibility to external textual cues. Corre-
lation patterns further reveal a strong trade-off be-
tween Vision accuracy and Bias/Other errors across
both formats, highlighting that improvements in vi-
sual adherence are often accompanied by reduced
bias-driven failures rather than uniformly better rea-
soning. Together, these results motivate a deeper
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Figure 5: MLLMs performances on different question types

analysis of error sources and how different sources
of textual pressure interact with visual grounding
under varying task formulations.

Table 2: Ablation Study Results. Comparison of model
performance across scaling tiers and inference modes.
Accncq and Accog represent Accuracy for Multiple
Choice and Open-Ended questions respectively.

Model Accuracy T 40 VRS 1
MCQ OE
Qwen2.5VL-7B-Instruct  75.72 55.63 0.71
Qwen2.5VL-32B-Instruct 79.58 58.39 0.75
Qwen2.5VL-72B-Instruct 82.78 64.24 0.79
Qwen3-8B-Instruct 77.15 60.15 0.75
Qwen3-8B-Thinking 74.72  57.28 0.72

4.5 Ablation

In this subsection we will analysis the ablation
result of model parameters and inference mode
reported in Table 2.

Model Parameter. The scaling of parameters
within the Qwen2.5VL series reveals that while
absolute performance improves with size, the gain
in Visual Robustness Score (VRS) follows a much
flatter trajectory compared to raw accuracy. For
instance, increasing the model size tenfold from
7B to 72B yields a consistent "scaling premium" in
Accuracy, yet the VRS only rises marginally from
0.71 to 0.79. This suggests that simply increasing
parameter count is insufficient to overcome Inter-
nal Corpus Bias. While larger architectures are
more capable of identifying atypical visual scenar-
ios, they remain deeply anchored to their linguistic
training data, indicating that the "Linguistic Grav-
ity" of the pretraining corpus is a structural chal-
lenge that scaling alone cannot fully resolve.

Inference Mode. Inference modes reveals a sig-
nificant "reasoning penalty" when moving from
standard Instruct to Thinking mode. The Qwen3-
8B-Thinking model exhibits a decrease in both ac-
curacy and VRS (dropping from 0.75 to 0.72) com-
pared to the Instruct version. This finding suggests
that extended reasoning traces may inadvertently
amplify External Instruction Bias. Rather than us-
ing the extra computational steps to verify visual
evidence, the model appears to use the "thinking"
process to construct a logical path that aligns with
its internal linguistic expectations or the user’s mis-
leading prompt. This "reasoning trap" highlights
a critical trade-off where architectural optimiza-
tions, such as those seen in the Qwen3-8B-Instruct
model, can achieve robustness parity with much
larger models (like the 32B tier) more efficiently
than brute-force scaling or complex inference-time
reasoning.

5 Conclusion

In summary, this research establishes a diagnostic
framework to quantify the "Visual Sovereignty"
of Multimodal Large Language Models (MLLMs)
against internal and external linguistic interference.
Our results demonstrate a persistent "Robustness
Gradient,” where increasing model scale fails to
proportionally mitigate the tendency to prioritize
linguistic probability over visual evidence. Fur-
thermore, the discovery that inference-time rea-
soning can inadvertently amplify existing textual
biases highlights a critical bottleneck in current ar-
chitectural designs. These findings underscore that
moving toward true visual faithfulness requires a
fundamental shift from brute-force scaling toward
training strategies that explicitly safeguard sensory
reality against the pull of linguistic priors.



6 Limitations

While this benchmark highlights critical gaps in
visual grounding, it possesses several limitations.
Primarily, the high percentage of general failures
observed in open-source models—frequently ex-
ceeding 40%—remains a largely underexplored
category, as the current framework does not iso-
late whether these errors stem from the image en-
coder, the multimodal connector, or the language
backbone itself. Furthermore, the evaluation of
proprietary models such as Gemini-3-Flash and
GPT-5.1 is restricted to black-box outputs, preclud-
ing a deeper analysis of internal model states or
attention weights that could explain their higher
visual sovereignty. Additionally, the dataset fo-
cuses on specific atypical scenarios which, while
highly diagnostic, may not represent the full spec-
trum of visual-textual conflicts found in diverse
real-world environments. Finally, while our analy-
sis indicates that internal reasoning can sometimes
reinforce existing linguistic biases, a more granular
investigation is required to determine how various
chain-of-thought prompting strategies might specif-
ically mitigate or worsen these grounded reasoning
failures.
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A Categories of V-FAT

To establish a unified framework for evaluating
visual common sense, we synthesized the tax-
onomies from the Vlind and WEIRD datasets into
six concise categories: Temporal, Physical, En-
vironment, Biological, Social, and Functional.
This consolidated classification distills the 181 sub-
categories originally generated via LLM-guided
prompts into distinct reasoning domains. These cat-
egories target specific inconsistencies ranging from
historical anachronisms and violations of physical
laws to anomalies in species-specific behavior and
improper object utility. This streamlined taxonomy
facilitates a structured assessment of Large Vision-
Language Models (LVLMs) by isolating specific
failure modes in their understanding of reality.

Physical

Environment
x

of the Amazon Rainforest? to tip downward?

Temporal

Biological

What are the workers using to What is the shark eating?

build the pyramid?

(a) Samples of V-FAT categories.

What type of terrain is the
man riding beside?

Functional

N g
What is the drill bit directly
interacting with?

Temporal
10%

Environment
45%

Physical
18%

e 4

(b) Distribution of images.

Figure 6: V-FAT benchmark composition: (a) representative samples across six domains, and (b) statistical
distribution of the 790 image groups selected from VLind-Bench and WEIRD.

Category Vlind Original Classes WEIRD Original Classes

Temporal History, Time Time and Historical Context Mismatches

Physical Color, Size, Weigh Color and Symbolic Inversions, Size and Spatial
Mismatches

Environment Climate, Habitat, Landmark, Location Environmental and Habitat Mismatches, Weather
and Seasonal Mismatches

Biological Diet Animal Behavior and Abilities Mismatches, Food
and Nutrition Mismatches, Physical and Biological
Impossibilities

Social — Clothing and Attire Mismatches, Human and Social
Behavior Mismatches, Role and Identity Reversals

Functional Folklore Object Function and Misuse

Table 3: Taxonomy Mapping: Unified Categories vs. Original Datasets
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