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Abstract

Vision–language models (VLMs) achieve
strong multimodal performance but remain
prone to relation hallucination, which requires
accurate reasoning over inter-object interac-
tions. We study the impact of visual perturba-
tions, specifically rotation and noise, and show
that even mild distortions significantly degrade
relational reasoning across models and datasets.
We further evaluate prompt-based augmenta-
tion and preprocessing strategies (orientation
correction and denoising), finding that while
they offer partial improvements, they do not
fully resolve hallucinations. Our results reveal
a gap between perceptual robustness and rela-
tional understanding, highlighting the need for
more robust, geometry-aware VLMs.

1 Introduction

Vision–language models (VLMs) have been widely
deployed across a range of applications, includ-
ing object recognition (Feng et al., 2025; Jin et al.,
2024), scene understanding (Liao et al., 2024; Sel-
vam et al., 2025), and multimodal reasoning (Jiang
et al., 2025; Xu et al., 2025). Despite their im-
pressive capabilities, these models are known to
exhibit hallucinations, where the generated out-
puts are inconsistent with the visual input. Such
hallucinations typically manifest in three forms:
object hallucination, attribute hallucination, and
relation hallucination (Bai et al., 2025). Among
these, relation hallucination remains particularly
challenging, as it requires accurately capturing in-
teractions and spatial relationships between objects
rather than simply identifying their presence or at-
tributes (Zheng et al., 2025).

In this work, we observe that relation hallu-
cination is highly sensitive to visual perturba-
tions, such as image noise and rotation, as illus-
trated in Fig. 1. While often studied indepen-
dently, rotation and noise represent complementary

Figure 1: VLM response under visual perturbations.

failure modes—rotation disrupts geometric invari-
ance, while noise degrades visual fidelity—and fre-
quently co-occur in real-world settings, jointly af-
fecting both structure and quality. While one might
argue that rotating an image can alter perceived
spatial relationships, humans naturally compensate
for such transformations by mentally correcting ori-
entation and still infer consistent object relations.
In contrast, VLMs often fail to exhibit this invari-
ance, leading to significantly degraded relational
reasoning under such conditions.

To systematically investigate this phenomenon,
we make the following contributions:

• Comprehensive Analysis: We conduct a sys-
tematic study of relation hallucination un-
der varying noise and rotation—capturing
both geometric and photometric perturba-
tions—across multiple VLMs and datasets,
providing a unified evaluation of robustness.

• Prompt-Based Intervention: We analyze how
incorporating auxiliary prompts (e.g., rota-
tion metadata or noise descriptions) influences
model outcome and hallucination behavior.

• Mitigation Strategy: We propose a practi-
cal mitigation approach by introducing pre-
processing modules—such as rotation correc-
tion and denoising—prior to VLM inference,
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demonstrating improved robustness in rela-
tional reasoning.

2 Related Work

Hallucination in vision–language models can be
categorized into object, attribute, and relation hallu-
cination, with the latter being the most challenging
due to its reliance on inter-object dependencies and
spatial reasoning (Bai et al., 2025). Existing bench-
marks study relation hallucination using yes/no and
multiple-choice formats (Nie et al., 2025; Wu et al.,
2024; Zheng et al., 2025), but largely focus on clean
visual inputs.

Recent work has explored VLM robustness
under visual perturbations, showing that noise
and rotation can significantly degrade perfor-
mance (Zhang et al., 2025; Shin et al., 2025; Niu
et al., 2026). However, these studies consider per-
turbations in isolation and do not directly address
their impact on relation hallucination.

While preprocessing methods such as orienta-
tion detection and denoising (Barbosa, 2025; Chen
et al., 2025; Yu et al., 2024) improve visual qual-
ity, their effectiveness in mitigating hallucination
remains unclear. In contrast, our work systemat-
ically studies the combined effects of noise and
rotation on relation hallucination and evaluates
both prompt-based and preprocessing-based miti-
gation strategies, bridging robustness analysis with
hallucination-specific evaluation.

3 Rotation Analysis

To evaluate our hypothesis on the effect of ro-
tation on relation hallucination, we utilize three
benchmark datasets: MMRel (Nie et al., 2025),
R-Bench (Wu et al., 2024), and Reefknot (Zheng
et al., 2025). Given that each dataset exhibits dis-
tinct characteristics and potential overlaps in image
sources and annotations, we carefully curate sub-
sets to ensure a fair and non-redundant evaluation.

Specifically, we remove duplicate im-
age–question pairs and avoid overlapping
samples across datasets, while maintaining
diversity in relational queries. Through this
selective curation process, we construct evaluation
sets comprising 1,632 image–question pairs for
MMRel, 3,466 pairs for R-Bench, and Reefknot
subsets with 1,185 multiple-choice questions and
2,922 binary (yes/no) questions. This rigorous
selection enables a consistent and unbiased
analysis of relation hallucination under rotational

Model No Rotation (Orig) 90° 270°

Qwen2-VL 7B 78.02 72.07 72.65
InternVL2 8B 79.80 75.36 75.62
LLaVA-Next 8B 80.29 78.85 78.56
DeepSeek-Janus 7B 64.66 64.66 64.66
LLaMA-3.2 11B (Vision) 81.16 77.29 77.44

Table 1: Performance (%) of open-source vision–
language models on R-Bench under different rotation
settings.

perturbations.

3.1 Experimental Setup for Rotation-Induced
Relation Hallucination

To investigate the effect of image rotation on re-
lation hallucination, we apply controlled clock-
wise (90◦) and counterclockwise (270◦) rota-
tions to the input images. We evaluate both
rotation directions using five open-source vi-
sion–language models—Qwen2-VL 7B (Wang
et al., 2024), InternVL2 8B (Chen et al., 2024),
LLaVA-Next 8B (Liu et al., 2024), DeepSeek-
Janus 7B (DeepSeek-AI, 2024), and LLaMA-3.2
11B (Vision) (Meta AI, 2024)—on the R-Bench
dataset which we select as a representative bench-
mark due to its balanced coverage of relational rea-
soning tasks and manageable scale for controlled
experimentation across multiple models.

As shown in Tab. 1, we observe no significant
performance difference between 90 degrees clock-
wise and counterclockwise rotations. Therefore,
for clarity and consistency, we report results using
the clockwise rotation setting throughout the paper.
We exclude 180° rotations, as such transformations
are less representative of real-world viewing condi-
tions and largely preserve global object configura-
tions without introducing meaningful ambiguity in
relational reasoning.

For evaluation, we employ three widely used
closed-source vision–language models: GPT-
5.1 (OpenAI, 2026), Gemini 2.5 Pro (DeepMind,
2026), and Claude Sonnet 4.5 (Anthropic, 2026).
These models are selected due to their strong mul-
timodal reasoning capabilities and broad adoption
in recent studies.

During inference, each model is provided with
the rotated image and the original question prompt,
without any additional guidance or metadata. The
generated responses are then compared against
the ground-truth answers provided in each dataset.
Quantitative results and comparative analyses are
summarized in Tab. 2. Overall, we observe a con-
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Category GPT-5.1 Gemini 2.5 Pro Claude Sonnet 4.5

Reefknot Y/N (orig) 76.61 75.41 72.25
Reefknot Y/N (cw) 73.03 71.73 65.20

Reefknot MCQ (orig) 88.51 86.08 80.08
Reefknot MCQ (cw) 82.61 80.92 73.33

R-Bench Y/N (orig) 80.15 75.97 79.69
R-Bench Y/N (cw) 78.51 48.93 72.74

MMRel Y/N (orig) 89.83 90.87 64.03
MMRel Y/N (cw) 58.82 53.25 30.45

Table 2: Accuracy (%) of vision-language models under
original (orig) and clockwise rotated (cw) settings across
Reefknot, R-Bench, and MMRel datasets.

sistent performance degradation under clockwise
rotation across all models and datasets, confirm-
ing the sensitivity of VLMs to geometric pertur-
bations in relational reasoning task. We focus on
closed-source VLMs as they represent state-of-the-
art, widely deployed systems and must be evaluated
under realistic black-box conditions, ensuring our
findings generalize to real-world applications.

3.2 Mitigating Rotation-Induced Relation
Hallucination: Prompting vs.
Preprocessing

From Tab. 1 and Tab. 2, we observe that image
rotation consistently increases relation hallucina-
tion, motivating the need for effective mitigation
strategies. To address this issue, we explore two
approaches: (1) prompt-based augmentation using
rotation metadata and (2) preprocessing via image
orientation correction.

First, we investigate whether incorporating
auxiliary prompts—specifically rotation informa-
tion—can improve model robustness. Our hypoth-
esis is that providing explicit orientation metadata
may help VLMs compensate for geometric transfor-
mations and thus reduce hallucination. We conduct
this analysis using GPT-5.1, which demonstrated
relatively strong robustness on the Reefknot dataset
under rotation. The Reefknot dataset contains both
perceptual questions (orientation-related) and cog-
nitive questions (action/interaction-related). How-
ever, as shown in Fig. 2, incorporating rotation
metadata as an additional prompt yields minimal
improvement in accuracy, suggesting that prompt-
based guidance alone is insufficient to mitigate re-
lation hallucination.

In contrast, we explore a preprocessing-based
approach using a lightweight image orientation
detector (Barbosa, 2025). We evaluate this de-
tector on a modified Reefknot dataset with ran-
domly applied 90° and 270° rotations. The detec-

Figure 2: Effect of rotation metadata on VLM accuracy.
(Reefknot, GPT-5.1)

tor achieves 99.66% accuracy on multiple-choice
questions (MCQ) with a downstream accuracy of
95.04% (Cognitive) and 73.84% (Perceptual) for
GPT-5.1 and 99.38% accuracy on yes/no (Y/N)
questions with a downstream accuracy of 80.14%
(Cognitive) and 71.59% (Perceptual) for GPT-5.1.
These results indicate that correcting image orien-
tation prior to VLM inference is a highly effective
strategy, and is more reliable than relying on addi-
tional prompting to convey rotation information.

4 Noise Analysis

To evaluate noise effects on relation hallucination,
we adopt 19 corruption types from (Zhang et al.,
2025; Hendrycks and Dietterich, 2019) across Reef-
knot, R-Bench, and MMRel, grouped into six cate-
gories (A–F). We exclude weather (E) and geomet-
ric/structural (F) corruptions, as they introduce un-
realistic artifacts and alter scene geometry, thereby
invalidating ground-truth object relationships.

From the remaining geometry-preserving cat-
egories (A–D: noise-based, blur/distortion, com-
pression/resolution, and photometric/color corrup-
tions), we select one representative corruption
each—Impulse Noise, Gaussian Blur, Pixelate, and
Saturate—to enable a controlled and interpretable
evaluation while preserving spatial relationships
critical for assessing relation hallucination.

4.1 Impact of Noise Corruptions and Severity
on Relation Hallucination

To examine the effect of noise on relation hal-
lucination, we apply four representative corrup-
tions—Impulse Noise, Gaussian Blur, Pixelate, and
Saturate—at severity level 2. We hypothesize that
introducing such perturbations would increase hal-
lucination by degrading visual fidelity and disrupt-
ing relational cues. We evaluate this using the Reef-
knot dataset with GPT-5.1. As shown in Tab. 3, we
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Category Baseline Gaussian Blur Impulse Noise Pixelate Saturate

MC – Perceptual 74.09% 62.18% 64.77% 63.47% 63.73%
YN – Perceptual 72.04% 69.69% 69.36% 69.88% 70.22%
MC – Cognitive 95.36% 91.99% 91.86% 92.61% 92.49%
YN – Cognitive 80.64% 75.05% 76.14% 76.92% 77.19%

Table 3: Impact of noise corruptions (severity level 2)
on relation hallucination performance using GPT-5.1 on
the Reefknot dataset. Results are reported as correct
predictions (accuracy %). All corruption types lead to
performance degradation compared to the baseline.

Figure 3: Effect of corruption severity on relation hallu-
cination performance. (MMRel dataset, GPT-5.1)

observe a consistent decrease in accuracy across
both yes/no and multiple-choice settings, as well as
across perceptual and cognitive tasks, confirming
the negative impact of noise on relational reason-
ing.

Furthermore, we analyze the effect of increasing
corruption severity using GPT-5.1 on the MMRel
dataset. As reported in Fig. 3, performance gen-
erally degrades as severity increases. However,
saturate occasionally improves accuracy, likely be-
cause enhanced color contrast strengthens salient
cues, making object relationships easier for VLMs
to detect.

4.2 Mitigating Noise-Induced Relation
Hallucination: Prompting vs. Denoising

From Tab. 3 and Fig. 3, we observe that relation
hallucination consistently worsens as image noise
increases, confirming the sensitivity of VLMs to vi-
sual corruptions. Motivated by this, we explore two
mitigation strategies: (1) prompt-based augmenta-
tion using noise information and (2) preprocessing
via image denoising prior to model inference.

From Tab. 4, we compare the effectiveness
of prompt-based augmentation and preprocessing-
based denoising for mitigating noise-induced rela-
tion hallucination. Overall, both approaches pro-
vide limited but non-negligible improvements, with
effectiveness varying across datasets and corrup-
tion types.

Dataset Corruption Acc (%) Drop (pp) Acc-D (%) Drop-D (pp)

MMRel

Gaussian Blur 86.70 3.12 89.34 0.49
Impulse Noise 87.32 2.51 88.97 0.86
Pixelate 86.58 3.25 89.34 0.49
Saturate 85.54 4.29 87.68 2.15

R-Bench

Gaussian Blur 80.84 8.99 80.06 9.76
Impulse Noise 80.35 9.48 80.18 9.65
Pixelate 80.24 9.59 80.18 9.65
Saturate 78.04 11.78 77.44 12.39

Table 4: Comparison of noise corruption (S2) and
preprocessing-based denoising on relation hallucination
across MMRel and R-Bench using GPT-5.1. Acc/Drop
denote results under corruption, while Acc-D/Drop-D
denote results after denoising.

On R-Bench, performance drops remain large
(9–12 pp) under both settings, indicating that de-
noising alone cannot fully recover relational rea-
soning under severe noise. In contrast, on MM-
Rel, denoising yields smaller drops (0.5–4 pp) and
generally outperforms prompt-based augmentation,
suggesting benefits when underlying visual struc-
ture is preserved.

For denoising, we evaluate state-of-the-art
restoration models (Chen et al., 2025; Yu et al.,
2024) and select outputs using LPIPS (Zhang et al.,
2018), PSNR, and SSIM (Wang et al., 2004). De-
spite improved perceptual quality, gains in rela-
tional reasoning are inconsistent, indicating a gap
between low-level restoration and high-level under-
standing.

Overall, denoising is a useful but condition-
dependent strategy: it helps when noise affects
low-level features, but is less effective when re-
lational cues are disrupted or task complexity is
high

5 Conclusion

In this work, we study relation hallucination in
VLMs under rotation and noise, showing that even
simple perturbations significantly degrade rela-
tional reasoning, with larger effects on complex
datasets. While prompting and preprocessing (ori-
entation correction and denoising) provide partial
improvements, they fail to fully recover perfor-
mance, and gains in perceptual quality do not con-
sistently translate to better reasoning. These results
reveal a gap between perceptual robustness and
relational understanding, motivating more robust,
geometry-aware VLM designs.
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