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Abstract

Large Vision Language Models (LVLMs) have
shown impressive performance on various
vision-language tasks. However, while ob-
jects in natural scenes inevitably exhibit visual
variations in position, scale, orientation, and
context due to changes in viewpoint and en-
vironment, the robustness of LVLMs to these
fundamental visual variations remains largely
unexplored. To address this gap, we intro-
duce V2R-Bench, a comprehensive benchmark
framework for evaluating Visual Variation
Robustness of LVLMs, which encompasses
automated evaluation dataset generation and
principled metrics for thorough robustness as-
sessment. Through extensive evaluation of
21 LVLMs, we reveal a surprising vulnera-
bility to visual variations, in which even ad-
vanced models that excel at complex vision-
language tasks significantly underperform on
simple tasks such as object recognition. Inter-
estingly, these models exhibit a distinct visual
position bias that contradicts theories of effec-
tive receptive fields and demonstrate a human-
like visual acuity threshold. To identify the
source of these vulnerabilities, we present a sys-
tematic framework for component-level anal-
ysis, featuring a novel visualization approach
for aligned visual features. Results show that
these vulnerabilities stem from error accumula-
tion in the pipeline architecture and inadequate
multimodal alignment. Complementary experi-
ments with synthetic data further demonstrate
that these limitations are fundamentally archi-
tectural challenges, underscoring the need for
architectural innovations in future LVLM de-
signs.!

1 Introduction

The rapid development of Large Vision Language
Models (LVLMs) (Liu et al., 2023; Lu et al.,

'Our code and data will be released in the final version.

2024a) has been driven by two key factors: in-
novations in model architectures and the avail-
ability of high-quality training data. These mod-
els have demonstrated impressive results in com-
plex vision-language tasks, achieving human-level
performance across various challenges (Fei et al.,
2024). To systematically evaluate such capabilities,
numerous multimodal benchmarks have been devel-
oped to assess models’ fundamental knowledge (Fu
et al., 2024b), perceptual capability (Wu and Xie,
2023; Zhang et al., 2024b), cognitive understand-
ing (Fu et al., 2024a), and reasoning skills (Lu
et al., 2024b; Huang et al., 2024) across various
downstream applications.

While current benchmarks extensively evaluate
models using images collected in specific scenarios,
they overlook a more fundamental and generaliz-
able capability: the robustness of LVLMs to vi-
sual variations. In input images, objects naturally
exhibit diverse variations: spatial positions shift
with changes in camera angles and viewpoints; ob-
ject scales vary depending on viewing distances;
orientations deviate from standard poses through ro-
tations and inversions; and objects appear in a range
of visual semantic contexts. These visual variations
naturally raise several concerns about LVLMs’ ro-
bustness: whether models maintain consistent per-
ception capabilities across all spatial positions in
input images; what visual acuity threshold deter-
mines reliable performance; and how changes in
orientation and visual context influence model be-
havior.

Despite the importance of such robustness, cur-
rent research has primarily focused on model ro-
bustness to socio-cultural factors (Ananthram et al.,
2024), adversarial prompt attacks (Wu et al., 2024b;
Liu et al., 2024b), or corrupted image inputs (Liu
et al., 2024a), leaving the impact of natural visual
variations largely unexplored. A thorough review
of related work is provided in Appendix A.

In this paper, we propose V?R-Bench, a compre-
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Figure 1: Illustration of VZR-Bench. Left: Automated data generation framework that adds visual variations
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Right: Metrics for robustness testing, including performance consistency, semantic and token-level stability, and

LLM-as-a-judge.

hensive benchmark framework to evaluate LVLM
robustness against fundamental visual variations.
Our framework consists of (1) an automated data
generation pipeline and (2) tailored evaluation met-
rics, which can be readily extended to various VQA
tasks. Through extensive evaluation of 21 LVLMs,
we uncover surprising findings: despite their excel-
lence in complex multimodal tasks, these models
exhibit unexpected vulnerabilities to visual varia-
tions, leading to poor performance even in basic
tasks such as object recognition. Specifically, we
observe: (1) a counter-intuitive position bias where
models achieve higher accuracy at image edges
rather than the center; (2) a human-like visual acu-
ity threshold where model reliability steadily de-
creases with object size, reaching and maintaining
minimum performance below a critical scale thresh-
old; (3) selective robustness to certain orientations
while remaining fragile to others; and (4) a ten-
dency to ground predictions on visual contextual
inference rather than direct visual perception.

To identify the root cause of these vulnerabili-
ties, we conduct a systematic analysis of LVLM
components. A key innovation in our analysis is
a novel visualization method that reconstructs lan-
guage tokens from aligned visual features, offering
insights into how models process and transmit vi-
sual information across modalities. Our investiga-
tion reveals that inadequate multimodal alignment
is the primary bottleneck, as models fail to maintain
stable visual representations across variations and
struggle to effectively align visual semantics with
the language model. To disentangle whether these
limitations stem from architectural constraints or

data deficiency, we conduct complementary exper-
iments with synthetic training data. The results
reveal that these vulnerabilities are fundamentally
rooted in architectural design. These findings un-
derscore two critical directions for future LVLM de-
velopment: stronger multimodal alignment mecha-
nisms to maintain semantic consistency across vari-
ations, and unified architectural designs to mitigate
error accumulation in current pipeline structures.

Our contributions are summarized as follows:

* We identify and formulate a novel problem: the
robustness of LVLMs to visual variations, a fun-
damental yet overlooked capability essential for
reliable vision-language reasoning.

« We propose V2R-Bench, an evaluation frame-
work with automated data generation and tailored
metrics, uncovering significant vulnerabilities in
current LVLMs through an extensive evaluation
of 21 models.

* We develop a systematic component-level analy-
sis with a novel visualization technique for mul-
timodal alignment, revealing the root causes of
these vulnerabilities and providing insights for
future architectural improvements.

2 Evaluation Framework

In this section, we present our V2R-Bench eval-
uation framework. 2.1 introduces our automated
pipeline for generating diverse visual variations
across different task settings. 2.2 describes our
evaluation protocols. 2.3 details the construction
and characteristics of our evaluation dataset.



2.1 Automated Variations Generation

The automated data generation pipeline incorpo-
rates four fundamental visual variations that are
prevalent in real-world scenarios:

Position variations investigate whether LVLMs
exhibit blind spots® in their visual processing,
where models may fail to accurately perceive visual
information at certain spatial locations.

Scale variations examine the perceptual bound-
aries of LVLMs when processing objects at dif-
ferent scales, similar to clinical vision tests for
humans.

Orientation variations challenge the ability of
LVLMs to process objects at different rotational
angles, which is crucial for real-world scenarios
like robotic navigation where objects rarely appear
in canonical orientations.

Context variations test whether model predic-
tions remain consistent across diverse environmen-
tal settings, revealing whether LVLMs perform gen-
uine visual perception or rely primarily on contex-
tual cues for inference.

Formally, given an image I, a set of transformed
images along these dimensions is generated as:

D={T(I,v)lve {PxSxRxC}} (1)

where P = {1,..,W} x {1,..,.H}, S =
[Smin, Smaz)s B = [0,27], and C' € B represent
the sets of position, scale, rotation, and context
variations respectively. For each question-image
pair in the evaluation set, this generation process
produces |P| x |S| x |R| x |C| variants in total,
enabling a holistic exploration of the entire vari-
ation space that leaves no potential vulnerability
unexplored.

2.2 Evaluation Protocol

Our evaluation protocol considers two aspects of
LVLM robustness: performance consistency and
output stability across variations.

Performance consistency measures whether a
model maintains its task-specific metrics across vi-
sual variations, which directly quantifies how these
variations impact model performance. To quantify
this consistency, we define:

Cn(D) =1~ |5 (ML) -T2 @
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where M (I,) denotes the task-specific metric on
variation I,,, M represents the mean performance
across all variations, and V is the set of variations.
A larger C,, indicates better consistency, with 1
representing that the model is robust enough to be
unaffected by visual variations.

Output stability evaluates the generation stability
of model outputs at both semantic and token levels,
as defined in the following equations:
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where E(O) denotes the output embedding,
sim(+, -) computes the cosine similarity between
embeddings, and T'(O) represents the set of tokens
in output O.

We also employ LL.M-as-a-judge (Zheng et al.,
2023) to emulate human assessment of LVLM-
generated outputs under structured visual varia-
tions, providing an additional qualitative perspec-
tive on model robustness.

2.3 Dataset Construction

The proposed automated generation pipeline is im-
plemented across two categories of tasks. The
first category examines fundamental visual capa-
bilities through object recognition and direction
recognition tasks, with target objects and direc-
tional indicators being systematically transformed
through our visual variations using image pro-
cessing algorithms and inpainting diffusion mod-
els (Corneanu et al., 2024; Lugmayr et al., 2022).
The second category extends to existing multi-
modal benchmarks, focusing on scenarios where
variations in position, scale, orientation, and con-
text preserve ground-truth validity, ensuring that
any performance changes reflect model robustness
rather than ground-truth alteration. The final evalu-
ation datasets contain a total of 428K images. Each
category serves a distinct yet complementary pur-
pose in our evaluation: the basic tasks provide
controlled, interpretable measures of fundamen-
tal capabilities, while the extended benchmarks
assess robustness in more naturalistic settings. The
detailed implementation of these generation algo-
rithms is provided in Appendix D.
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3 Cross-Modal Diagnosis

To understand the underlying mechanisms of
LVLM vulnerabilities to visual variations, we pro-
pose a systematic analysis framework that exam-
ines contributions of each model components to
robustness issues. Central to this framework is a
novel visualization technique that provides straight-
forward insights into how visual features extracted
by vision encoder are processed through the mul-
timodal alignment module and aligned with lan-
guage embedding space.

3.1 Component-level Analysis

Here we first formalize the general architecture and
process pipeline of modern LVLMs to facilitate
subsequent analysis. Given an input question ()
and an image I, the vision encoder E,, first extract
visual features from the input image:

v = E,(I;6,) € RN-*Dv (5)

These visual features are then projected into the
language embedding space through a multimodal
alignment module P:

h = P(v;0,) € RN*Pn (6)

Finally, the language model M takes the aligned
visual features in conjunction with question embed-
dings £;(Q) € RNeXPr as input to generate the
response in an autoregressive manner:

Ry = M(h,E(Q),R<t;6p,) fort=1,...,T
(7N

As the initial input module of LVLMs, the vision
encoder F, fundamentally determines the perfor-
mance ceiling of the whole model, since the vi-
sual information contained in its extracted features
represents the upper bound of visual content avail-
able to subsequent modules. Given the distinct pre-
training paradigms of vision encoders (contrastive
learning (Radford et al., 2021) and self-supervised
learning (Oquab et al., 2024)), the feature qual-
ity assessment differs accordingly: for contrastive-
trained encoders, the corresponding text encoder
enables zero-shot analysis, while for supervised-
trained ones, linear probing (Alain and Bengio,
2018) and clustering analysis serve to assess their
extracted features.

The multimodal projector P acts as a bridge
between the visual feature and language embedding
spaces, which raises two questions for its perfor-
mance analysis: (RQ1) Do the projected features h

preserve the visual information contained in v?, and
(RQ2) Do the projected features h align well with
the embedding space of the language model M ? To
answer these questions, two analytical approaches
are employed: (1) comparing the performance of
pre-projection features v and post-projection fea-
tures A on visual tasks to quantify potential visual
information loss during multimodal alignment, and
(2) measuring the discriminability between pro-
jected visual features h and the language embed-
dings of their corresponding captions to assess the
quality of modality alignment.

The language model ), as the final module
for integrating aligned visual features with input
questions and generating responses, is inherently
affected by potential errors from upstream mod-
ules, which complicates the assessment of intrinsic
language model robustness. Thus, an evaluation
strategy is devised to bypass upstream modules by
directly providing visual information as language
tokens, which simulates ideal visual feature extrac-
tion and multimodal alignment where visual infor-
mation is perfectly preserved without any loss or
misalignment, enabling a controlled setting for an-
alyzing inherent language model capabilities. We
construct a set of text-based evaluation datasets that
parallel the visual tasks in LVLMs, where visual
scenes are simulated through matrix-structured text
inputs. The text inputs serve as ideal visual encod-
ings that contain different visual variations. Com-
paring the performance on these text-based tasks
with that of LVLMs reveals whether the vulnera-
bility to visual variations stems from the language
model component.

3.2 Visual-Linguistic Feature Analysis

In addition to the aforementioned quantitative anal-
ysis of multimodal alignment, our proposed frame-
work also incorporates a novel visualization ap-
proach, which reconstructs language tokens from
aligned visual features to provide interpretable ev-
idence of the alignment process, an aspect pre-
viously unexplored. Specifically, given a single
aligned visual feature h € R'Pr and token em-
bedding matrix E € RIVI*Pr of the language
model M, the feature i can be decoded to a set
of language tokens that approximate its semantic
meaning:

t = topk (softmax (hET>> , (8)

where |V| denotes the vocabulary size of the lan-
guage model and k controls the number of tokens



to be selected.

Through these decoded language tokens, the se-
mantic meaning captured by the aligned visual fea-
tures becomes intuitively understandable, which
helps address the following questions: (RQ3) how
do language models interpret these aligned visual
features? (RQ4) How robust is the semantics of
aligned visual features to visual variations? A de-
tailed investigation of these questions is provided
in Section 4.3.

4 Experiments

4.1 Experimental Setup

Detailed experiment settings are provided in Ap-
pendix E.

4.2 TImpact of Visual Variations

The evaluation results across different LVLM ar-
chitectures and model scales are presented in Ta-
bles 5, and 6. Despite their impressive performance
demonstrated on complex visual tasks, these mod-
els exhibit surprising vulnerability to simple visual
variations, resulting in significantly degraded per-
formance across basic visual tasks. Even propri-
etary models such as gpt-4o, Claude, and Gemini
not only produce incorrect outputs, but also occa-
sionally claim an inability to perceive the visual
content entirely, as illustrated in Appendix G. Inter-
estingly, despite claims that some carefully distilled
smaller models outperform their larger counterparts
on mainstream benchmarks, our analysis reveals
that scaling laws still hold for robustness: within
the same model architecture, larger models con-
sistently demonstrate better stability across visual
variations.

For an in-depth understanding of these vulnera-
bilities, this study focuses on LLaVA model, which
provides full access to its training data, code, and
parameters. Position: as shown in Figure 8, model
performance varies dramatically across different
positions. Contrary to the effective receptive field
theory (Luo et al., 2017; Raghu et al., 2022) which
suggests vision models have better perception of
central regions, LVLMs exhibit strong visual posi-
tion bias with higher accuracy at peripheral regions,
raising concerns about their fundamental visual pro-
cessing mechanisms. Figure 11 presents a more
intuitive example using right-pointing arrows as
input, illustrating the significant effect of positional
variations on prediction outcomes. Scale: Figure 3
illustrates a sharp performance decline as object

size decreases, stabilizing when the object occupies
1/100 of the image area (equivalent to 1/10 of both
width and height). This reveals a potential visual
acuity threshold in LVLMs, similar to human vi-
sion, that defines a critical boundary below which
model outputs become unreliable, serving as a key
indicator for deploying LVLMs in fine-grained vi-
sual perception tasks. Orientation: performance
degradation is observed across different orienta-
tions, with models exhibiting distinct directional bi-
ases: some orientations show robustness, while oth-
ers lead to significant failures. Interestingly, mod-
els like Fuyu and BLIP demonstrate a pronounced
predictive tendency, being heavily influenced by
the left orientation. Context: model predictions
vary with different contextual arrangements, corre-
lating with context content, which raises questions
about whether the model truly perceives the target
objects or infers them from contextual cues.

To further investigate the root causes of these
vulnerabilities, we design complementary tasks fo-
cusing on fundamental perceptual capabilities. To
examine whether position and direction vulnerabili-
ties stem from limitations in spatial and directional
perception, we introduce two specialized tasks: co-
ordinate identification, where models directly out-
put position coordinates to test spatial understand-
ing, and path tracking, where models sequentially
output coordinates following directional lines to
examine continuous directional perception. To ver-
ify whether models achieve genuine recognition or
merely rely on contextual inference, we develop a
modified OCR task where certain letters in fluent
text are intentionally replaced with incorrect char-
acters and then blurred at different levels, testing
whether models faithfully report the visual content.

As shown in Table 2, all models exhibit poor
performance in coordinate recognition and path
tracing, indicating these vulnerabilities fundamen-
tally originate from the inability to accurately per-
ceive spatial properties. Figure 12 reveals peak
accuracy at initial points followed by monotoni-
cally decreasing performance, with marginal re-
covery at terminal nodes. This indicates not only
weak isolated direction recognition but also inad-
equate performance in visual-following reasoning
tasks, suggesting that spatial reasoning capabili-
ties likely derive more from commonsense world
knowledge rather than genuine visual understand-
ing. Table 1 results demonstrate that LVLMs tend
to overconfidently output contextually inferred con-
clusions rather than objectively depicted visual con-
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Figure 2: Changes in vision encoder classification prob-
abilities and LVLM token predictions under different
visual variations (context and scale). For each variation,
we show the ViT’s top-3 class probabilities (left) and
LVLM’s top-5 token logits (right), demonstrating how
semantic interpretations shift across visual variations.

tent, while LLMs achieve better accuracy under the
same task conditions. This contrast proves that the
observed limitations stem not from the denoising
characteristics (Devlin et al., 2019) inherent to the
transformer architecture itself, but rather from the
interference introduced by visual modality integra-
tion.

4.3 Component Analysis

Vision Encoder. As shown in Figure 8, the
LVLM and its vision encoder exhibit similar posi-
tion bias, achieving higher accuracy in peripheral
areas compared to central regions. Moreover, Fig-
ure 2 reveals that changes in the prediction label
probabilities of the vision encoder align with shifts
in the next token logits of the LVLM when scale
and context variations are introduced. This behav-
ioral consistency suggests that the LVLM inherits
its vulnerability to visual variations from its vision
encoder component.

Multimodal Projector. The following analyses
address the four research questions posed above.

(RQ1) Visual Information Loss. Linear prob-
ing results for pre-projection and post-projection
features are presented in Table 4. The significant
performance degradation after multimodal projec-
tion suggests irrecoverable information loss dur-
ing the alignment process, potentially contributing
to LVLM’s vulnerability across visual variations.
The poor performance of MM-Projector implies
that there is semantic information loss during the
modality alignment process, meaning it is the po-
tential cause for the degradation of LVLM robust-
ness across visual variations.
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Figure 3: Model performance as a function of rela-
tive object scale, where the x-axis represents the ratio
between input image dimension (width/height) and ob-
ject size. A larger ratio indicates the object occupies a
smaller portion of the input image.

We further compare the fine-tuned vision en-
coder in LLaVA 1.6 with the original one. While its
vision encoder is fine-tuned to adapt image-text fea-
tures for generative tasks, its linear probing perfor-
mance underperforms the original vision encoder,
revealing a trade-off: task-specific adaptation im-
proves multimodal coherence but erodes the vision
encoder’s innate spatial representational fidelity.
This aligns with LLaVA 1.5’s limitations, where
only the lightweight projector can be fine-tuned
and struggled to mitigate information loss from the
frozen CLIP encoder. Our results underscore that
while recent advancements in alignment neural net-
works alleviate alignment bottlenecks, fundamen-
tal architectural constraints such as patch-based
tokenization and positional bias persist as critical
vulnerabilities, necessitating unified approaches to
relax the conflicts between visual grounding and
multimodal alignment.

(RQ2) Inadequte Multimodal Alignment. Fig-
ure 4 illustrates the spatial distribution of visual fea-
tures, aligned features, and language embeddings.
We observe that the distribution of the aligned fea-
tures is similar to that of image features, meaning
that the multimodal process preserves the visual
semantics for some extent. Ideally, the aligned
features should closely resemble the language em-
beddings. However, our observation reveals a sig-
nificant disparity between the aligned feature space
and the language embedding space, suggesting a
lack of adequate modality alignment. This find-
ing underscores the critical role of the multimodal
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Figure 4: Visualization of different feature representa-
tions: aligned visual features projected into the language
embedding space, with images from the MSCOCO
dataset (Lin et al., 2015) and text embeddings obtained
from the language model.

projector, which is a key factor contributing to the
LVLM’s vulnerability to visual variations.

To explore the image feature representation with
regard to visual variations, Figure 10 presents the
clustering analysis of image features of the same
object at different directions and positions. These
variations introduce substantial alterations in image
features, highlighting the inherent challenges faced
by robust image encoding techniques. These fluctu-
ations can lead to inconsistencies in feature extrac-
tion and representation across different instances
of the same object or scene. The limited robustness
in current encoding methodologies may struggle
to effectively capture and encode these variations
while maintaining the semantic integrity of the fea-
tures, potentially compromising the accuracy and
reliability of downstream tasks. Addressing this
issue requires the development of more resilient
encoding strategies that can adapt to diverse visual
transformations, enhancing the overall robustness
and generalizability of image feature representa-
tions in complex visual tasks.

(RQ3) Interpretation of Aligned Features. Fig-
ure 5 demonstrates the results of decoding aligned
visual features into language tokens. Due to the
inherent differences in attention patterns between
vision encoder (bidirectional) and language model
(autoregressive), these decoded results do not form
coherent natural language, with only a subset of
tokens being semantically relevant to the image
content. These aligned visual features, which
reside outside the discrete language embedding

silver

ylvan
asures. :
Itwooa's\ Jgf/z busy i

;aX’or’y optér ﬁw

3 > 5 &

QM ceptor ﬂ
f}_owersg 5(“, %oouy

enumer;

ritz: jav

Q. Blanmy L EeES —gkﬁ%é
4] o

= a A SE2
G - 55
23, ~HIOL Zur s
5 Aires
%LO peii tero
o) baba”Bscriptstyle

\ﬁlanTg&ry

Figure 5: Images with their corresponding word cloud
visualization of the decoded aligned features. The
dashed red circles highlight selected semantically rele-
vant tokens.

space (as shown in Figure 4), can be interpreted
as visually conditioned soft prompts (Lester et al.,
2021; Gu et al., 2022; Liu et al., 2022), provid-
ing implicit cues that contain image-related infor-
mation to guide model responses to image-related
queries. However, prior work (Bailey et al., 2024)
has revealed the limitations of such soft prompt
approaches, including their instability and poten-
tial hidden bugs due to lack of interpretability and
the discrepancy from language model embedding
space, ultimately leading to the vulnerability to
visual variations.

(RQ4) Visual Semantics Vulnerability. Based
on the results for RQ3, significant changes in de-
coded language tokens are observed across vi-
sual variations, indicating poor semantic robust-
ness. These inconsistent soft prompt prefixes con-
sequently lead to substantial fluctuations in model
outputs, further compromising the model’s robust-
ness.

Language Model. It has come to the commu-
nity’s attention that positional biases in natural
language widely exist in language models (Wang
et al., 2023a; Jung et al., 2019; Zheng et al., 2023;
Koo et al., 2024), where models tend to favor in-
formation appearing earlier in the text. Similarly,
we observe that language models exhibit position
bias in matrix-structured text representations of vi-
sual information. Furthermore, although object and
background information are explicitly represented



as language tokens, model predictions are still in-
fluenced by context, albeit to a lesser extent than
LVLMs, suggesting that the vulnerability primarily
stems from the upstream vision encoder and multi-
modal alignment module, where the aligned visual
features fed into the language model are already
heavily influenced by visual context. The low accu-
racy in the coordinate task demonstrates that, simi-
lar to LVLMs, language models also lack precise
positional awareness of objects. These limitations
are rooted in the autoregressive nature of language
models, which has the tendency to prioritize se-
quential dependencies over structural relationships.

4.4 Mitigating Robustness Issues

To determine whether the robustness issues stem
from architectural limitations or insufficient train-
ing data, we explore improvements through two
complementary approaches: First, we conduct con-
trolled experiments on a subset of our test data
while maintaining a held-out test set, directly prob-
ing the architectural capacity for robust visual un-
derstanding. Second, we utilize a general visual
instruction tuning dataset injected with visual vari-
ations to analyze whether a more diverse training
distribution can enhance model robustness. We find
that a more diverse dataset offers limited improve-
ment in model robustness, likely due to insufficient
data volume (as exhaustively covering these vari-
ations requires many more variants). Moreover,
while directly training the model on spatial visual
tasks improves its performance on position and di-
rection tasks, it does not enhance robustness against
position and orientation variations. As Figure 7
suggests, after training, despite improvements in
the coordinate task, the path tracing task remains
underperforming, due to the lack of sustained vi-
sual attention. This reveals that the vulnerabil-
ity is fundamentally rooted in architectural design
choices rather than data limitations. The design of
the vision encoder utilizes patch-based tokeniza-
tion (Radford et al., 2021) and positional embed-
dings, which may lead to information fragmenta-
tion due to arbitrary patch partitioning and position
sensitivity induced by explicit positional encoding.
Moreover, the cascading pipeline architecture fur-
ther amplifies vulnerabilities at each component,
suggesting the potential benefits of a new architec-
tural approach. Although unified architectures cur-
rently underperform on visual understanding tasks
due to training stability challenges (Chen et al.,
2025a), this direction remains promising.
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Figure 6: An example of visual-linguistic feature analy-
sis. The decoded language tokens show that the output
of MM-Projector does not align well with the text em-
bedding space and suffers from semantic information
loss. These aligned features also lack robustness against
visual variations.

Evaluation Results vs Upper Bounds

100 .
Evaluation Results
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80

60

Score (%)

40

20

Path Coordinate
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Figure 7: The comparison of benchmark evaluation
results and upper bound on coordinate and path tasks,
where the upper bound is the testing result of the LVLM
fine-tuned on partial benchmark dataset.

5 Conclusion

In this paper, we present V2R-Bench, an evalua-
tion framework designed to assess the robustness of
LVLMs against visual variations. Our results show
significant vulnerabilities in existing LVLMs and
identify their origins as twofold: insufficient multi-
modal alignment and error accumulation inherent
in pipeline model architectures. While synthetic
data augmentation seems as a mitigation strategy,
fundamental advancement in the field necessitates a
shift towards native multimodal architectures rather
than the current approach of concatenating separate
language and vision modalities. We aim to draw
attention to the importance of visual robustness in
LVLMs and inspire future research toward more
robust architectural paradigms.



Limitations

Aligned with the paper track’s focus, this work
primarily concentrates on identifying a novel prob-
lem, establishing corresponding evaluation meth-
ods, and providing initial analytical insights into
these vulnerabilities. Regarding solutions to the
identified vulnerabilities, only two data synthe-
sis approaches were explored, while potential im-
provements through architectural modifications,
pre-training strategies, or novel modality alignment
methods remain unexplored due to their substan-
tial resource requirements. The detailed analysis
presented in this paper aims to provide insights for
future research addressing these challenges. Addi-
tionally, while this study examines four fundamen-
tal types of visual variations, it does not exhaust
the infinite possibilities of visual transformations,
leaving some long-tail cases unexplored.

Ethics Statements

This study reveals a fundamental vulnerability in
LVLMs - their lack of robustness to visual vari-
ations that naturally occur from camera parame-
ter adjustments and environmental changes. Such
robustness deficiency results in significant output
inconsistencies across visually similar scenarios,
compromising model reliability in real-world de-
ployments.

A critical security implication emerges from
these findings: visual variations could serve as a
novel attack vector. Through strategic object place-
ment with specific positions, scales, orientations, or
contexts, these fundamental visual variations could
be exploited to manipulate model behavior. Unlike
conventional adversarial attacks requiring sophis-
ticated training procedures, this approach requires
no training and generates natural images without
artificial artifacts, making such attacks particularly
challenging for existing detection mechanisms.

The identified vulnerability underscores the need
for increased attention within the research commu-
nity to these fundamental yet profoundly impact-
ful visual variations, rather than solely pursuing
state-of-the-art performance on complex tasks. En-
hanced robustness to these variations is crucial for
ensuring consistent model performance in natu-
ral environments. Moreover, as attacks based on
visual variations exploit inherent model vulnera-
bilities rather than crafted adversarial strategies,
addressing this robustness issue becomes essential
for improving both the reliability and security of

deployed LVLMs.
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A Related Work

Large Vision Language Models. The remark-
able progress of LVLMs stems from continuous
advances in model architectures and the exponen-
tial growth of training datasets. On the architec-
tural front, the rapid progress in foundation lan-
guage models (OpenAl et al., 2024; Touvron et al.,
2023; Jiang et al., 2023; Bai et al., 2023a) and vi-
sion models (Radford et al., 2021; Oquab et al.,
2024), together with increasingly sophisticated
multimodal alignment modules (Liu et al., 2023;
Li et al., 2023b; Alayrac et al., 2022; Zhu et al.,
2023; Wang et al., 2024b), has established the fun-
damental capabilities of LVLMs in understanding
and reasoning across modalities. Building upon
these architectural foundations, the emergence of
high-quality datasets (Chen et al., 2023a; Zhao
et al., 2023; Wang et al., 2023b; Li et al., 2023c)
designed for different training stages (e.g., multi-
modal alignment, visual instruction tuning, pref-
erence alignment) has enabled LVLMs to demon-
strate exceptional performance across diverse real-
world scenarios. More recently, research efforts
have focused on optimizing lightweight model ar-
chitectures and curating datasets tailored to edge
scenarios (Ma et al., 2024; Chu et al., 2024; Zhu
et al., 2024; Yao et al., 2024), thereby promoting
the practical deployment and adoption of LVLMs
in real-world applications.

While the pipeline architecture of these LVLMs
effectively leverages pretrained domain-specific
knowledge from vision and language components,
it potentially accumulates errors and vulnerabilities
across modules. However, no systematic inves-
tigation has been conducted to attribute model
failures to individual architectural components,
limiting both model interpretability and under-
standing of modality alignment.

LVLM Evaluation and Benchmarking. Recent
years have witnessed the emergence of numer-
ous benchmarks for evaluating LVLM capabilities
across cognitive and perceptual dimensions (Liang
et al., 2024; Fu et al., 2024b,a; Liu et al., 2024d; Yu
et al., 2024; Li et al., 2023a; Lee et al., 2024; Wu
et al., 2024a), comprehensively assessing various
aspects including reasoning skills, understanding
abilities, and inherent knowledge. The scope of
evaluation has further extended into specialized do-
mains, with an increased emphasis on real-world
scenario performance, as researchers develop dedi-
cated benchmarks for embodied intelligence (Wang
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et al., 2024a; Yang et al., 2023; Zhang et al., 2023),
medical image analysis (Xia et al., 2024; Chen
et al., 2024a; Hu et al., 2024), and robotic con-
trol (Chen et al., 2024b; Wang et al., 2023c). In
parallel with capability assessment, researchers
have begun investigating LVLM robustness from
two critical perspectives: first, examining semantic
biases in model responses, particularly those re-
lated to societal factors like gender and racial prej-
udices (Wang et al., 2024c; Howard et al., 2024;
Steed and Caliskan, 2021); and second, analyzing
adversarial vulnerabilities via carefully crafted vi-
sual prompts for assessing model reliability under
targeted attacks (Liu et al., 2024a; Luo et al., 2024b;
Zhang et al., 2024a; Wang et al., 2024c; Chen et al.,
2023b). However, the capacity to withstand basic
visual variations, a fundamental aspect of robust-
ness that is widely present in real-world deploy-
ment, remains unexplored in current research.

B Discussion

Summary of Empirical Findings Through the
evaluation of V2R-Bench, we discover that intro-
ducing visual variation causes inconsistent and un-
stable output. Such vulnerability is due to the error
accumulation in the data generation pipeline. We
discover that ViT has the tendency to depend on
the context during inference rather than truly recog-
nize a target object. Through component analysis,
we claim that multimodal projector is the main
cause of the vulnerability to visual variations. The
inadequate multimodal alignment causes visual in-
formation loss and the decoding result of aligned
feature does not form coherent natural language.

The Use of Synthetic Data While our frame-
work enables the incorporation of real-world bench-
marks, we acknowledge that generated variations
may not fully capture the complexity and diver-
sity of real-world visual inputs. To address this,
future work can be done to further integrate our
framework with diffusion-based contextual blend-
ing or 3D synthetic data generation technique such
as Blender-SDG (Arenas, 2020).

Future Directions V2R-Bench fills a crucial gap
in existing evaluations by systematically testing
robustness to fundamental visual variations (po-
sition, scale, orientation, context)—ubiquitous in
real-world scenarios but overlooked by current
benchmarks. For instance, autonomous vehicles
require consistent object recognition regardless of



camera angles, and medical imaging tools must
identify anomalies across scales. By integrating
existing benchmarks and evaluating with our syn-
thetic data, our framework directly addresses these
needs by enabling models to be stress-tested under
realistic conditions. Researchers can also easily ex-
pand tests to new variations (e.g., lighting changes)
or domains (e.g., CT image).

The benchmark’s component-level analysis of-
fers fine-grained diagnostic information, guiding
researchers toward targeted improvements. A key
future direction lies in enhancing the multimodal
alignment mechanisms. Additionally, the identified
vulnerabilities are not merely the result of limited
data or training strategies but also stem from fun-
damental architectural constraints requiring further
investigation.

C Prompt Template

object scale = 3 object scale = 10

object scale = 5

ill | fop-

o

direction scale = 3 direction scale = 5 dlrectlon scale = 10

Accuracy (%)

Figure 8: Accuracy heatmaps for object recognition and
direction recognition across different object scales and
position variations.

Prompt For Evaluation

* Object: Identify the object in the image.

* Direction: List the direction the arrow
is pointing in the image using one of the
following: up, down, left, right, top-left,
bottom-left, top-right, or bottom-right.

* Coordinate: This is a coordinate plot
with a single point. Provide the coordi-
nate in the format (x, ) for 1D, (z, y) for
2D, or (z,y, z) for 3D.

¢ Path: Describe the coordinates
of each point along the line from
the start to the end in the format

[(3317 yl)a (51;27 y2)7 oo (l‘n, yn)]

D Experimental Setup

We conduct comprehensive experiments across
three distinct datasets to evaluate our model’s per-
formance under various conditions. The experi-
mental settings for each dataset are detailed below.

D.1 Coordinate Dataset

For the coordinate dataset, we systematically vary
four key parameters to thoroughly assess model per-
formance. The point range parameter defines the
spatial extent of the coordinate system, with values
spanning from confined spaces ([—5, 5]) to broader
ranges ([—10,10], [0, 10], and [0, 20]). This vari-
ation allows us to evaluate the model’s ability to
handle different scales of spatial information.

To investigate the impact of visual aids on model
performance, we experiment with both the pres-
ence and absence of reference lines and grid sys-
tems. These binary parameters (True/False) help
us understand how additional visual context affects
the model’s coordinate understanding.

Regarding dimensionality, we focus our analysis
on one- and two-dimensional coordinate systems.
While three-dimensional coordinates were initially
considered, they were ultimately excluded from our
final experiments due to consistently poor model
performance across preliminary tests.

D.2 Path Dataset

In the path dataset experiments, we explore the
model’s capability to process and understand con-
nected point sequences. We vary the complexity of
paths by adjusting the number of points from 2 to



Model Visual Dependency Knowledge Dependency

Text BO B1 B2 B3 Text BO Bl B2 B3
GPT-40 0.2109 0.0475 0.0586 0.2916 0.4724 0.0821 0.2044 0.2030 0.2004 0.2232
Qwen2-VL  0.2531 0.1169 0.2417 0.3710 0.5344 0.2674 0.2344 0.2284 0.3154 0.4945
Llava-1.6  0.2129 0.5732 1.8404 1.8026 1.4573 0.3743 0.5676 1.8013 1.7919 1.4485

Table 1: Performance Comparison of Models under Different Blur Conditions: LVLMs favor contextual inference
over input-output consistency, while LLMs maintain better alignment with inputs. As blur levels increase, LVLMs
confidently continue contextual reasoning, implying they inherently operate through inference from ambiguous

visual signals rather than direct visual processing.
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Figure 9: Linear probing results for Vision Encoder showing position bias patterns similar to those observed in

LVLMs.

6, creating a progression from simple linear paths
to more complex multi-point trajectories.

The spatial distribution of these points is con-
trolled through the same range parameters as the
coordinate dataset: [—5, 5], [-10, 10], [0, 10], and
[0, 20]. For each unique combination of point count
and range setting, we generate a substantial set of
100 images, ensuring robust evaluation across dif-
ferent configurations.

We evaluate the performance of path tracing and
coordinate recognition through the following met-
ric:

(1) Exact Match Accuracy (EMA) A predicted
path is considered correct only if it exactly matches
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the ground truth answer.

(2) Partial Match Order-Independent Accuracy
(PM-IA) In this metric, a point in the predicted
path is deemed correct if its coordinates match any
point in the ground-truth path. PM-IA is computed
as the average accuracy across all positions.

(3) Partial Match Order-Sensitive Accuracy
(PM-SA) This metric marks a point in the pre-
dicted path as correct only if both its coordinates
and position in the path match those of a point in
the ground truth path. PM-SA is calculated as the
average accuracy across all positions.



Model EMA PM-IA PM-SA PA

Qwen2-VL-INST 0.060 0.239 0.079 0487
Molmo-7B-D 0.000 0.160  0.053 0.199
Phi3-Vison-128K-INST 0.062 0.448 0.188  0.707
Phi3.5-Vison-INST 0.005 0.093 0.030 0.123
LLaVA-onevision-Qwen2 0.005 0.074 0.021  0.077
LLaVA-1.6 0.000 0.017 0.005 0.013

Table 2: Path (the first three columns) and coordinate
(the last column) task accuracy comparison of 6 selected
models across multiple metrics. Metric definitions are
in Appendix D.2.

(4) Point Accuracy (PA) This metric is the accu-
racy of the coordinate recognition.

D.3 Object and Orientation Dataset

The object and orientation dataset is designed to
evaluate the model’s understanding of object posi-
tioning and directionality. We carefully selected ten
distinct object categories, including eight animals
(shiba dog, cat, bear, eagle, snake, panda, turtle,
and fish) and two vehicles (car and plane). This
diverse selection allows us to assess the model’s
performance across varying object morphologies
and complexities.

Scale perception is tested through a comprehen-
sive set of object-to-background ratios: 1/2, 1/3,
1/5, 1/10, 1/15, and 1/20. These ratios represent
a wide spectrum from prominent objects (1/2) to
more subtle presentations (1/20). Furthermore,
we evaluate each object against two distinct back-
ground types: solid colors for controlled conditions
and semantic images for real-world complexity.

The orientation aspect of our experiments en-
compasses eight distinct directions: the four cardi-
nal directions (up, down, left, right) and their inter-
mediates (top-left, bottom-left, top-right, bottom-
right). This comprehensive directional coverage
allows us to assess the model’s ability to under-
stand and interpret various object orientations.

Through these carefully designed experimental
settings, we aim to provide a thorough and system-
atic evaluation of our model’s capabilities across
different aspects of visual understanding and spa-
tial reasoning.

D.4 Text Dataset

We create char matrices of size 8*8, 16*16,
24%24, 32*%32, 40*40, 64*64. A target word
is selected from one of the following, [’dog’,
‘cat’, ’bird’, ’lion’, ’tiger’, ’zebra’,
"monkey’, ’panda’], and is positioned within the
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Figure 10: t-SNE visualization of aligned features under
directional and positional variations, demonstrating par-
tial sensitivity to visual variations in the feature space.

matrices. Except the object, the rest of the ma-
trices are either asterisks (e.g. corresponding to
the w/o BG setting) or random background words.
We design 3 tasks to test the robustness of LLM
in the cross-component analysis: (1) target word
recognition, corresponding to object detection task
in image (2) coordinate recognition which corre-
sponds to coordinate recognition and (3) object
counting, which is a fundamental skill needed in
path tracing. By systematically varying the back-
ground contexts while maintaining the target object,
we can evaluate whether models truly recognize ob-
jects independently or merely rely on contextual
associations.

E Experimental Setup

E.1 Evaluated Models

Qwen-VL. The Qwen-VL model family rep-
resents Alibaba’s cutting-edge vision-language
model series. The family includes three main



Number Coordinate Object
Model
w/o BG w/BG w/oBG w/BG w/oBG w/BG
Llama-3 0.0688 0.1012 0.0032 0.0024 0.9996 0.8464
Mistral-v0.2  0.2940 0.0776  0.0008  0.000  0.8832 0.8528
Qwen-2 0.3288 0.1364 0.0088 0.0084 0.9952 0.9784

Table 3: Performance of LVLM Language Model Backbones on Text-based Tasks: Comparing scenarios with
background tokens represented as asterisks (w/ BG) versus random words (w/o BG).

Zero-shot Classification

Linear Probing

Model

Object Direction Object Direction
Original Vision Encoder 0.135 0.151 0.442 0.912
Finetuned Vision Encoder - - 0.406 0.826
Multimodal Projector 0.0 0.0 0.032 0.117

Table 4: Accuracy on Object and Direction Tasks: Comparing Original Vision Encoder, Finetuned Vision Encoder
(aligned with text features in LLaVA-1.6), and Multimodal Projector.
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Figure 11: Examples demonstrating position bias ef-
fects. Green indicators show correct identifications

while red ones represent model predictions, revealing
spatial-dependent performance patterns.
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variants: the original Qwen-VL (Bai et al.,
2023b), which established the foundation for
vision-language processing; Qwen2-VL-7B, offer-
ing a balanced mid-size option; and Qwen2-VL-
72B, the largest and most sophisticated version
featuring state-of-the-art visual understanding ca-
pabilities and support for videos over 20 minutes
long (Wang et al., 2024b). The latest addition,
QVQ-72B-Preview, serves as an experimental re-
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search model specifically focused on advancing
visual reasoning capabilities (Team, 2024).

Molmo Molmo-7B-D (Deitke et al., 2024) is an
open-source vision-language model developed by
the Allen Institute for Al, built on Qwen2-7B and
utilizing OpenAl’s CLIP as its vision backbone.

H20VL The H20VL-Mississippi (Galib et al.,
2024) model family are specifically designed for ef-
ficient on-device applications and privacy-focused
use cases. The family consists of two special-
ized models: H20OVL-Mississippi-0.8B, a com-
pact model optimized for text recognition that
achieves state-of-the-art performance on OCR-
Bench, and H20VL-Mississippi-2B, a model for
general vision-language tasks including image cap-
tioning and visual question answering.

Phi-3 Microsoft’s Phi-3-vision and Phi-3.5-
vision (Abdin et al., 2024) represent a significant
advancement in multimodal Al Phi-3.5-vision, the
latest iteration, is a lightweight yet powerful model
featuring a 128K token context length and support
for both single and multi-image processing.

InternVL The InternVL family includes: Mono-
InternVL (Luo et al., 2024a), which established the
foundation with its vision-language capabilities;
InternVL-2 (Chen et al., 2024c), which expanded
the model sizes and improved performance; and
InternVL-2.5 (Chen et al., 2025b), the latest iter-
ation that introduces significant architectural and



training improvements.

LLaVA LLaVA-1.5 (Liu et al., 2023) uses pre-
trained CLIP (Radford et al., 2021) and Vi-
cuna language model as the backbone, establish-
ing the foundation with impressive performance
across 12 benchmark datasets. LLaVA-OneVision-
Qwen?2 (Li et al., 2024) pushes performance bound-
aries across single-image, multi-image, and video
scenarios while enabling strong task transfer capa-
bilities. LLaVA-1.6(Liu et al., 2024c), or LLaVA-
NeXT, further enhances capabilities with increased
input resolution, improved visual reasoning, and
enhanced OCR capabilities.

Llama Llama 3.2 Vision models (Dubey et al.,
2024) represent Meta’s latest advancement in mul-
timodal Al, introducing vision capabilities to the
Llama family for the first time. The 11B and 90B
parameter versions are specifically designed to han-
dle both text and image inputs, featuring a novel
architecture that integrates image encoder represen-
tations into the language model.

GLM-4 GLM-4V-9B (GLM et al, 2024)
supports high-resolution image processing at
1120*1120 pixels and enables dialogue capabilities
in both Chinese and English.

MiniCPM-V MiniCPM-V (Yao et al., 2024) is
a series of multimodal large language models
(MLLMs) designed specifically for deployment on
end-side devices like mobile phones and personal
computers.

E.2 Implementation Details

Our experiments are conducted on 8 NVIDIA H100
GPUs. All models maintain their original parame-
ter configurations during inference, with an average
processing speed of 525 tokens per second.

To examine spatial reasoning capabilities analo-
gous to those in LVLMs, we design a suite of tasks
that evaluate text-based object recognition, count-
ing, and spatial analysis. Using a matrix-structured
text input that simulates idealized visual encoding,
we assess three fundamental capabilities: (1) tar-
get token identification amid background elements,
(2) frequency quantification of target tokens, and
(3) spatial localization of target tokens within the
matrix. The dataset specifications and distributions
are detailed in Appendix D.4.
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Figure 12: Performance evaluation on a 6-point path
tracing task across different positions, where accuracy
indicates coordinate prediction precision at each sequen-
tial point. Results demonstrate that LVLMs progres-
sively lose accuracy when tracking points along the
path.

F Visually Conditioned Soft Prompt

In this section, we explain why aligning visual fea-
tures to the language model’s embedding space
through multimodal alignment module can be
viewed as a form of visually conditioned soft
prompt. Soft prompting prepends learned vectors
to the language model’s input, optimizing these vec-
tors during training to achieve desired tasks. These
vector prefixes learn latent instructions during the
tuning process:

h; = LM([\P;;X]Q),

prompt

where P € R, £ =" —log p(x:/hy)
t
©)

where P represents the learned soft prompt vectors
and x is the input token embeddings. In LVLM’s
multimodal alignment process, extracted visual fea-
tures are mapped to the language model’s embed-
ding space through a neural network based multi-
modal alignment module. The module is trained
to transform visual features into embedding space
that serve as special task prefixes, guiding model
responses to image-related queries::

h; = LM([fo(Ev(1)); X]<t),

visual prompt

where £ = Z —log p(xt|hy, I)
t

(10)



where fy is the alignment network and v repre-
sents the visual features. Fundamentally, both ap-
proaches optimize vector prefixes independent of
the discrete language embedding matrix. The key
difference lies in their optimization objectives: soft
prompts aim to generate task-relevant responses
based on the dataset, learning fixed prefixes that
remain constant after training. In contrast, while
aligned visual features are also trained on the entire
dataset, they produce dynamic, image-specific pre-
fixes during inference. Therefore, aligned visual
features can be considered a special case of soft
prompts - visually conditioned soft prompts - shar-
ing the characteristic of residing in a representation
space distinct from the language embedding space.

G Examples.

e ChatGPT: Sorry, I don’t see the arrow in the
image.

* Claude: A sleek fish glides through the harbor
waters, its scales catching glints of sunlight fil-
tering through the surface. The backdrop fea-
tures wooden pier posts rising from the water
and moored fishing boats gently bobbing in the
distance. The water has a deep blue-green tint
typical of a working harbor, with small ripples
creating patterns of light and shadow. The fish
appears to be navigating between the shadows
cast by the docks, perhaps searching for food or
shelter among the port’s underwater structures.

Gemini: Reasons:

— Image Information: The image only shows
an animal on the water’s surface, without
indicating the specific direction of the ani-
mal’s head, body, or tail.

— Lack of Reference Points: There are no
other objects or background elements to
help determine the animal’s orientation.

Therefore, it is impossible to determine the ani-
mal’s orientation from the information provided
in the image.

If you can provide more information about the
image, such as the shooting angle or the animal’s
posture, it may be possible to determine its ori-
entation more accurately.

InternVL: This image shows a pure white back-
ground without any recognizable objects or text.
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It is a simple plane with no complex designs or
patterns.

An online anonymous leaderboard is avail-
able at https://anonymous.4open.science/
r/Visual-Variations-Robustness-EFC3/
README . md
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Position Orientation Scale Context

Model
Object Direction Object Direction Object Direction Object Direction

Qwen-VL 0.037 0.285 0.023 0.281 0.153 0.477 0.051 0.477
Qwen2-VL-7B 0.059 0.402 0.067 0.427 0.175 0.509 0.067 0.427
Molmo-7B-D 0.260 0.626 0.262 0.646 0.278 0.632 0.262 0.646
h2ovl-2b 0.055 0.398 0.063 0.423 0.172 0.506 0.063 0.423
h20v1-800m 0.013 0.201 0.011 0.199 0.179 0.332 0.173 0.308
Phi-3-vision 0.015 0.367 0.018 0.379 0.064 0.375 0.018 0.379
Phi-3.5-vision 0.062 0.408 0.070 0.417 0.079 0.430 0.067 0.417
InternVL-Mono 0.057 0.400 0.065 0.425 0.177 0.510 0.065 0.425
InternVL-2 0.061 0.405 0.069 0.430 0.179 0.513 0.069 0.430
InternVL-2.5 0.058 0.403 0.066 0.428 0.176 0.511 0.066 0.418
llava-1.5 0.056 0.399 0.064 0.424 0.174 0.508 0.064 0.424
llava-onevision-qwen2  0.160 0.446 0.173 0.459 0.245 0.474 0.173 0.459
llava-1.6-mistral 0.017 0.190 0.019 0.194 0.044 0.216 0.019 0.194
llava-1.6-vicuna 0.018 0.192 0.020 0.196 0.045 0.218 0.020 0.196
Llama-11B-V 0.057 0.400 0.065 0.425 0.177 0.510 0.065 0.425
Llama-90B-V 0.063 0.412 0.071 0.437 0.182 0.517 0.071 0.437
glm-4v-9b 0.141 0.279 0.093 0.117 0.381 0.257 0.012 0.233
MiniCPM-V-2 0.057 0.392 0.013 0.393 0.156 0.419 0.063 0.428
MiniCPM-V-2.5 0.092 0.448 0.090 0.483 0.210 0.555 0.090 0.463
MiniCPM-V-2.6 0.059 0.405 0.067 0.430 0.178 0.513 0.067 0.430
GPT-40 0.315 0.782 0.298 0.772 0.319 0.695 0.267 0.799

Table 5: Bias Type and Tasks for Different Models. We present the mean accuracy across variations here as a
reference.

Model Position Orientation Scale Context
Object Direction Object Direction Object Direction Object Direction

Qwen-VL 0.913 0.897 0.924 0.773 0.891 0.899 0.832 0.879
Qwen2-VL-7B 0.945 0.910 0.955 0.664 0.862 0.923 0.937 0.890
Molmo-7B-D 0.911 0.905 0.916 0.739 0.879 0.955 0.882 0.862
h2ovl-2b 0.833 0.910 0.977 1 0.926 1 1 0.979
h20v1-800m 0.793 0.890 0.921 0.745 0.832 0.926 0.895 0.901
Phi-3-vision 0.968 0.929 1 0.622 0.937 1 1 0.929
Phi-3.5-vision 0.955 0.923 0.945 0.635 1 1 0.937 0.923
InternVL-Mono 0.915 0.905 0.935 0.745 0.915 0.955 0.925 0.915
InternVL-2 0.945 0.925 0.965 0.785 0.945 0.975 0.955 0.945
InternVL-2.5 0.965 0.935 0.985 0.815 0.965 0.985 0.975 0.965
llava-1.5 0.955 0.925 0.975 0.765 0.955 0.985 0.965 0.955
llava-onevision-qwen2  0.929 0911 0.895 0.712 0.929 1 0.830 0.905
llava-1.6-mistral 0.968 0.937 1 0.788 0.968 0.968 1 0.968
llava-1.6-vicuna 0.965 0.935 0.985 0.775 0.965 0.975 0.985 0.965
Llama-11B-V 0.925 0.913 0.945 0.752 0.925 0.965 0.930 0.925
Llama-90B-V 0.975 0.945 0.986 0.825 0.975 0.984 0.985 0.975
glm-4v-9b glm-4v-9b  0.953 0.925 0.971 0.796 0.959 0.970 0.961 0.955
MiniCPM-V-2 0.932 0.912 0.952 0.762 0.937 0.963 0.948 0.931
MiniCPM-V-2.5 0.953 0.922 0.973 0.782 0.957 0.972 0.968 0.948
MiniCPM-V-2.6 0.962 0.933 0.982 0.793 0.968 0.983 0.977 0.959
GPT-4o 0.983 0.962 1 0.853 0.987 1 1 0.982

Table 6: Comprehensive Evaluation of Model Robustness Across Different Metrics and Test Scenarios.
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