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Abstract

Recent advances in large Vision-Language
Models (VLMs) have led to impressive per-
formance on chart understanding tasks. How-
ever, existing evaluations are largely limited
to clean, canonical charts and do not ade-
quately measure robustness under realistic con-
ditions. To address this gap, we introduce
ROBUSTCHART360, a comprehensive bench-
mark for evaluating chart understanding ro-
bustness under realistic real-world variations.
ROBUSTCHART360 spans six robustness di-
mensions covering textual and cross-modal in-
terference, rendering and display degradation,
accessibility-oriented transformations, and vi-
sual style variation. Using this benchmark,
we conduct a large-scale evaluation of 14 pro-
prietary and open-source VLMs across 2, 505
chart instances and multiple robustness condi-
tions designed to simulate practical deployment
scenarios. Our analysis on 35,070 model re-
sponses reveals that current VLMs are highly
sensitive to seemingly minor variations such
as low-resolution rendering, and mobile lay-
outs, with performance dropping by as much as
33.9% under certain conditions, such as modal-
ity gap. We further find that models often over-
rely on textual priors when visual and textual
signals conflict, indicating weak visual ground-
ing despite strong performance on standard
benchmarks. Our findings highlight a substan-
tial gap between benchmark accuracy and real-
world robustness, motivating the development
of more reliable and visually grounded mul-
timodal systems for chart understanding. We
will release our code and dataset at <redacted>.

1 Introduction

Natural language and data visualization are two
complementary modalities for communicating in-
sights effectively (Hoque et al., 2022). Visualiza-
tions enable users to identify trends, patterns, and
anomalies, while natural language complements

* Equal contributions.

them by summarizing key findings, explaining rela-
tionships, and answering data-related queries. This
synergy has inspired a growing body of research
on chart comprehension and reasoning tasks, in-
cluding chart question answering (Masry et al.,
2022; Kantharaj et al., 2022), chart-to-text genera-
tion (Obeid and Hoque, 2020; Shankar et al., 2022),
fact-checking with charts (Akhtar et al., 2023b),
and data storytelling (Islam et al., 2024a).

Recent advances in vision-language mod-
els (VLMs) have enabled their adoption in chart-
centric applications such as business intelligence
assistants, accessibility tools, automated report-
ing systems, and data-analysis agents (Hoque and
Islam, 2024). Despite strong performance on
benchmarks such as ChartQA, benchmark accuracy
alone does not guarantee reliable behavior in prac-
tice. Real-world chart understanding often involves
noisy or conflicting textual context, diverse user
prompts, low-resolution screenshots, mobile dis-
plays, and varying presentation styles—conditions
that are rarely captured by existing evaluations.
Moreover, VLMs remain susceptible to hallucina-
tions, language biases, and failures on more chal-
lenging chart reasoning tasks (Cui et al., 2023;
Guan et al., 2024; Islam et al., 2024b; Masry et al.,
2025a). Although chart robustness has recently re-
ceived attention (Mukhopadhyay et al., 2024), little
is known about how current models behave under
the variations commonly encountered in practical
analytical workflows. This raises a fundamental
question: Do modern VLMs actually make predic-
tions based on chart evidence, or are their pre-
dictions driven by surrounding textual cues and
presentation artifacts?

To answer this question, we introduce RO-
BUSTCHART360, a benchmark for evaluating chart
understanding under realistic visualization varia-
tions. The benchmark spans two classes of chal-
lenges commonly encountered in chart-centric
applications (see Fig. 1). Textual and cross-
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Figure 1: Overview of ROBUSTCHART360. The benchmark comprises six robustness tasks spanning textual and
cross-modal robustness (TC1-TC3) and display and presentation robustness (DP1-DP3).

modal robustness evaluates whether models remain
grounded in visual evidence when prompts, cap-
tions, or contextual information vary or conflict
with the chart. Display and presentation robust-
ness evaluates reliability under realistic viewing
conditions, including low-resolution charts, mobile
layouts, and presentation-style variations. Using
ROBUSTCHART360, we conduct a large-scale eval-
uation of 14 leading proprietary and open-source
VLMs to quantify robustness, identify the factors
of failure, and characterize the gap between bench-
mark performance and real-world reliability.

Our study makes three main contributions.
(1) We introduce ROBUSTCHART360, a bench-
mark for evaluating chart understanding under six
realistic robustness challenges spanning textual and
cross-modal interference, display degradation, mo-
bile viewing conditions, and presentation varia-
tions. (2) We conduct a large-scale evaluation of
14 proprietary and open-source VLMs across 2,505
chart instances, revealing how various visual and
contextual variations affect model behavior. (3)
Through comprehensive analysis, we reveal a sub-

stantial gap between benchmark performance and
real-world reliability. We found that when visual
and textual signals disagree, many leading VLMs
follow textual cues rather than chart evidence, ex-
posing a substantial gap in visual grounding and
deployment readiness.

2 Related Work

Robustness in Vision-Language Models: Recent
closed-source models (OpenAl, 2026; Comanici
et al., 2025; Anthropic, 2025) achieve state-of-
the-art performance on chart understanding bench-
marks (Masry et al., 2022; Wang et al., 2024), while
open-source alternatives are rapidly improving (Bai
et al., 2025; Wang et al., 2025; Abdin et al., 2024).
Despite these advances, VLLMs remain vulnerable
to hallucinations and failures under visual and mul-
timodal variations (Guan et al., 2024; Rahmanzade-
hgervi et al., 2024; Leng et al., 2024). Prior work
shows that model predictions can be highly sen-
sitive to prompt phrasing, instruction style, and
language formality (Jin et al., 2022; Zhang et al.,
2026; Ramu et al., 2025; Zhang et al., 2025; Jiang
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et al., 2026; Sarch et al., 2024), where semantically
equivalent prompts can yield substantially different
predictions. Other works investigate modality-gap
robustness and multimodal consistency, showing
that models often over-rely on textual context when
visual and textual signals conflict (Leng et al., 2024;
Huang et al., 2024b,a; Hsu et al., 2026). Robustness
issues have also been studied under adversarial per-
turbations, OCR corruption, background and con-
textual shifts, and visual degradations (Xiao et al.,
2021; Li et al., 2023; Ryali et al., 2021). While
robustness has been extensively studied for general
VLMs, its implications for chart understanding re-
main less explored.

Robust Chart Understanding: Chart understand-
ing has attracted attention through the develop-
ment of many evaluation benchmarks (Tang et al.,
2023; Shankar et al., 2022; Akhtar et al., 2023a;
Masry et al., 2022, 2025a) Recent work has fur-
ther improved chart reasoning through instruction
tuning and reinforcement learning (Masry et al.,
2024, 2025b). Despite this progress, existing eval-
uations largely assume clean charts with consis-
tent layouts, high-resolution rendering, and reli-
able textual context, while studies have shown that
chart-understanding models remain susceptible to
factual errors, hallucinations, bias and deceptions
in more realistic settings (Huang et al., 2023; Is-
lam et al., 2024b; Mahbub et al., 2025b,a). Most
closely related, Mukhopadhyay et al. (2024) stud-
ied robustness under visual perturbations, evaluat-
ing whether models remain invariant to alternative
renderings of the same chart. In contrast, we ex-
tend robustness evaluation beyond visual rendering
to include prompt variation, cross-modal conflicts,
low-resolution displays, mobile layouts, and pre-
sentation variations commonly encountered in real-
world chart consumption.

3 The ROBUSTCHART360 Benchmark

In this section, we describe the RoO-
BUSTCHART360 construction pipeline (Figure 4),
consisting of four stages: (i) defining the robust-
ness taxonomy, (ii) collecting chart corpora, (iii)
creating verified task-specific Q&A pairs, and
(iv) evaluating VLLMs on the resulting benchmark.
Additional details are provided in Appendix §A.

3.1 Taxonomy Construction

We organize ROBUSTCHART360 around two com-
mon sources of robustness failures in real-world

chart understanding systems (Figure 1 & Table 3):
changes in surrounding textual context and changes
in how charts are rendered and viewed.

Textual and Cross-Modal Robustness (TC) eval-
uates whether models remain grounded in chart
evidence when textual information changes or con-
flicts with the visualization. Prior work shows that
chart captions and visualizations frequently em-
phasize different aspects of the data in real-world
documents (Kim et al., 2023), creating opportu-
nities for inconsistency between visual and tex-
tual channels. Motivated by these deployment sce-
narios, we evaluate three conditions TC1: Cap-
tion/Annotation Mismatch, where accompany-
ing text contradicts chart content; TC2: Input
Prompt Variation, where semantically equivalent
questions are expressed using different styles and
expertise levels; and TC3: Modality Gap, which
tests whether models rely on chart evidence or tex-
tual priors when visual and textual signals disagree.
Display and Presentation Robustness (DP) eval-
uates reliability under realistic viewing and render-
ing conditions that do not alter the underlying data.
This category includes: DP1: Low-Resolution
Plots, which simulate compressed screenshots and
degraded displays; DP2: Mobile Variants, which
test chart interpretation under small-screen layouts;
and DP3: Background Theme Variation, which
evaluates robustness to presentation changes such
as light, dark, and gray themes. These conditions
are important because charts are frequently con-
sumed through screenshots, reports, and mobile
devices, where resolution, layout, and presentation
can vary substantially (Wu et al., 2020).

3.2 Chart Corpus Collection

For each task, we construct realistic variants of
reference charts while preserving their semantics
and intended answer. This enables controlled eval-
uation under real-world variations. The only ex-
ception is input prompt variation (TC2), where the
chart is fixed and robustness is evaluated through
semantically equivalent question reformulations.

Textual and Cross-Modal Variants. We use
ChartQA (Masry et al., 2022), a widely-used real
world benchmark as the source for charts. These
tasks isolate robustness to textual inconsistencies,
linguistic variation, conflicting multimodal signals,
and rendering degradation while preserving the un-
derlying chart content and ground-truth answers.
For TC1 and TC3, we introduce controlled text-
based inconsistencies: TC1 targets caption, legend,
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Figure 2: Dataset summary by task and subcategory.

and annotation mismatches, while TC3 introduces
conflicts between textual and visual cues.

Display and Presentation Variants. For DP1, we
downscale collected charts using bilinear interpola-
tion to 50%, 33.3%, and 25% of the original width
and height, corresponding to 1 é, and % of the
original pixel count. For DP2 and DP3, we build a
separate chart corpus because ChartQA’s rendered
images and limited chart-type diversity do not sup-
port controlled layout or theme manipulation. Us-
ing an iterative human-in-the-loop process with
Claude-Opus-4.7 (Anthropic, 2026), we generate
paired desktop/mobile layouts and light/dark/gray
themes while preserving the underlying data, chart
semantics, and answers; all variants are manually
verified and refined rigorously.

3.3 Q&A Pair Creation

We construct Q&A pairs with task-specific pro-
cedures, separating ChartQA-derived tasks from
programmatically generated presentation variants.

Textual and Cross-Modal Variants. For TCI,
Q&A pairs are created through human-LLM col-
laboration and manually verified to ensure that an-
swers are grounded in the chart rather than incon-
sistent text. For TC2, we use Claude-Opus-4.7
to generate four semantically equivalent variants
of each original ChartQA question: expert, non-
expert, formal, and informal. These variants cap-
ture technical, lay, professional, and conversational
phrasing, respectively. Since each selected chart
contains two original questions, this yields 10 sam-
ples per chart. For TC3, we add a subtle but mis-
leading caption and formulate questions around its

claim, while deriving ground-truth answers solely
from the chart. Models that follow the caption are
penalized, whereas those that rely on the chart are
considered visually grounded.

Display and Presentation Variants. For DP1, we
reuse the original ChartQA questions, while for
DP2 and DP3, which are not ChartQA-derived,
we generate new Q&A pairs through an LLM-
assisted pipeline. To reduce generator-specific
bias and increase linguistic and reasoning diversity,
we prompt GPT-5.4 (OpenAl, 2026), Gemini-3.1-
Pro (Google DeepMind, 2026), and Claude-Opus-
4.6 (Anthropic, 2026) to generate 5 candidate ques-
tions per chart, and manually select the best one.

3.4 Dataset Composition & Diversity

ROBUSTCHART360 is designed to capture the ro-
bustness challenges that chart-understanding sys-
tems face in real-world deployment. It comprises
2,505 samples spanning six tasks and 23 subcat-
egories across two complementary dimensions:
Textual and Cross-Modal (58.9%), which eval-
uates robustness to linguistic variation and con-
flicting multimodal signals, and Display and Pre-
sentation (41.1%), which evaluates robustness to
changes in rendering quality, viewing conditions,
and visual presentation (Figure 2). Beyond these
robustness settings, ROBUSTCHART360 provides
substantial visual and linguistic diversity. It cov-
ers a wide range of chart types, including bar, line,
pie, donut, scatter, bubble, area, grouped-bar, and
stacked-bar charts (Table 4), as well as diverse ques-
tion formulations, vocabulary, and reasoning styles
(Table 5). Together, these characteristics make
ROBUSTCHART360 a realistic testbed for evaluat-
ing chart-understanding systems under deployment-
time semantic and perceptual variations. More de-
tails are provided in §A.4.

4 Method

Models: We evaluate robustness of both closed
and open-source VLMs under chart presentation
shifts. Proprietary models include GPT-5 and GPT-
5-mini (OpenAl, 2025), Claude-Sonnet-4.5 (An-
thropic, 2025), and Gemini-2.5-Pro/Flash (Co-
manici et al., 2025). In addition, we evaluate
recent open-source VLM families across varied
parameter scales, including Qwen3-VL (2B, 4B,
8B), InternVL3.5 (2B, 4B, 8B), and Gemma3 (4B,
12B, 27B) (Bai et al., 2025; Wang et al., 2025;
Gemma Team, 2025). This setup enables compar-
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TC1: Caption Mismatch

TC2: Input Prompt Variation

TC3: Modality Gap

Model
. . . E/N F/1

Orig. Mismatch A, Orig. Expert Non-exp. A [, Formal Informal A . Clean Aug. A,/
GPT-5 80 51 29 85.0 850 80.5 4.5 84.5 80.0 45 32,67 26.00 6.67
GPT-5-mini 78 47 31 85.0 84.0 86.5 0.0 87.0 84.0 3.0 4133 29.33 12.00
Claude-Sonnet-4.5 73 45 28 69.0 74.0 69.5 4.5 73.5 70.5 3.0 6254 4134 21.20
Gemini-2.5-Pro 77 46 31 87.0  88.0 85.5 2.5 87.0 87.0 0.0 5544 34.65 20.79
Gemini-2.5-Flash 69 42 27 78.0  80.0 80.0 0.0 81.0 78.5 2.5 46.80 32.65 14.15
Gemma3-27B 56 36 20 58.0 62.0 59.0 3.0 59.5 58.0 1.5 4330 26.67 16.63
Gemma3-12B 50 29 21 540 58.0 52.5 5.5 55.0 55.5 0.0 30.00 24.00 6.00
Gemma3-4B 35 13 22 40.5 400 40.0 0.0 425 375 50 50.67 4133 9.34
InternVL3.5-14B 65 38 27 82.0 785 71.5 1.0 79.5 80.0 0.0 62.67 50.00 12.67
InternVL3.5-8B 62 36 26 81.0  79.0 77.0 2.0 81.0 79.5 1.5 48.00 40.00 8.00
InternVL3.5-4B 63 34 29 80.0 785 76.0 2.5 79.5 78.0 1.5 5533 42.67 12.66
Qwen3-VL-32B 72 41 31 835 81.0 82.5 0.0 83.0 80.5 25 58.00 51.20 6.80
Qwen3-VL-8B 65 38 27 755 715 73.5 4.0 77.0 76.5 0.5 63.33 42.67 20.66
Qwen3-VL-4B 57 27 30 73.5 745 72.5 2.0 73.5 74.0 0.0 60.00 4533 14.67

Table 1: Textual and cross-modal robustness results on ROBUSTCHART360. All values are reported as percentages. Lower
A}, indicates stronger robustness. Green and red highlight the best and worst robustness gaps within each model group.

isons across access type, model family, and scale.

Evaluation Metric: Following Masry et al. (2022),
we use relaxed exact match accuracy for all tasks to
determine whether a model prediction is equivalent
to the reference answer.

Robustness Gap. To quantify performance degra-
dation under perturbations, we report a unified ro-
bustness gap:

Arob(Tn) = Aref(m) - min(Aref(m)v Amin(m) ),
where A,.t(m) denotes accuracy under the refer-
ence condition and A,;,(m) is the lowest accu-
racy among its corresponding variants. This metric
provides a compact summary of a model’s vulner-
ability to presentation shifts, with smaller values
indicating stronger robustness (A, = 0 indicating
no degradation).

5 Results and Analysis
5.1 Key findings

Benchmark success does not imply deployment
readiness. Tables 1 and 2 reveal substantial robust-
ness gaps across all evaluated models despite strong
performance on clean benchmark settings. Every
model experiences notable degradation under at
least one realistic robustness condition, including
frontier systems such as GPT-5, Gemini-2.5-Pro,
and Claude-Sonnet-4.5. Performance drops often
exceed 20 points and, in some cases and reach 53.5
points in the worst case (Qwen3-VL-8B in DP1).
Notably, no model consistently demonstrates ro-
bustness across all six evaluation conditions, sug-
gesting that current chart-understanding capabili-
ties remain fragile under realistic variations.

VLMs are relatively robust to prompt phras-
ing but vulnerable to misleading contextual in-

formation. Table 1 shows that not all language
variation affects chart understanding equally. In
TC2, semantically equivalent prompt reformula-
tions produce measurable but relatively modest per-
formance changes, with average robustness gaps
of 2.25 points for expert-to-non-expert phrasing
and 1.82 points for formal-to-informal phrasing.
Although 10 of 14 models exhibit some prompt
sensitivity, the largest observed drop is only 5.5
points. In contrast, changes to the surrounding tex-
tual context while leaving the chart unchanged lead
to substantially larger failures. In TCI, caption
and annotation mismatches degrade all 14 mod-
els, with an average robustness gap of 27.1 points;
GPT-5 drops from 80% to 51%, while Qwen3-VL-
32B falls from 72% to 41%. Similarly, TC3 yields
an average modality-gap drop of 13.0 points, with
Claude-Sonnet-4.5 and Qwen3-VL-8B losing more
than 20 points. These results indicate that cur-
rent VLMs are far more vulnerable to misleading
contextual information than to differences in user
phrasing, suggesting persistent reliance on textual
context when it conflicts with chart evidence.

No model is consistently robust across deploy-
ment conditions. Table 2 shows that robustness
varies substantially across display-side perturba-
tions and models. Low-resolution rendering (DP1)
is consistently the most challenging condition, de-
grading every model as resolution decreases. At
quarter resolution, Claude-Sonnet-4.5 experiences
the largest drop among closed models (A, =
41.0), while Qwen3-VL-8B suffers the largest drop
overall (Ao, = 53.5). In contrast, mobile layouts
(DP2) and background-theme variation (DP3) have
a smaller average effect but expose distinct model-
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DP1: Low-Resolution Plots

DP2: Mobile Variants

DP3: Background Theme Variation

Model
Orig. Half Third Quarter A,,, Light Dark A,,, Light Dark ADS™ Gray ASH

GPT-5 43 39 36 22 21 796 735 61 716 796 00 816 0.0
GPT-5-mini 41 365 34 17 24 796 673 123 796 694 102 796 0.0
Claude-Sonnet-4.5 54 325 155 13 41 694 694 00 673 694 00 714 0.0
Gemini-2.5-Pro 325 32 28 225 10 776 673 103 796 653 143 796 0.0
Gemini-2.5-Flash  26.5 245 21 16 105 735 714 21 673 735 00 776 0.0
Gemma3-27B 325 330 225 70 255 571 00 490 510 00 531 0.0
Gemma3-12B 375 365 280 115 260 429 449 00 510 510 00 429 81
Gemma3-4B 385 345 225 105 280 347 408 0.0 327 347 00 327 00

InternVL3.5-14B  65.5 62.0 35.0 16.5 49.0
InternVL3.5-8B 640 585 375 13.0 51.0
InternVL3.5-4B 540 56.0 36.0 12.5 415
Qwen3-VL-32B 68.0 52.0 33.0 20.5 47.5
Qwen3-VL-8B 68.5 520 29.0 15.0 53.5
Qwen3-VL-4B 66.5 48.0 265 15.5 51.0

55.1 2.0 469 449 2.0 42.9 4.0

51.0 49.0 2.0 51.0 57.1 0.0 55.1 0.0
51.0 531 0.0 592 51.0 8.2 57.1 2.1
59.2 612 0.0 59.2 551 4.1 59.2 0.0
469 510 0.0 51.0 51.0 0.0 55.1 0.0
38.8 3838 0.0 49.0 49.0 0.0 51.0 0.0

Table 2: Textual and cross-modal robustness results on ROBUSTCHART360. All values are reported as percentages. Lower
A1, indicates stronger robustness. For DP1 and DP2, A, ;, denotes the maximum performance drop from the baseline. For

DP3, APO?;k and Aifsy are measured relative to the light-theme baseline. Green and red highlight the best and worst robustness

gaps within each model group.
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Other Have Worsened
100%
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- =
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the US. was 15%.

year did both favorability Q: Excluding Rock, which genre is closest

favorai
Q: Inw
ratings converge at exactly 44%? to Rock's popularity in the 2020s?

Gold: Pop
Gemini-2.5-Pro: Country

Gold: Pop
Gemini-2.5-Pro: Country

Figure 3: Representative robustness failures. Left: A
misleading caption shifts the model from the correct
chart-grounded answer to an incorrect text-grounded an-
swer. Right: A presentation-only change (background)
leads to wrong answer despite unchanged data.

specific weaknesses, particularly for GPT-5-mini
and Gemini-2.5-Pro. Importantly, robustness un-
der one condition does not imply robustness under
another. For example, Claude-Sonnet-4.5 is nearly
invariant to mobile and theme changes yet exhibits
one of the largest low-resolution failures. These
findings indicate that chart-understanding robust-
ness is multi-dimensional and cannot be adequately
characterized by a single benchmark score.

5.2 Qualitative Analysis

To complement our quantitative evaluation, we
manually analyzed 60 failure cases across the
six robustness conditions and identified recurring
weaknesses in multimodal grounding and visual
reasoning. Figure 3 highlights two representative
examples. In the modality-gap setting (left), sev-

eral models switch from the correct answer (2009)
to an incorrect answer (2011) after reading a mis-
leading caption claiming that the two favorability
ratings converged at 44% in 2011, despite the chart
clearly indicating that this occurred in 2009. This
behavior suggests that models can rely on surround-
ing textual cues rather than chart evidence when
the two conflict. In the background-theme setting
(right), Gemini-2.5-Pro incorrectly predicts Coun-
try instead of Pop even though only the chart’s
visual presentation changes while the underlying
data remain identical. Together, these examples
illustrate the two dominant failure modes observed
throughout ROBUSTCHART360: over-reliance on
contextual text and sensitivity to presentation-level
visual variation.

6 Conclusion and Future Work

This paper introduced ROBUSTCHART360, a com-
prehensive benchmark for evaluating the robust-
ness of VLMs under realistic chart understanding
conditions. Through large-scale evaluation across
14 proprietary and open-source VLMs, we showed
that current models remain substantially brittle un-
der practical deployment variations, despite strong
performance on standard chart benchmarks. Mod-
els remain highly vulnerable to misleading textual
context, modality conflicts, and degraded visual
quality, with performance drops of up to 31% un-
der caption mismatches, 21.2% under modality
gaps, and over 50% under severe low-resolution
conditions. In contrast, linguistic phrasing varia-

2799



tions produce comparatively modest degradation,
indicating that failures primarily stem from weak-
nesses in multimodal grounding and visual fidelity
rather than surface-level language variation. We
hope ROBUSTCHART360 serves as a foundation
for developing more robust, visually grounded, and
deployment-ready multimodal systems for chart
understanding. Future extensions will explore ad-
ditional robustness dimensions, including multilin-
gual charts, OCR corruption, adversarial perturba-
tions, and interactive dashboards.

Limitations

This work provides a broad robustness benchmark
for chart understanding, but it does not cover all
possible real-world visualization settings. RoO-
BUSTCHART360 focuses on static chart images
and question-answering-style evaluation. It does
not fully capture interactive dashboards, animated
visualizations, multi-step analytical workflows, or
multilingual chart understanding. This benchmark
only emphasizes selected perturbation types, such
as textual mismatch, prompt variation, modality
gaps, low resolution, mobile layouts, and back-
ground theme changes, leaving other practical fac-
tors such as OCR corruption, compression artifacts,
extreme cropping, adversarial chart manipulation,
and domain-specific visualization conventions for
future work.

Our evaluation is limited to a fixed set of propri-
etary and open-source VLMs available at the time
of experimentation. Since closed-source models
may change over time and their training data, ar-
chitectures, and inference procedures are not fully
transparent, our results should be interpreted as em-
pirical observations rather than causal explanations
of model behavior. In addition, although we use
manual verification and automated judging to sup-
port reliable evaluation, both generated question-
answer pairs and LLM-as-a-judge scoring may still
contain occasional errors. Future work can expand
the benchmark with larger human validation, more
diverse chart domains, and additional robustness
dimensions.

Ethics Statement

This work is intended solely for scientific research
on the robustness of vision-language models for
chart understanding. Our benchmark is built from
publicly available chart resources and controlled
perturbations, and does not intentionally include

private, personally identifiable, or sensitive infor-
mation. The introduced mismatches and visual
variations are designed only for diagnostic evalua-
tion, not to promote deceptive visualization prac-
tices. Open-source models are used according to
their licenses, and proprietary models are accessed
through official APIs. We encourage users of this
benchmark to report limitations clearly and avoid
using the results as evidence of reliability in high-
stakes decision-making settings.
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A The ROBUSTCHART360 Benchmark

A.1 Taxonomy Construction

Robustness in chart understanding is not a single
failure mode. Existing chart QA benchmarks have
advanced visual and logical reasoning over charts,
but they often evaluate models under relatively
clean settings (Masry et al., 2022). Recent work
further shows that more diverse, real-world chart
settings can expose substantial gaps in LVLM per-
formance (Masry et al., 2025a). In deployment,
charts appear in news articles, dashboards, slide
decks, PDF reports, social media posts, and ac-
cessibility tools, where visual and textual signals
may be compressed, reformatted, incomplete, or
rhetorically framed.

We therefore design the ROBUSTCHART360 tax-
onomy around two broad channels through which
chart understanding can break. Textual and cross-
modal robustness tests whether models remain
grounded when captions, legends, annotations, or
user questions are misleading, stylistically varied,
or inconsistent with the visual evidence. This group
captures failures caused by changes in the linguis-
tic or multimodal context surrounding the chart,
including cases where models may over-rely on tex-
tual priors rather than visually verifying the plotted
evidence.

Display and presentation robustness tests
whether models remain reliable under realistic ren-
dering, viewing, and presentation shifts. This in-
cludes low-resolution screenshots, mobile layouts,
dark mobile interfaces, and background theme
variation. These conditions are practically im-
portant because charts are often consumed un-
der constrained devices and interface settings,
and accessibility guidelines emphasize that mean-
ingful visual information should remain distin-
guishable from adjacent colors, including non-text
graphical elements (World Wide Web Consortium,
2025). Background and theme changes further test
whether models preserve chart semantics under
presentation-level variation that should not alter
the underlying data interpretation.

Together, these groups convert robustness from
a broad desideratum into testable deployment-
relevant questions: Does the model privilege visual
evidence over misleading text? Does it remain re-
liable under constrained display and presentation
settings? Does it preserve chart reasoning when
visual styling changes but the underlying chart se-
mantics remain fixed? Table 3 summarizes the

resulting taxonomy of seven task families.

A.2 Chart Corpus Collection

TC1. For the caption/legend mismatch task, we
use charts from the popular ChartQA dataset,
which provides a diverse collection of real-world
charts. We select charts containing captions, leg-
ends, or annotations so that controlled textual mis-
matches can be introduced without modifying the
underlying visual data.

TC2. Real-world users ask chart questions in var-
ied styles, from technical to informal or incomplete
phrasing. We test VLM robustness by keeping
the chart and answer fixed while perturbing only
the question, thereby isolating linguistic robustness
from visual understanding. We randomly selected
100 chart images from the ChartQA (Masry et al.,
2022) for this analysis.

TC3. For the modality-gap robustness task, we
select chart images from ChartQA dataset and keep
the original visualization unchanged, including the
chart structure, color scheme and labels. We then
add a misleading caption that contradicts the vi-
sual evidence, allowing us to evaluate whether the
model grounds its answer in the chart or is influ-
enced by misleading textual context.

DP1. For low-resolution plots, we use charts
from ChartQA, a dataset of charts paired with
human-annotated and machine-generated question—
answer pairs. We preserve the original chart struc-
ture, color scheme, and textual content, and perturb
only the image resolution.

DP2. For the mobile variants, we synthetically
generated chart pairs using Claude Opus 4.7 (An-
thropic, 2026) through an iterative human-in-the-
loop process. The model was instructed to create
charts of specific types using HTML along with
Highcharts.js (Highcharts, 2026), which were then
rendered as screenshots in a headless browser. For
each chart, the model generated both the desktop
website version and its corresponding mobile ver-
sion. The chart pairs were manually verified for
correctness and, when necessary, iteratively refined
using the LLM.

DP3. For the dark variants, we followed a simi-
lar approach to the mobile variants in DP2, using
Claude Opus 4.7 (Anthropic, 2026) through an it-
erative human-in-the-loop process. In this case,
the model was instructed to generate a dark-mode
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Robustness Group Tasks

What It Measures

Textual and Cross-Modal
Robustness

TC3: Modality Gap

Display and Presentation

Robustness DP2: Mobile Variants

DP3: Background Theme Variation

TC1: Caption/Annotation Mismatch
TC2: Input Prompt Variation

DP1: Low-Resolution Plots

Tests whether VLMSs remain visually grounded
when the textual channel changes, becomes
misleading, or conflicts with the visual
evidence in the chart.

Tests whether VLMs remain reliable under
realistic rendering, viewing, and presentation
shifts, including compression, small screens,
dark mobile layouts, and background changes.

Table 3: Taxonomy of robustness groups in ROBUSTCHART360. The benchmark groups seven task families
according to how real-world variation enters chart understanding: through textual or cross-modal interference, or

through display and presentation shifts.

1 Taxonomy Construction

- |

TC + DP
Taxonomy

2 Chart Corpus Collection

[ (i

ChartQA + Controlled
Synthetic Variants
Charts

—_

Real-World
Failures

3 Q&A Pair Collection 4 Model Evaluation

20 8-8
specifie 19— ]y
> ke, B2 > 9 _, g
ChartQA Qs + ey Verified VLM Exact Match
Generated Q&A Pairs Response Accuracy
Charts (Script-Based)

Figure 4: Overview of the ROBUSTCHART360 construction and evaluation pipeline. ROBUSTCHART360 is
constructed by defining a TC/DP robustness taxonomy, collecting ChartQA-derived and synthetic chart corpora,
generating controlled chart variants, and creating verified task-specific Q&A pairs. We perform automatic script

based VLM evaluation.

variant for each synthetically generated chart. The
resulting chart pairs were manually evaluated for
correctness and refined iteratively when needed.

A.3 Q&A Pair Creation

TC1. For the caption/legend mismatch task, for
each selected chart, we created a perturbed chart
with a manually introduced caption, legend, or an-
notation mismatch. The question—answer pairs
were created through human and multiple-LLM
collaboration, followed by manual verification to
ensure that the correct answer was grounded in the
visual chart rather than the mismatched text.

TC2. For the 100 selected charts from ChartQA,
we used Claude-4.7-Opus to generate four semanti-
cally equivalent question variants per chart: expert,
non-expert, formal, and informal. These variants
capture technical, lay, professional, and conversa-
tional phrasing, respectively. Since each of the se-
lected charts has two original questions, our dataset
contains 10 samples per selected chart.

TC3. To evaluate whether VLMs rely on visual
evidence or textual priors when interpreting charts,
we construct modality-gap Q&A pairs by introduc-
ing controlled inconsistencies between the chart
image and its accompanying textual context. For
each selected chart, we create an augmented ver-
sion that includes a caption containing a subtle but

misleading claim about the visualized data. The
corresponding question is then designed around
this misleading textual claim, while the ground-
truth answer is determined strictly from the chart
itself. Therefore, a model that answers based on
the caption is considered to be relying on textual
cues and is marked incorrect, whereas a model that
answers based on the chart is considered visually
grounded.

DP1. To construct the low-resolution variants
used in DP1, we collected 200 samples from the
ChartQA dataset. Each original chart image was
systematically downscaled to three reduced reso-
lutions using bilinear interpolation. Specifically,
the half-resolution variant was produced by scaling
both the width and height of the original image to
50% of their original dimensions, resulting in an
image with one-quarter the total pixel count. The
third-resolution variant was obtained by scaling
each spatial dimension to 33.3%, yielding approxi-
mately one-ninth the original pixel area, while the
quarter-resolution variant was created by reduc-
ing each dimension to 25%, retaining only one-
sixteenth of the original pixel count.

DP2. & DP3. To generate diverse chart-
grounded QA pairs for the background-theme and
mobile-variant settings, we use an LLM-assisted
question—answer generation process. To reduce
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Chart Type . TC1: . TC2: T?S: DP1: . DP2.: DP3:
Caption/Annotation Prompt Var. Modality Gap Low Resolution Mobile Background
il Bar Chart 118 35 6 472 6 24
~ Line Chart 64 19 254 128 12 18
Pie Chart 14 11 0 24 4 6
O Donut Chart 0 0 0 0 6 9
Scatter Plot 0 0 0 0 4 3
-** Bubble Chart 0 0 0 0 4 6
4 Area Chart 0 0 0 0 6 12
Grouped Bar 4 15 0 72 16 12
I Stacked Bar 10 20 0 104 14 18
" Other 0 0 0 0 26 39
Total 200 100 260 800 98 147

Table 4: Chart-type coverage across benchmark tasks.

Task

#Samples Unique Q. Tokens Q. TTR Avg. Q. Tokens Avg. Q. Chars.

Avg. Ans. Tokens Avg. Ans. Chars.

TCI: Caption/Annotation Mismatch 200 349 0.15 11.54 67.42 1.36 543
TC2: Input Prompt Variation 1000 869 0.08 11.25 62.57 1.47 5.60
TC3: Modality Gap 260 298 0.08 12.21 70.79 1.09 3.23
DP1: Low-Resolution Plots 800 738 0.07 12.12 66.09 1.56 5.37
DP2: Mobile Variants 98 299 0.21 14.69 85.53 1.18 5.98
DP3: Background Theme Variation 147 299 0.14 14.69 85.53 1.18 5.98

Table 5: Linguistic statistics of the benchmark by task. Q. denotes question, Ans. denotes answer, and TTR denotes

type-token ratio.

model-specific bias in the generation process, we
prompt three state-of-the-art proprietary multi-
modal models, such as GPT-5.4 (OpenAl, 2026),
Gemini-3.1-Pro (Google DeepMind, 2026), and
Claude-Opus-4.6 (Anthropic, 2026), with each
chart image and ask each model to generate five
questions. We explicitly encourage diversity across
question types, including factoid questions that
require precise visual extraction, fact-checking
questions that assess the validity of chart-grounded
claims, and hypothetical questions that require rea-
soning over the visualized data. This QA-pair gen-
eration strategy helped diversify the linguistic form,
reasoning pattern, and visual evidence required by
the questions, while reducing reliance on the biases
or preferences of any single generator model.

A.4 Dataset Stats.

Figure 2 presents the dataset distribution across two
broad evaluation dimensions, namely Textual and
Cross-Modal (TC) and Display and Presentation
(DP), comprising a total of 2505 samples, respec-
tively. The TC dimension encompasses three tasks
including Caption/Annotation Mismatch (200 sam-
ples), Input Prompt Variation (1,000 samples across
five subcategories of Original, Expert, Non-expert,

Formal, and Informal with 200 samples each), and
Modality Gap (260 samples evenly split between
Clean and Augmented). The DP dimension cov-
ers four tasks including Low-Resolution Plots (800
samples across Original, Half, Third, and Quar-
ter subcategories with 200 samples each), Mobile
Variants (98 samples split evenly between Light
and Dark) and Background Theme Variation (147
samples distributed equally across Light, Dark, and
Gray subcategories). In total, the dataset comprises
2,505 samples spanning 23 subcategories across
seven tasks, ensuring broad coverage of real-world
visual and linguistic perturbations.

A.4.1 Chart Type Diversity

Table 4 summarizes the chart-type diversity across
benchmark tasks. The benchmark contains 1,645
chart instances across six tasks, covering both com-
mon and specialized visualization types. Bar charts
form the largest group, with 661 instances (40.2%),
followed by line charts with 495 instances (30.1%).
The benchmark also includes substantial coverage
of stacked bar charts (166; 10.1%) and grouped bar
charts (119; 7.2%), enabling evaluation on multi-
series visual reasoning. Less frequent but important
chart types, including pie, donut, scatter, bubble,
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and area charts, are also represented, particularly
in the mobile and background-theme settings. This
distribution reflects both the prevalence of bar and
line charts in real-world chart corpora and our effort
to include diverse visual encodings across tasks.

A.4.2 Linguistic Diversity

Table 5 reports the linguistic diversity of the bench-
mark across 2,505 samples. The tasks vary in lexi-
cal diversity, with unique question tokens ranging
from 298 in TC3 to 869 in TC2, and question TTR
ranging from 0.07 to 0.21. Question length also
varies across tasks: average question length ranges
from 11.25 to 14.69 tokens and 62.57 to 85.53 char-
acters, with DP2 and DP3 containing the longest
questions on average. In contrast, answers remain
concise across all tasks, averaging 1.09-1.56 to-
kens and 3.23-5.98 characters. These statistics in-
dicate that the benchmark evaluates models under
diverse question formulations while maintaining
short, factoid-style answers suitable for controlled
automatic evaluation.

B Additional Results and Analysis

B.1 TCI1. Caption/Annotation Mismatch

Table 1 shows that mismatched captions and anno-
tations substantially reduce model accuracy across
both closed-source and open-source VLMs. For ex-
ample, GPT-5 drops from 80 on the original charts
to 51 when the caption, legend, or annotation is
mismatched, even though the visual chart content
remains unchanged. Similar drops are observed
for open-source models, such as Qwen3-VL-32B,
which decreases from 72 to 41. The consistent neg-
ative delta across both model groups indicates that
VLMs often rely on misleading textual cues instead
of fully verifying the visual evidence in the chart.

B.2 TC2. Input Prompt Variation

Table 1 shows that prompt phrasing has a modest
but consistent effect on chart QA performance. Un-
like caption mismatch or modality gap, the drops
are relatively small: the average robustness gap is
2.25 points for expert-to-non-expert and 1.82 points
for formal-to-informal phrasing. This indicates that
VLMs are generally more robust to linguistic varia-
tion than to misleading chart context.
Closed-source models achieve the highest ab-
solute accuracy, with Gemini-2.5-Pro perform-
ing best and remaining highly stable across vari-
ants. However, strong models are not always

the most phrasing-invariant: GPT-5 and Claude-
Sonnet-4.5 both show 4.5-point drops from ex-
pert to non-expert prompts. Among open models,
InternVL3.5 and Qwen3-VL variants often show
small robustness gaps despite lower absolute ac-
curacy, while Gemma3 models are more sensitive,
especially Gemma3-12B under non-expert phras-
ing and Gemma3-4B under informal phrasing.
Overall, TC2 suggests that prompt variation can
be a meaningful robustness challenge. Non-expert
or informal wording does not uniformly hurt perfor-
mance, but single-prompt evaluation can obscure
model-specific sensitivity to user phrasing, as illus-
trated by representative failure cases in Table 6.

B.3 TC3. Modality-gap

Table 1 presents the clean and augmented cross-
modal consistency results across closed-source and
open-source VLMs. In the augmented setting, each
chart is paired with a misleading caption, creating
a controlled modality gap between the visual evi-
dence and the accompanying textual information.
Therefore, a performance drop from the clean to
the augmented setting indicates that the model re-
lies more on the misleading textual information
than on the actual visual evidence in the chart.
From the results, we observe that most models
show clear degradation under this setting. Among
closed-source models, GPT-5 drops from 32.67%
to 26.00%, while GPT-5-mini and GPT-5-nano de-
crease by 12.00 and 12.21 points, respectively. Sim-
ilar trends are observed for open-source models,
where Qwen3-8B drops from 63.33% to 42.67%,
and InternVL3.5-14B decreases from 62.67% to
50.00%. Although Qwen3-32B shows a smaller
reduction, its performance still decreases under the
misleading caption setting. These results suggest
that most VLMs tend to over-rely on textual in-
formation, even when it conflicts with the visual
evidence in the chart.

B.4 DP1. Low-resolution Plots

Table 2 demonstrates that the resolution degrada-
tion consistently imposes a performance cost across
all evaluated models, yet the magnitude of this
effect varies substantially. Among closed-source
models, the Gemini family demonstrates the great-
est resilience, with Gemini-2.5-Pro and Gemini-
2.5-Flash achieving robustness drops (A,.;) of
only 10.0 and 10.5, respectively. By contrast,
Claude-Sonnet-4.5 exhibits the steepest degrada-
tion among closed-source models (A,..;, = 41), col-
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Number of employed people from 2009 to 2019

Question: Subtract the 2019 value from the actual
peak value.

Gold Answer: 1.69

Qwen3-VL-4B Response: 1.69

Employment stays near record highs at the end of the decade

nearecord inish 7.4

Employed people in millions

7575

Question: Subtract the 2019 value from the actual
peak value.

Gold Answer: 1.69

Qwen3-VL-4B Response: O

Figure 5: Example of caption/annotation mismatch. Although the chart values support the correct answer of 1.69,
the mismatched annotation causes the model to follow the misleading textual cue and return 0, showing weak

grounding in the visual chart evidence.

lapsing from 54.0 at full resolution to just 13.0 at
quarter resolution, suggesting that its visual pars-
ing strategy is strongly reliant on fine-grained pixel
detail. A similar pattern holds across open-source
models. The highest-performing families at full res-
olution suffer the most severe drops, with Qwen3-
VL-8B and InternVL3.5-8B recording A,.,;, values
of 53.5 and 51.0, respectively. The Gemma3 family,
while performing more modestly overall, exhibits
comparatively higher robustness (A,,, = 28.0),
echoing the closed-source Gemini trend. Taken
together, these results indicate a systematic ten-
sion between high-resolution accuracy and low-
resolution robustness. The models optimized for
strong visual feature extraction tend to be dispro-
portionately sensitive to image quality degradation,
which has important practical implications for de-
ployment in bandwidth-constrained or low-fidelity
display environments.

B.5 DP2. Mobile Variants

Table 2 shows that mobile rendering produces a rel-
atively mild shift for open models but a clearer
degradation for closed models. Closed models
achieve higher absolute accuracy under the light-
mobile condition, but their average performance
drops from 75.9 to 69.8 under dark mobile render-
ing, with the largest robustness gaps observed for
GPT-5-mini (12.3) and Gemini-2.5-Pro (10.3). In
contrast, open models are largely stable: their aver-
age accuracy slightly increases from 48.5 to 50.1,
and most models have a robustness gap of 0.0, in-
dicating no degradation relative to the light-mobile

baseline. The only open models with non-zero
gaps are InternVL3.5-14B and InternVL3.5-8B,
both with a small drop of 2.0 points. Overall, the
results suggest that mobile aspect ratio changes do
not uniformly degrade chart understanding; instead,
robustness depends strongly on model family, with
several open models showing greater invariance
despite lower absolute accuracy.

B.6 DP3. Background Theme Variation

Table 2 shows that background perturbations af-
fect model performance, but the effect is model-
dependent rather than uniformly harmful. Closed
models obtain an average accuracy of 74.3 under
the light background, drop to 71.4 under the dark
background, and increase to 78.0 under the gray
background. Their gray-background robustness
gap is 0.0 for all models, indicating that no closed
model is harmed by the gray variant relative to the
light baseline. However, the dark background ex-
poses substantial weaknesses in some otherwise
strong models: GPT-5-mini and Gemini-2.5-Pro
show large robustness gaps of 10.2 and 14.3 points,
respectively, while GPT-5, Claude-Sonnet-4.5, and
Gemini-2.5-Flash remain unaffected. Open mod-
els show a more heterogeneous pattern: several
models are stable or improve under both dark and
gray backgrounds, but InternVL3.5-4B and Qwen3-
VL-32B degrade under dark, while Gemma3-12B
and InternVL3.5-14B degrade under gray. Overall,
the experimental results suggest that background
robustness is highly model-specific; gray themes
are often safe or beneficial, whereas dark themes
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Many think China's global influence will
decline after the coronavirus outbreak

% who say each will have influence in world affairs
r.l_,l"h'r the coronavirus outbreak compared to before the
outbreak
More About the Less
same

“Americans G igher

LLE, for Dealing With Coronavirus™

PEW RESEARCH CENTER

Type Question

Original What’s the leftmost value of the bar in
China?

Expert What is the value of the leftmost bar associ-
ated with China?

Non-expert What number is on the bar farthest to the left
for China?

Formal What is the value of the leftmost bar for
China?

Informal What’s the value of China’s bar on the far
left?

Gold Answer 17

Figure 6: Question variations for the same ChartQA example.

can cause notable failures even in high-performing
proprietary models.

C ROBUSTCHART360 Examples

In this section, we provide representative samples
from ROBUSTCHART360 across each categories.

TC1: Caption/Annotation Mismatch. This set-
ting evaluates whether VLMs remain grounded in
the visual chart evidence when accompanying tex-
tual elements, such as captions, legends, or anno-
tations, conflict with the underlying data. Figure 5
shows a representative failure case: the chart itself
indicates that the actual peak employment value is
776.40 and the 2019 value is 774.71, so the cor-
rect subtraction result is 1.69. However, the mis-
matched annotation leads Qwen3-VL-4B to return
0, suggesting that the model follows the misleading
textual cue rather than verifying the plotted values.
This example illustrates how caption or annotation
mismatches can expose weak visual grounding in
chart question answering.

TC2. Input Prompt Variation: Prompt-
variation robustness in Figure 6 shows how the
same chart question can be phrased in multiple se-
mantically equivalent ways while still requiring the

same answer. The chart on the left is a bar chart
about views on whether China’s global influence
will change after the coronavirus outbreak. For
China, the leftmost bar segment represents the per-
centage who say China will have more influence,
and the value shown is 17. On the right, the same
question is rewritten in different styles, including
original, expert, non-expert, formal, and informal
versions. Although the wording changes, all ver-
sions ask for the same visual information, so the
gold answer remains 17.

Table 6 expands this idea by showing a table of
model performance across equivalent prompt pairs.
It highlights cases where a model answers one ver-
sion of a question correctly but fails when the ques-
tion is rephrased in a non-expert or informal style.
The green columns show the successful query and
correct prediction, while the red columns show the
failed reformulation and the incorrect prediction.
Examples include models such as GPT-5, Qwen3-
VL-32B, Gemini-2.5-Flash, and InternVL3.5-4B
making mistakes even when the rewritten question
has the same meaning as the original.

TC3. Modality-gap robustness Modality-gap
robustness setting in Figure 7 tests whether vision-

2809



Model Pair Gold Correct Query Correct  Failed Query Failed
Pred. Pred.

GPT-5 Orig.—Non-exp. Spain Which country data is consistently Spain Which country stays above 1.5 kg the None
above 1.5 kg? whole time?

GPT-5 Formal—Informal 2 How many “Fairly well” bars are re- 2 How many “Fairly well” bars are the 4
peated at the same value? same?

Qwen3-VL-32B  Orig.—Informal 18 What is the timespan measured in the 18 How many years are shown on the 9
graph in years? graph?

Qwen3-VL-32B  Expert—Non-exp. 7.53 Subtract the minimum male life ex- 7.53 Take the lowest male life expectancy 6.12
pectancy from the median female life and subtract it from the middle fe-
expectancy over the years. male life expectancy value across all

years.

Gemini-2.5-Flash  Orig.—Non-exp. No Is the median of green graph from No Is the middle value of the green graph Yes
2002 to 2006 greater than smallest from 2002 to 2006 bigger than the
value of orange graph? smallest value on the orange graph?

Gemini-2.5-Flash  Formal—Informal 87.5 What is the sum of the median values 87.5 What’s the blue median plus the 44
of the blue and green graphs? green median?

InternVL3.5-4B Orig.—Informal Yes Is the starting value of China in the Yes Does China start off over 40% in the No
graph greater than 40%? graph?

InternVL3.5-4B Expert—Non-exp. 4 How many shows in the chart have a 4 How many shows have viewers who 5

higher median viewer age than The

are older than the people watching

Daily Show?

The Daily Show?

Table 6: Representative examples where a model correctly answers one prompt formulation but fails a semantically
equivalent non-expert or informal variant. Green columns indicate successful predictions, while red columns

highlight failures caused by prompt reformulation.

language models rely more on the actual chart im-
age or on misleading textual context added around
it. Each example shows an original chart alongside
an augmented version that includes extra descrip-
tive text, which can contradict or distract from the
visual evidence. The questions ask for specific val-
ues from the charts, such as the year when U.S.
and Russian favorability ratings both reached 44%,
or the percentage for “U.S. respects personal free-
doms” in 2014. The gold answers are shown in
green, while incorrect model responses are shown
in red. The results demonstrate that some models
correctly extract information from the chart, while
others are misled by the added text and give an-
swers that are inconsistent with the visual data.

DP1: Low-Resolution Plots Figure 8§ illustrates
how reducing chart resolution can significantly af-
fect model performance. For each plot, the models
are able to produce the correct answer when the
chart is shown at its original size. In that case axis
labels, data values, legends, and category names
are clearly visible. However, when the same charts
are presented in quarter resolution, important vi-
sual details become blurred or difficult to read. As
a result, the models misinterpret numerical values,
confuse categories, or fail to identify the correct
trend, leading to incorrect answers.

DP2. Mobile Variants In the mobile variants
category (Figure 9), charts are shown in a compact
mobile-style layout and models are asked to an-
swer visual reasoning questions. The examples in-

clude different chart types, such as line charts, area
charts, horizontal bar charts, donut charts, stacked
bar charts, and grouped bar charts. Each panel com-
pares the gold answer with responses from a closed
model and an open model. The results show that
mobile-style chart layouts can create challenges
for model interpretation, especially when the task
requires precise comparison, identifying category
changes, estimating relationships between values,
or verifying whether a statement is true or false.
While some questions are answered correctly by
both models, other examples show errors caused
by misreading chart values, confusing nearby cat-
egories, or failing to reason over multiple visual
elements. Overall, the figure highlights that mo-
bile chart variants can affect model reliability even
when the visual information needed to answer the
question is present in the chart.

DP3. Background Theme Variation Figure 10
presents examples from the background theme vari-
ation category, where charts are rendered with dif-
ferent visual themes such as dark backgrounds,
light backgrounds, and varied color palettes. The
panels include several chart types, including line
charts, area charts, horizontal bar charts, donut
charts, stacked bar charts, and grouped bar charts.
Each example shows the chart, the question, the
gold answer, and responses from both GPT-5 and
Qwen3-VL-32B-Instruct. The results illustrate that
changes in background style and color contrast
can influence model performance, especially when
the task requires comparing values, identifying the
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! Question: In_what yea;r did both favo_rability ra;tings co_nverge ét exactl_y 44%?!
! - - - - - 4

Russian and American Opinions of Each ian and ican Opinions of Each
Other Have Worsened ‘1’:;‘“ Have Worsened
100% U.S. favorabilit Russia
S — Gold: 2009 = Gold: 2009
GPT-5-mini: 2009 — \ GPT-5-mini: 2011

0_—-/“*\0—'\ Gemini-2.5-Pro: 2009 | Gemini-2.5-Pro: 2011
' <o InternVL3.5-14B:2007  °7 ®* ®* ** == InternVL3.5-14B:2011
0 ~ Qwen3-VL-32B: 2009 e REscanoHcEvTER Qwen3-VL-32B: 2009

2007 2009 2011 2013 2015

Caption: A Pew Research Center line graph tracking mutual favorability

between 2007 and 2015. The data shows that U.S. favorability in Russia
i - T e and Russia's favorability in the U.S.
PEW RESEARCH CENTER FFEWWhile both trends declined sharply afterward, the U.S.

favorability in Russia ‘TR EAin 2010. By the end of the study in

2015, U.S. favorability in Russia had dropped to 22%, while Russia's
favorability in the U.S. was 15%.

Question-: What p-ercentage is sh<-)wn for ‘-U.S. res-pects p(-ersonal fréedoms’- in 20147 |

Brazilian Views of U.S. on the Rebound
Brazilian Views of U.S. on the Rebound

e Gold: 51% : Gold: 51%
R GPT-5-mini: 48% \/ GPT-5-mini: 30%
2N Gemini-2.5-Pro: 51% :

Gemini-2.5-Pro: 51%
\/ “o InternVL3.5-14B:51% InternVL3.5-14B: 30%

Qwen3-VL-32B: 51% : Qwen3-VL-32B: 51%
30 Caption: A line graph from Pew Research Center showing a "rebound" in Brazilian
2013 2014 2015 public opinion of the U.S. following revelations of NSA spying on President Rousseff.
RLEYEICE LR GE R U Effconfidence in Obama returned to a high of 73%,

P while EYEE RN ITIRAUSEEIEEE, nterestingly, the perception that the
U.S. respects personal freedoms gl R R L T e
Tibefore rising slightly in 2015.

Figure 7: Examples from the modality-gap robustness category. Each example presents the original chart and
its augmented version with misleading textual context. For each case, we show the question, gold answer, and
responses from multiple closed-source (e.g., GPT-5, Gemini) and open-source (e.g., InternVL, Qwen3-VL) VLMs.
Text highlighted in red marks the injected claims that contradict the chart. For example, in the second sample it
states that “U.S. respects personal freedoms” remained the lowest throughout and fell to 30% in 2014, whereas this
line is in fact the highest in 2013 (76%) and its 2014 value is 51%.

closest category, or reasoning across multiple chart
elements. In some cases, both models correctly
match the gold answer, while in others the open
model produces incorrect responses, such as select-
ing the wrong month, category, or truth value.
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Q: What was the youth
unemployment rate in Bosnia
and Herzegovina in 20197
Gold: 33.97

GPT-5-mini: 33.8
Gemma3-4B: 13.6
Internvl3.5-8B:-11.0

Q: What is the most popular
disinfectant brand in
Singapore?

Gold: Dettol

GPT-5-mini: Dettol
Gemma3-4B: Lysol
Internvl3.5-8B: Dettol

Q: What was the average CPV
of youtube ads viewed by
Millennials on desktop?
Gold: 0.05

GPT-5-mini: 0.05
Gemma3-4B: 0.08
Internvl3-8B: 0.01

Q: What was the value of
loans of FDIC-insured
commercial banks secured by
real estate in dollars in 2019?
Gold: 4.6

GPT-5-mini: 4.6
Gemma3-4B: 1.3
Internvl3.5-8B: 1.65

Figure 8: Examples of low resolution. Top row show the response to the charts downsampled to 25% of the original
resolution, while the bottom row show the response to the charts downsampled to 50%. Each panel shows the chart,
question, gold answer, GPT-5-mini, Gemma3-4B, and Internvl3.5-8B response.
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Tech Stock Prices Q1 2025

- AAPL - GOOGL % MSFT

Q: In which month is the gap between
MSFT and AAPL the largest?

Gold: May

Closed (GPT-5): May

Open (Qwen3-VL-32B-Instruct): Jun

Marketing Budget Allocation

Research -

Digital Ads

PR
Events (

Q: Which category would become the
second-largest allocation if Digital Ads
were removed from the chart?

Gold: Content

Closed (GPT-5): Events

Open (Qwen3-VL-32B-Instruct):

Content

Daily Website Visitors

8k

7k

6k

sk

aK

Visitors

3k

2

Mon Tue Wed Thu Fri Sat Sun

Desktop == Mobile

Q: Which series leads for more days
across the week?

Gold: Desktop

Closed (GPT-5): Desktop

Open (Qwen3-VL-32B-Instruct):
Desktop

Customer Satisfaction Survey

Product Quality

Customer Service

Delivery Speed .

Value for Money

Percentage

Very Satisfied @ Satisfied
Neutral Dissatisfied

Q: For which category is the Satisfied
segment closest in size to the combined
Neutral and Dissatisfied segments?
Gold: Customer Service

Closed (GPT-5): Delivery Speed
Open (Qwen3-VL-32B-Instruct):
Delivery Speed

Regional Sales Performance

Q: In 2025, which region’s revenue is
closest to the midpoint between the
highest and lowest 2025 regional
revenues?
Gold: Europe
Closed (GPT-5): Europe
Open (Qwen3-VL-32B-Instruct):
Europe

Monthly Revenue Breakdown

200

180
160
140
120

100

Revenue (SK)

80

60

a0

20

Jan  Feb  Mar  Apr  May Jun

Products @ Services Subscriptions:

Q: True or False: the month with the
highest Services revenue is also the
month with the highest total revenue
across all three categories.

Gold: TRUE

Closed (GPT-5): True

Open (Qwen3-VL-32B-Instruct): False

Figure 9: Examples from the Mobile variants category. Each panel shows the chart, question, gold answer, GPT-5

response, and Qwen3-VL-32B response.
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Tech Stock Prices Q1 2025

Q: In which month is the gap between MSFT and
AAPL the largest?

Gold: May

Closed (GPT-5): May

Open (Qwen3-VL-32B-Instruct): Jun

Marketing Budget Allocation

Q: Which category would become the
second-largest allocation if Digital Ads were
removed from the chart?

Gold: Content

Closed (GPT-5): Events

Open (Qwen3-VL-32B-Instruct): Content

Daily Website Visitors

EY
2%
2

*

Mon Tue Vied Thu i sat sun

Desktop - Mobile

Q: Which series leads for more days across the
week?

Gold: Desktop

Closed (GPT-5): Desktop

Open (Qwen3-VL-32B-Instruct): Desktop

Customer Satisfaction Survey

Product Quality
Customer Service

o w 2 o s % 00

o w6
Percentage
Very Satisfied @ Satisfied ~ Neutral © Dissatisfied

Q: For which category is the Satisfied segment
closest in size to the combined Neutral and
Dissatisfied segments?

Gold: Customer Service

Closed (GPT-5): Delivery Speed

Open (Qwen3-VL-32B-Instruct): Delivery Speed

Regional Sales Performance

Q: In 2025, which region’s revenue is closest to the
midpoint between the highest and lowest 2025
regional revenues?

Gold: Europe

Closed (GPT-5): Europe

Open (Qwen3-VL-32B-Instruct): Europe

Monthly Revenue Breakdown

san Feb Mar o May sun
Podits @

Q: True or False: the month with the highest
Services revenue is also the month with the highest
total revenue across all three categories.

Gold: TRUE

Closed (GPT-5): True

Open (Qwen3-VL-32B-Instruct): False

Figure 10: Examples from the Background Theme variation category. Each panel shows the chart, question, gold
answer, GPT-5 response, and Qwen3-VL-32B response.
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