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Abstract

Charts are widely used to present complex in-
formation. Deriving meaningful insights in
real-world contexts often requires interpret-
ing multiple related charts together. Research
on understanding multi-chart images has not
been extensively explored. We introduce Poly-
ChartQA, a mid-scale dataset specifically de-
signed for question answering over multi-chart
images. PolyChartQA comprises 534 multi-
chart images (with a total of 2,297 sub-charts)
sourced from peer-reviewed computer science
research publications and 2,694 QA pairs. We
evaluate the performance of nine state-of-the-
art Multimodal Language Models (MLMs) on
PolyChartQA across question type, difficulty,
question source, and key structural characteris-
tics of multi-charts. Our results show a 27.4%
LLM-based accuracy (L-Accuracy) drop on
human-authored questions compared to MLM-
generated questions, and a 5.39% L-accuracy
gain with our proposed prompting method.

1 Introduction

Charts play a critical role in presenting data, trends,
and information in real-world contexts, includ-
ing scientific research, finance, and policy mak-
ing (Beattie and Jones, 2002). Charts often give
rise to questions that require substantial analyti-
cal skill, a deep understanding of visual features,
precise data extraction, and multi-step reasoning
operations based on the chart content (Kim et al.,
2020; Masry et al., 2022; Hoque et al., 2022).

Multimodal Language Models (MLMs) have
demonstrated strong performance across diverse
real-world vision-language tasks, including visual
question answering (Li et al., 2023; Masry et al.,
2022), image captioning and generation (Rotstein
et al., 2024; Koh et al., 2023), summarization (Is-
lam et al., 2024), and many chart understanding
tasks (Liu et al., 2023a; Akhtar et al., 2023; Masry
et al., 2025b; Zhang et al., 2024).

Existing research on chart understanding has
been limited to single chart images. However, com-
plex decision-making in real-world contexts also re-
quires an understanding of a multi-chart image with
at least two relevant sub-chart images. Understand-
ing multi-chart images poses unique challenges,
requiring integration across related sub-charts, in-
terpretation of diverse visual structures, and resolu-
tion of visual ambiguities (Hoque et al., 2022).

MultiChartQA (Zhu et al., 2025) and CharXiv
(Wang et al., 2024) are two major datasets for evalu-
ation of MLM performance on multi-chart question
answering (QA). MultiChartQA has multi-chart
sets, each comprising two or three related single-
or multi-chart images to simulate multi-chart sce-
narios. Its questions include explicit chart refer-
ences (e.g., “first chart”) and answer-format in-
structions, unlike how end-users phrase questions
or how composite figures naturally appear. Perfor-
mance drops when such references are removed or
when actual multi-chart images are used (Zhu et al.,
2025). However, the joint effect of these factors
on performance relative to single-chart settings has
not been investigated. MultiChartQA lacks annota-
tions that describe multi-chart characteristics (e.g.,
chart type, homogeneity, and the sub-chart count).

Similarly, the authors of CharXiv explore de-
scriptive and reasoning questions but omit data re-
trieval questions, which require precise extraction
of numerical values, often under visual ambiguity
(e.g., overlapping bars, unclear ticks). It also does
not consider question difficulty or other multi-chart
attributes such as homogeneity or chart type, nor
provides corresponding annotations. Its questions
include positional cues (e.g., “row 1, column 2”)
and short, direct answers, diverging from the open-
ended nature of real-world multi-chart queries.

In addition, due to the scalability limitations of
human-authored QA pairs, recent studies have in-
creasingly relied on MLM-generated questions for
chart QA tasks (Shinoda et al., 2024; Li et al., 2024;
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Figure 1: Example human-authored QA pairs from PolyChartQA. Multichart images are from Zhang et al. (2024);
Shin et al. (2024); Lan et al. (2024); Zhan et al. (2024).

Pramanick et al., 2024). However, this growing re-
liance on MLM-generated QA raises the question
of their suitability for evaluating multi-chart rea-
soning and how performance differs from human-
authored questions in multi-chart contexts. Despite
the importance and prevalence of multi-chart im-
ages, their complexity remains underexplored in
existing research. To bridge this gap, we pose the
following research questions.

• RQ1: How does MLM performance differ
between single-chart and multi-chart images
when questions lack explicit chart references?

• RQ2: How do question and multi-chart char-
acteristics influence MLMs on multi-chart
QA?

– RQ2.1: To what extent does question
difficulty (i.e., easy, medium, hard) influ-
ence MLM performance?

– RQ2.2: Does the question type (struc-
tural, data retrieval, or reasoning) affect
MLM performance?

– RQ2.3: How does chart type homogene-
ity (sub-charts are of the same type ver-
sus mixed types) affect performance?

– RQ 2.4: Does increasing sub-chart count
impact MLM performance?

• RQ3. To what extent are human-authored
multi-chart questions more challenging for
MLMs than MLM-generated ones?

• RQ4. Does stepwise visual decomposi-
tion and self-verification prompting improve
MLM performance and interpretability in
multi-chart QA?

To systematically explore these research ques-

tions, we introduce PolyChartQA1, for ques-
tion answering over multi-chart images. Poly-
ChartQA comprises 534 multi-chart images con-
taining a total of 2,297 sub-charts sourced from
peer-reviewed computer science research papers
and 2,694 question-answer pairs annotated across
diverse question types and difficulty levels. Figure
1 shows example human-authored QA pairs.

PolyChartQA differs fundamentally from Mul-
tiChartQA (Zhu et al., 2025) and CharXiv (Wang
et al., 2024) in both annotation depth and task for-
mulation. First, PolyChartQA includes explicit
multi-chart annotations that are absent in the ex-
isting datasets, such as chart type at the sub-chart
level, and chart homogeneity. These annotations
enable controlled analysis of multi-chart structure
and reasoning complexity, which cannot be sup-
ported by the existing datasets. Second, Poly-
ChartQA does not have explicit chart references
in the questions (e.g., “first chart”). In contrast,
existing datasets rely on such identifiers. This de-
sign choice forces MLMs to localize and select the
relevant sub-chart(s) before reasoning, making the
task closer to how questions naturally arise and sub-
stantially more challenging. Third, PolyChartQA
preserves composite multi-chart figures as single
images with embedded sub-charts, whereas Mul-
tiChartQA primarily represents multi-chart exam-
ples as sets of separate chart images. Finally, Poly-
ChartQA explicitly categorizes questions into dif-
ficulty levels. PolyChartQA contains 941 more
open-ended questions than MultiChartQA, expand-
ing both task diversity and evaluation coverage.

In summary, we make five primary contributions:
(1) Formulation and investigation of the aforemen-
tioned research questions on MLM performance in
multi-chart QA, focusing on chart structure, ques-

1PolyChartQA Dataset:
https://github.com/NRT-D4/PolyChartQA
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tion difficulty, and human-authored vs. MLM-
generated QA; (2) PolyChartQA, a benchmark
dataset specifically designed to evaluate question
answering over multi-chart images; (3) A compre-
hensive evaluation of nine state-of-the-art MLMs
on the multi-chart QA task on two datasets; (4) A
stepwise visual decomposition and self-verification
pipeline to enhance MLM performance and inter-
pretability on multi-chart QA; and (5) Key find-
ings that MLMs perform significantly worse on
multi-chart images compared to single-chart ones
(up to 36.98% L-accuracy drop), and that human-
authored questions are substantially more challeng-
ing than MLM-generated ones, with performance
gaps as large as 27.4% L-accuracy. Our results
highlight the challenges that MLMs face when
reasoning over multi-chart images. Our curated
dataset complements existing datasets to evaluate
and improve MLM performance on multi-charts.

2 Literature Review

2.1 Chart Question-Answering Datasets

Single-chart QA datasets: Most chart QA
datasets contain single-chart images as summarized
in Table 1. The questions of these datasets can be
broadly categorized into (1) template-based (Kafle
et al., 2018; Chaudhry et al., 2020; Kahou et al.,
2017; Methani et al., 2020), (2) human-authored
(Masry et al., 2022; Huang et al., 2025), and (3)
MLM-generated questions (Shinoda et al., 2024;
Li et al., 2024).
Multi-chart QA datasets: MultiChartQA (Zhu
et al., 2025) has 1,753 open-ended questions and
247 multiple-choice questions over 500 multi-chart
sets (≈2,168 sub-charts). However, approximately
75.2% of the multi-chart sets consist solely of two
or three single charts. MMC-Benchmark (Liu et al.,
2024a) contains 52 multi-chart images, which is in-
adequate to thoroughly assess model performance
on multi-chart tasks (Zhu et al., 2025). MMC-
benchmark also lacks an in-depth exploration of
the question-level and chart-level complexity in
multi-chart tasks. CharXiv (Wang et al., 2024) con-
tains 1,427 multi-chart images.

2.2 Existing Models for Chart Understanding

Early chart understanding primarily relied on Op-
tical Character Recognition and deep neural net-
works (Kafle et al., 2018; Chaudhry et al., 2020),
followed by transformer-based models (Singh and
Shekhar, 2020). Works on MLMs for chart-to-table

conversion and evaluation include (Methani et al.,
2020; Masry et al., 2023; Liu et al., 2023a; Kim
et al., 2025; Masry et al., 2022; Zhou et al., 2023;
Liu et al., 2025; Meng et al., 2024). Recent works
focus on developing MLMs tailored for chart un-
derstanding (Zhang et al., 2024; Masry et al., 2024;
Liu et al., 2024a; Masry et al., 2025b) and eval-
uation of MLMs on chart reasoning tasks (Islam
et al., 2024; Zhu et al., 2025; Mukhopadhyay et al.,
2024; Huang et al., 2025; Wang et al., 2024; Tang
et al., 2025; Masry et al., 2025a; Wu et al., 2024b;
Hutchinson et al., 2025).

3 Proposed PolyChartQA

We present PolyChartQA, a benchmark dataset
for multi-chart question answering. PolyChartQA
comprises 534 multi-chart images and 2,694 QA
pairs (Human-authored: 519, MLM-generated:
2,175). MLM-generated QA pairs were generated
using GPT-4.1 and manually verified. Table 1 com-
pares our dataset with the existing datasets.

3.1 Charts Collection

We curated a collection of multi-chart images from
168 research papers published in 2024 across 4 top-
tier computer science conferences: EMNLP, ICSE,
ICML, and SIGCOMM. We then used PDFFigures
2.0 (Clark and Divvala, 2016) to extract all the
figures from these articles. Following figure extrac-
tion, a manual filtering process was conducted to
identify and retain only multi-chart images, result-
ing in a dataset of 534 multi-chart images. Each
multi-chart image was manually annotated with the
number of sub-charts, chart type homogeneity, and
specific sub-chart types by the first author. Of these
images, 85.58% are homogeneous multi-chart im-
ages where all sub-charts are of the same type. The
remaining images have multiple types of sub-charts.
PolyChartQA includes 11 chart types. Although
this reflects an imbalance in chart homogeneity, the
imbalance originates from real-world sources.

To validate the annotations, given each multi-
chart image, we prompted GPT-4o to annotate with
the number of charts, the type of sub-charts, and the
chart type homogeneity. We validated annotations
for all 534 multi-chart images. The agreement be-
tween the first author and the GPT-4o annotations
was 91.95%. The disagreement was due to sub-
chart count (4.49%), sub-chart type (3.93%), and
chart homogeneity (0.75%), with some instances
involving overlaps across these categories. The
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Chart Setting Dataset Image Type # Images # QA Question Generation Sub-chart Ref. in Q Chart Annotation

Single-chart

LEAF-QA (Chaudhry et al., 2020)
Synthetic from

real data
250K 2M Template-based - Chart type, Bounding box

PlotQA (Methani et al., 2020)
Synthetic from

real data
224.3K 28.9M Template-based - Chart type Bounding box

ChartQA (Masry et al., 2022) Real-world 21.9K 32.7K
Human-authored +
Machine-generated

- None

SBS Figures (Shinoda et al., 2024) Synthetic 1M 4.2M LLM-generated (Verified 100 QAs) - Chart type
SynChart (Liu et al., 2024b) Synthetic 4M 59.7M LLM-generated - Chart type
EvoChart-QA (Huang et al., 2025) Real-world 625 1,250 Human-authored - Chart type

CharXiv (Wang et al., 2024) Real-world 896 3,584∗
Human-authored +

Verified GPT-inspired & generated
- # of sub-chart

Multi-chart (Simulated) MultiChartQA (Zhu et al., 2025) Real-world
500 multi-chart sets
(≈ 2,168 sub-charts)

2K Human-authored Yes None

Multi-chart CharXiv (Wang et al., 2024) Real-world 1,4271 5,708∗
Human-authored +

Verified GPT-inspired & generated
Yes # of sub-chart

PolyChartQA (Ours) Real-world
Computer Science paper

534 divided into
2,297 sub-charts 2.69K Human-authored +

Verified MLM-generated No # of sub-chart, sub-chart type,
chart homogeneity

Table 1: Comparison of PolyChartQA with existing chart question answering datasets; 1of which 161 images and
161 reasoning QA are from computer science; ∗ denotes #reasoning and #descriptive questions.

first author ensured the accuracy and consistency
of the analysis. As GPT-4.1 became available later,
we used it for question-and-answer generation. Ap-
pendix A.1 summarizes multi-chart image distri-
butions by conference, sub-chart count, and chart
type.

3.2 Question Generation

We define three difficulty levels and three question
types for our experiments. Our questions for each
multi-chart image are open-ended and can be
answered from the image. All question criteria
were established before the annotation process
began and were applied uniformly during both QA
generation and subsequent manual verification.
This strict adherence to predefined guidelines
ensured consistency in question formulation,
reducing individual annotator stylistic differences
and intent-level bias.

Question Difficulty Levels

• Easy: Easy questions focus on a single sub-
chart with straightforward retrieval or trend
analysis. Our Easy questions are similar to
the Direct questions from MultiChartQA.

• Medium: Medium questions require compar-
ing, aggregating, or synthesizing information
spread across two or more sub-charts. The rea-
soning is relatively direct and does not require
recursive visual inference.

• Hard: Hard questions demand multi-step rea-
soning across multiple sub-charts. These in-
clude tasks that require chaining information
across sub-charts, for example, extracting a
label or legend from one chart and applying
it to interpret symbols or data points in an-
other. Our Hard questions are inspired by

the Sequential Reasoning questions in Multi-
ChartQA (Zhu et al., 2025). However, Mul-
tiChartQA’s sequential reasoning questions
only focus on content-based tasks, such as
extracting specific numbers or phrases from
given clues, and do not include structural ques-
tions. In contrast, our Hard questions span
structural, data retrieval, and reasoning types,
all without providing explicit chart references.

Question Types: We use the types of questions
following existing works (Methani et al., 2020).

• Structural: Focuses on visual or structural
elements, e.g., colors and labels.

• Data Retrieval: Focuses on retrieving ex-
plicit numeric or categorical values, e.g., read-
ing data points, and extracting counts.

• Reasoning: Involves inference, comparison,
aggregation, trend analysis, or contradiction.

Human-authored PolyChartQA: The human-
authored QA pairs were manually crafted by the
first author, a computer science graduate student.
Initially, 520 QA pairs were created from 238 multi-
chart images. These QA pairs were then evenly
distributed between the second author (a computer
science graduate student) and the third author (a
professor of computer science) for validation. Each
question was validated by a single annotator (either
second or third author). The validation focused
on two criteria: (i) clarity of the question and (ii)
correctness of the QA pair. Based on the feedback,
one image and its associated one question–answer
pair were excluded as both the question and the
answer were incorrect. Additionally, 98 QA pairs
were revised for clarity and correctness.
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MLM-generated PolyChartQA: We prompted
GPT-4.1 to generate QA pairs from all the multi-
chart images. Our prompt includes the criteria for
the desired question difficulty level, question type,
multi-chart image, and instructions to generate QA
pairs per the given criteria. Initially, we gener-
ated a total of 4,308 QA pairs from 534 images.
Manual Verification: All the generated QA pairs
were checked by the first author to ensure correct-
ness according to our criteria given in A.2 Table
6. About 49.5% of the QA pairs (2,133 QA pairs)
and 3 multi-chart images were removed. Next, the
first author verified the correctness of the question
difficulty, question type, and relevant chart annota-
tions for the remaining questions according to our
definitions of difficulty and question types. After
manual checking, annotation of 18.99%, 11.26%,
and 7.59% QA pairs was revised for the question
difficulty, question type, and relevant chart. For
the relevant charts, most of the edits were chang-
ing specific chart names to ‘Any chart’. Addition-
ally, we found 16 QA pairs for which GPT-4.1
assigned more than one question type (e.g., Struc-
tural/Reasoning instead of Reasoning). We asked
an independent human annotator (an undergradu-
ate CS research assistant) to correct the labeling
mistakes for these 16 QA pairs. The annotator was
briefed with detailed definitions of question types,
difficulty levels, and task instructions.

Although scaling the dataset size through MLM-
generated questions is an option, we prioritized
quality by manually verifying all QA pairs gen-
erated by the MLM. This decision inevitably lim-
ited scalability but ensured correctness, which is
particularly critical given the substantially greater
complexity of multi-chart images and harder ques-
tion types compared to single-chart. Prior large-
scale efforts illustrate this inherent trade-off be-
tween manual validation and scalability. QA pairs
from less than 1% of the number of papers in the
SPIQA dataset were manually verified (Pramanick
et al., 2024), of which about 11% were discarded.
Similarly, about 52.21% of all QA pairs were dis-
carded after manual verification (Hutchinson et al.,
2025). We chose to retain fewer higher-quality
questions by validating every pair. Table 2 presents
the statistics of our dataset. The Distinct-2 (Li et al.,
2016) (unique bigram ratio) of the human-authored
questions (0.4516) in Table 2 is higher than those
of the MLM-generated ones and MultiChartQA
(0.2257), indicating greater lexical diversity. We
compute Distinct-2 using only the core question

Statistic Number
Human-authored PolyChartQA
Images 237
Sub-charts 894
Homogeneous charts 209
Non-homogeneous charts 28
Total questions 519
Question Difficulty:

Easy 293
Medium 168
Hard 58

Question Type:
Structural 89
Data Retrieval 141
Reasoning 289

Median questions per image 1.0
Distinct-2 (Question) 0.4516
Avg. Token Length (Question) 15.48
Min - Max Token Length (Question) 5 - 51
Verified MLM-generated PolyChartQA
Images 531
Sub-charts 2,290
Homogeneous charts 454
Non-homogeneous charts 77
Total questions 2,175
Question Difficulty:

Easy 1,208
Medium 867
Hard 100

Question Type:
Structural 763
Data Retrieval 302
Reasoning 1,109

Median questions per image 4.0
Distinct-2 (Question) 0.3356
Avg. Token Length (Question) 18.49
Min - Max Token Length (Question) 8 - 56
Total (Combined)
Images 534
Sub-charts 2,297
Median sub-charts per image 3
Homogeneous charts 457
Non-homogeneous charts 77
Unique papers 168
Unique chart types 11
Total questions 2,694

Table 2: PolyChartQA dataset statistics.

text, excluding answer instructions. Beyond Figure
1, additional human- and MLM-generated exam-
ples are in A.16 - A.17. A.18 presents the prompts
for validating chart annotation, and generating QA
pairs.

4 Proposed Visual Decomposition and
Self-Verification Pipeline (VDSP)

To improve MLM performance and interpretability
in complex multi-chart QA, we propose a modular
3-stage prompt-based pipeline that decomposes the
reasoning process while leveraging the visual un-
derstanding capabilities of MLMs. Figure 2 shows
our pipeline with explicit visual decomposition,
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Figure 2: VDSP pipeline for multi-chart QA.

structured reasoning, and self-verification, aligned
with the observed error types.

Stage 1. Chart Structuring and Question De-
composition: Given a multi-chart image and the
question, the MLM is prompted to first parse the
image into individual sub-charts, identifying their
types (e.g., bar, line) and key characteristics (e.g.,
axis labels, legends). Next, the question is decom-
posed into a sequence of sub-tasks, grounded in
chart structure. This mimics a form of visual Chain
of Thought reasoning, but with explicit mapping
between visual elements and reasoning steps.

Stage 2. Structured Reasoning Execution:
Given the multi-chart image, question, and Stage
1 output, the MLM extracts relevant values from
specific visual components (e.g., bar heights) and
performs computations or comparisons as needed.
Finally, the MLM combines intermediate outcomes
to formulate a preliminary answer.

Stage 3. Self-Verification and Final Answer Gen-
eration: Given the multi-chart image, the ques-
tion, and the output from Stage 2, the model per-
forms a self-reflective check on the reasoning in
Stage 2 by verifying whether all chart references
and visual details are accurate, followed by detect-
ing common reasoning errors (e.g., incorrect axis
readings, incorrect chart selection). It returns either
a validated or a corrected final answer.

5 Experimental Setup

Nine compared models: We evaluated three
state-of-the-art closed-source MLMs (Claude-3.7-
Sonnet, GPT-4.1, and Gemini-2.0-Flash), four
open-source MLMs (Pixtral-12B, Llama-3.2-11B-
Vision, Llava-1.5-7b, and Gemma-3-4b-it), and
two chart-specialized MLMs, ChartGemma (Masry
et al., 2025b) and MatCha (Liu et al., 2023b). See
the configurations in A.5.
Two datasets: PolyChartQA was used for test-
ing RQ2-4 while MultiChartQA-RQ1 was used

for RQ1. MultiChartQA-RQ1 consists of all 365
“Direct” questions from the MultiChartQA (Zhu
et al., 2025) dataset in which all the images in the
multi-chart sets are single-chart images. Direct
questions refer to those for which an MLM can
derive the correct answer using information from a
single chart. We replaced explicit sub-chart iden-
tifiers (e.g., “first chart”) in the question with the
generic term “chart”. The same QA pairs were
used for both the single-chart and multi-chart con-
ditions. The two conditions differ only in the input
image configuration. In the single-chart setting,
the MLM was provided with only the relevant sub-
chart needed to answer the question. In the multi-
chart setting, we constructed a composite multi-
chart image by merging all charts from the corre-
sponding set into a single image. As the questions
and answers were identical across both settings, any
observed performance differences directly reflect
the added difficulty of sub-chart localization and
reasoning in a multi-chart visual context, thereby
isolating the effect of multi-chart complexity.

Prompting methods: We used Zero-shot
prompting for RQ1, Zero-shot and Chain-of-
Thought (CoT) for RQ2–RQ4, and also the pro-
posed VDSP prompting on the human-authored
QA pairs of PolyChartQA for RQ4.

Evaluation Metrics: We use H-Accuracy
(Human-evaluation), L-Accuracy (LLM-based ac-
curacy) introduced by the previous works (Pra-
manick et al., 2024; Liu et al., 2024a; Tang et al.,
2025; Wang et al., 2024), and BERTScore (Zhang
et al., 2020). BERTScore measures semantic simi-
larity between model predictions and references. H-
accuracy was obtained through human evaluation
of model-predicted answers for human-authored
questions in a Zero-shot setting. As human eval-
uation is difficult to scale, for all other cases, we
use L-accuracy by prompting a selected LLM as a
judge to assess whether the ground-truth and model-
generated answers are similar or not.

Judge selection: We randomly sampled 100
QA pairs from PolyChartQA, where seven general-
purpose MLM-predicted answers were evaluated
independently by a human and three LLMs:
Claude-3.7-Sonnet, GPT-4.1, and Gemini-2.0-flash.
The results showed substantial to almost perfect
Cohen’s Kappa agreement between the human and
Claude-3.7-Sonnet (0.73–0.92), the human and
GPT-4.1 (0.65–0.94), and moderate to substantial
agreement between the human and Gemini-2.0-
flash (0.46-0.84). Given its highest alignment with
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Figure 3: Single-chart vs multi-chart QA performance.

human evaluation, Claude-3.7-Sonnet was selected
as the judge to compute L-Accuracy. Detailed
agreement statistics are provided in A.3.

Following previous studies (Wang et al., 2024;
Pramanick et al., 2024; Liu et al., 2024a; Tang
et al., 2025), we report all metrics based on a single
evaluation run. While minor variability may occur
across runs or model versions, Claude-3.7-Sonnet
showed strong alignment with human judgments,
ensuring reliable evaluation. The prompt for L-
Accuracy is provided in A.18.

6 Experimental Results

Underlined scores indicate the best performance
within each category. Performance drops are com-
puted as the score difference across categories for
each individual MLM.

RQ1 Findings: Several MLMs perform signif-
icantly worse on multi-chart QA compared to
single-chart QA. Figure 3 shows that L-accuracy
drops from single- to multi-chart settings by
26.85%–36.98% for closed-source, 3.56%–36.44%
for open-source, and 4.66%–6.30% for chart-
specific models. MatCha and ChartGemma per-
form poorly, likely due to their pre-training on
single-chart datasets. BERTScore decreases by
up to 12.38% when processing multi-chart images,
indicating reduced semantic alignment.

RQ2.1 Findings: Performance consistently de-
clines with increasing question difficulty. This
trend is consistent across all MLMs and question
sources, underscoring the difficulty MLMs face
with multi-step reasoning and cross-chart aggrega-
tion. Figure 4 reports Zero-shot L-Accuracy, with
other results in A.6. Human-authored questions:
Both H- and L-accuracy consistently decline from
Easy to Hard across all MLMs. For L-Accuracy un-
der Zero-shot, the drop ranges are 17.24%–29.34%
(closed-source MLMs), 15.02%–27.69% (open-
source MLMs), and 10.58%–23.89% (chart-

Figure 4: L-Accuracy on PolyChartQA under Zero-shot
prompting across difficulty levels.

specific MLMs). For H-Accuracy, the corre-
sponding drops are 23.09%–27.94% (closed-source
MLMs), 16.04%-31.10% (open-source MLMs),
and 10.92%–26.28% (chart-specific MLMs). CoT
prompting slightly mitigates the decline, but sub-
stantial gaps remain. MLM-generated ques-
tions: A similar trend is observed, with declines
of 4.62%–30.35% (Zero-shot), and 5.79%-28.27%
(CoT) L-Accuracy.

RQ2.2 Findings: MLM performances vary by
question types. The models consistently perform
best on structural and worst on data retrieval ques-
tions. Human-authored questions: Both H- and
L-accuracy consistently decline from structural,
reasoning, to data retrieval types across MLMs
except for MatCha for both Zero-shot and CoT
prompting. Figure 5 and A.7 show detailed re-
sults. In summary, for L-Accuracy under Zero-shot,
the drop ranges are 20.5%-35.09% (closed-source
MLMs), 17.16%-28.35% (open-source MLMs),
and 9.88%-34.31% (chart-specific MLMs). For
H-Accuracy, the corresponding drops are 20.5%-
37.76% (closed-source MLMs), 10.42%-28.89%
(open-source MLMs), and 8.46%-35.13% (chart-
specific MLMs). MLM-generated questions: A
similar trend is observed for all closed-source mod-
els and Pixtral, with declines of 10.74%–22.89%
(Zero-shot), 11.73%-25.59% (CoT). The rest of the
MLMs perform the best on structural questions, but
sometimes better on data retrieval than on reason-
ing questions.

RQ2.3 Findings: Most MLMs perform better on
non-homogeneous charts. The detailed results
are in A.8. In summary, under Zero-shot on human-
authored questions, both H- and L-Accuracy de-
cline from non-homogeneous to homogeneous
charts, with drops of up to 9.31% (L-Accuracy)
and 8.40% (H-Accuracy) for closed-source MLMs,
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Figure 5: L-Accuracy on PolyChartQA under Zero-shot
setting across question types.

Model Zero-shot CoT

Human MLM Human MLM

Claude-3.7-Sonnet 0.6570 0.7494 0.6647 0.7471
GPT-4.1 0.5896 0.8598 0.5954 0.8694
Gemini-2.0-flash 0.6802 0.8028 0.6936 0.8106
Gemma-3-4b-it 0.2062 0.2749 0.2158 0.2529
LLaMA-3.2-11B-Vision 0.1715 0.1794 0.0848 0.1559
LLaVA1.5-7b 0.1156 0.1168 0.1195 0.1159
Pixtral-12B 0.5067 0.6377 0.5337 0.6354
MatCha 0.0829 0.0543 0.0617 0.0441
ChartGemma 0.1811 0.2828 0.1911 0.2336

Table 3: L-Accuracy on Human vs. MLM-generated
questions. Bold pairs indicate statistically significant
differences at a significance level of 0.05.

17.41% (L-Accuracy) and 14.58% (H-Accuracy)
for open-source MLMs, and 1.26% (H-Accuracy)
for chart-specific MLMs except GPT-4.1, Gemma,
and ChartGemma. The downward trend holds
for MLM-generated questions, up to 9.02% (L-
Accuracy). CoT mitigates the gap mostly.

RQ2.4 Findings: MLM performance generally
declines as the number of sub-charts increases.
This trend is more pronounced for human-authored
QAs than MLM-generated QAs. Detailed results
are in A.9.

RQ3 Findings: Human-authored questions are
significantly harder than MLM-generated ones.
Table 3 reveals a statistically significant accuracy
gap between human-authored and MLM-generated
questions for most MLMs using the Pearson’s chi-
squared statistical test. With Zero-shot prompt-
ing, L-accuracy drops from MLM-generated QAs
to human-authored QAs by 9.24–27.02% (closed-
source), up to 13.1% (open-source), and up to
10.16% (chart-based). With CoT, L-accuracy de-
creases is similar (up to 27.4%). BERTScore is
presented in A.10.

RQ4 Findings: Incorporating stepwise visual
decomposition and self-verification enhances
the L-accuracy and interpretability. Table 4
shows L-accuracy of the closed-source models
and Pixtral-12B, the best-performing open-source

Model Zero-shot CoT VDSP
GPT-4.1 0.5896 0.5954 0.5954
Claude-3.7-Sonnet 0.6570 0.6647 0.7110
Gemini-2.0-flash 0.6802 0.6936 0.7013
Pixtral-12B 0.5067 0.5337 0.5145

Table 4: L-Accuracy of Zero-shot, CoT, and VDSP.

model on human-authored questions from Poly-
ChartQA. VDSP improves L-accuracy by up to
5.39% over Zero-shot and 4.62% over CoT. While
GPT-4.1 exhibits similar accuracy under CoT
and VDSP, VDSP provides interpretability. First,
VDSP explicitly decomposes the task into the 1)
sub-chart identification; 2) reasoning; and 3) ver-
ification, making the model’s failure points trans-
parent (e.g., mis-localization, incorrect reasoning).
Second, VDSP reveals exactly which sub-chart the
model selected and how it used it. This level of
structured interpretability and diagnostic clarity is
not available in CoT and is particularly valuable for
multi-chart tasks, where transparency and traceabil-
ity are important. A qualitative example illustrating
the interpretability benefit of VDSP is given below.

Qualitative Example: Question: “Which
colour is used to represent the optimized prompt
for phi-2 model?”; CoT: “Blue”; VDSP: “The rea-
soning process is correct. The bottom-left chart is
labeled ‘phi-2’, and the legend clearly shows that

‘Optimized’ is represented by blue. The blue bars in
the phi-2 chart correspond to the optimized prompt.
Therefore, the color used to represent the optimized
prompt for the phi-2 model is blue.”

Figures 45–46 in A.19 show an example inter-
mediate output. BERTScore is reported in A.11.
The prompts for Zero-shot, CoT, and VDSP used
across RQ1-4, are listed in Figures 37-41 in A.18.

Error Analysis on Human-Authored Questions
from PolyChartQA: We analyzed one-third of
the human-authored questions that all MLMs an-
swered incorrectly under human evaluation. Most
errors stem from line selection errors in line plots
(21–26%), visual value misreading (15–26%), and
sub-chart misidentification (15–21%). Other er-
ror types include axis misalignment, calculation
mistakes, legend association errors, multi-step rea-
soning failures, and incorrect value comparisons.
Open-source MLMs often produce incomplete an-
swers. Examples are provided in A.20.
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7 Ablation Studies

Variants of the VDSP prompting strategy: In
the first variant, Stage 1 was modified to gener-
ate structured tables instead of textual descriptions,
while Stages 2 and 3 remained unchanged, resulting
in a performance drop of up to 4.8% L-Accuracy.
In the second variant, all three prompts were re-
vised, though Stages 1 and 3 retained their orig-
inal roles, Stage 2 adopted a dual-persona (Ana-
lyst–Reviewer) design. This led to performance
comparable to the Zero-shot setting, with a 2.7%
L-Accuracy drop in Pixtral-12B, confirming Stage
1 as the most critical component. Detailed results
are provided in A.13 - A.14.

Overall H-Accuracy: H-Accuracy ranges from
9.06%-70.52% under Zero-shot setting, and 6.17%-
71.87% under CoT setting on human-authored
PolyChartQA as presented in Table 5. As shown in
Table 11 in A.12, except for Gemini-2.0-flash and
ChartGemma, the absolute difference in accuracy
between the human and the LLM judges is ≤ 1.2%
across all seven models under the CoT setting.

Model Zero-shot CoT
Claude-3.7-Sonnet 0.6532 0.6609
GPT-4.1 0.6108 0.5954
Gemini-2.0-flash 0.7052 0.7187
Pixtral-12B 0.5318 0.5376
LLaMA-3.2-11B 0.1522 0.0809
LLaVA-1.5-7B 0.1233 0.1175
Gemma-3-4b-it 0.2119 0.2274
MatCha 0.0906 0.0617
ChartGemma 0.1927 0.2351

Table 5: H-Accuracy on human-authored PolyChartQA
under the Zero-shot and Chain-of-Thought settings.

Robustness of our findings across LLM judges:
The human–vs–MLM QA performance trend re-
mains consistent when using GPT-4.1 and Gemini-
2.0-flash as LLM-judges. In Zero-shot human
QA, closed-source MLMs reach 63.2%–72.1%
(GPT-4.1 judge) and 67.4%–74.8% (Gemini-2.0-
flash judge), while open-source MLMs reach
12.9%–53.4% and 17.0%–56.3%, respectively.
On MLM-generated QA, closed-source MLMs
reach 78.9%–89.7% (GPT-4.1) and 81.5%–90.8%
(Gemini-2.0-flash), and open-source MLMs obtain
15.8%–69.2% and 23.1%–72.0%. Detailed results
are in A.4 Table 9.

8 Conclusion

We introduce PolyChartQA, a benchmark for multi-
chart QA, showing that the task is substantially
harder and exhibits large performance gaps be-
tween human- and MLM-authored questions. Task
decomposition and self-verification prompting help
improve MLM performance and highlight key rea-
soning and failures. Our work facilitates further
studies on multi-chart QA.

9 Limitations

Despite its contributions, PolyChartQA has a few
limitations. First, human-authored QA creation
is costly and time-intensive; thus, the dataset in-
cludes 519 human-authored QAs, complemented
by MLM-generated QAs that are fully manually
verified, prioritizing quality over scale.

Second, our dataset exhibits limited diversity
along two dimensions. (1) All images are drawn
from computer science research papers published
in 2024, which may constrain external validity
beyond academic figures and other disciplines.
However, the generated questions do not require
domain-specific knowledge and can be answered
solely using the information presented in the
charts. Moreover, the chart types used (e.g., bar
charts, line charts) are common across domains
and widely used in real-world applications. (2)
The dataset is predominantly homogeneous by
chart type (85.58%). Although this distribution
reflects the real-world distribution in contemporary
research papers, our findings are therefore more
conclusive for homogeneous multi-chart images,
with relatively limited coverage of heterogeneous
multi-chart reasoning. Addressing broader disci-
plinary sources and increasing chart-type diversity
are important directions for future extensions of
PolyChartQA.

10 Ethical Considerations and Potential
Risks

All charts used in our study were sourced from
open-access computer science research papers. No
personally identifiable information or sensitive con-
tent was used in the construction of the dataset.
ACL materials are licensed under a Creative Com-
mons Attribution 4.0 International License, which
covers papers collected from EMNLP. We selected
multi-chart images from open-access EMNLP,
ICML, ICSE, and SIGCOMM publications or cor-
responding preprints in arXiv with a Creative Com-
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mons International License. We list the image
names from the articles in a separate file and give
credit to the original authors.

While we make our question-answers available
under Commons Attribution License (CC BY 4.0),
all chart images are subject to their respective copy-
rights by the authors of the respective papers.
Additionally, we used PDFFigures 2.0 to extract
the multi-chart images from the papers. PDFFig-
ures 2.0 is publicly available under Apache License
2.0, allowing free use. We have cited the creators.
The MultiChartQA dataset is available under the
Creative Commons Attribution-NonCommercial
4.0 International (CC BY-NC 4.0) license that per-
mits noncommercial use, sharing, and adaptation
of the material, provided appropriate credit is given,
changes are indicated, and the use remains noncom-
mercial. We cited the creator of the artifacts and
discussed the changes we made for our use.

Beyond the generation of QA pairs using
MLMs, AI assistants were employed solely for
non-substantive tasks such as language refinement,
formatting, and basic debugging.
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A Appendix

A.1 Distribution of Multi-chart Images in
PolychartQA

The dataset has these percentages of images
from different conferences: EMNLP (65%),
SIGCOMM (17%), ICSE (10%), and ICML (8%).
Figure 6 presents the distribution of sub-chart
counts in PolyChartQA. The highest number
of sub-charts in an image is 72. PolyChartQA
includes eleven chart types: Bar Chart, Scatter
Plot, Spider Chart, Histogram, Line Chart, Box
Plot, Point Plot, Surface Plot, Pie Chart, Area
Chart, and Violin Plot. The distribution of chart
types across homogeneous multi-chart images
from PolyChartQA is shown in Figure 7.

A.2 Criteria for Removing MLM-generated
Questions

Table 6 presents the criteria used to remove MLM-
generated QA.

Criterion
QA explicitly mentions chart position (e.g., "left chart")
QA pair is partially or fully incorrect
Question is derived from the caption, not the chart itself
Question has multiple valid answers or is unclear
Errors in symbols (e.g., γ, λ) or formatting
Hallucinated content
QA does not follow the instructions
QA based on existing knowledge instead of chart

Table 6: Criteria for removing MLM-generated QA
pairs.

A.3 Agreement between LLM Judges and
Human Evaluation

Table 7 reports the Cohen’s Kappa agreement be-
tween LLM-judge and human evaluation on ran-
domly sampled 100 QA pairs from PolyChartQA.
Table 8 reports the percent agreement between hu-
man evaluations and different LLM judges across
all evaluated models, illustrating the reliability of
each LLM judge.

A.4 L-Accuracy Comparison with Different
Judges

Table 9 presents the L-accuracy on PolyChartQA
when judged by GPT-4.1 and Gemini-2.0-flash.

A.5 Model Configuration
For reproducibility, we set the temperature = 0,
and seed = 5 (GPT-4.1, Pixtral-12B) or sample
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Figure 6: Distribution of sub-chart counts in PolyChartQA multi-chart images.

Judge Model Claude-3.7-Sonnet GPT-4.1 Gemini-2.0-flash Gemma-3-4b-it LLaMA-3.2-11B LLaVA-1.5-7B Pixtral-12B

Claude-3.7-Sonnet 0.852 0.920 0.884 0.834 0.734 0.864 0.900
GPT-4.1 0.870 0.774 0.829 0.777 0.649 0.942 0.860
Gemini-2.0-flash 0.780 0.730 0.753 0.455 0.481 0.684 0.840

Table 7: Cohen’s Kappa agreement between LLM-judge and human accuracy under Zero-shot setting. Higher
positive values indicate stronger agreement.

= false (Llama-3.2-11B-Vision, Llava-1.5-7b, and
Gemma-3-4b-it). For open-sourced MLMs (ex-
cept Pixtral-12B), we ran these models in Google
Colab with A100/L4 GPU. GPT-4.1, Claude-3.7-
Sonnet, Gemini-2.0-flash, and Pixtral-12B were
used through API calls. BERTScore is computed
using the bertscore Python package (v0.3.13) with
the bert-base-uncased model and default parame-
ters.

A.6 Results across Question Difficulty Levels
on PolyChartQA

Figure 8 presents the detailed human evaluation
result on human-authored QAs from PolyChartQA
under the Zero-shot setting across question diffi-
culty levels. Figures 9-11 show the L-accuracy
under CoT and BERTScore under the Zero-shot
and CoT settings on PolyChartQA across question
difficulty levels.

A.7 Results across Question Types on
PolyChartQA

Figure 12 presents the H-Accuracy result on
human-authored QAs from PolyChartQA under
the Zero-shot setting across question types. Fig-
ures 13-15 show the L-accuracy under CoT and
BERTScore under the Zero-shot and CoT settings
on PolyChartQA across question types.

A.8 Results across Chart Homogeneity on
PolyChartQA

Figure 16 presents the detailed human evaluation
result on human-authored QAs from PolyChartQA
under the Zero-shot setting across chart homo-
geneity. Figures 17-20 show the L-accuracy and
BERTScore under Zero-shot and CoT settings on
PolyChartQA across chart homogeneity.

A.9 MLM-Performance based on the Number
of Sub-charts

Figure 21 presents the detailed human evaluation
result on human-authored QAs from PolyChartQA
under the Zero-shot setting, grouped by the number
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Figure 7: Distribution of chart types across homogeneous multi-chart images.

Judge Claude-3.7-Sonnet GPT-4.1 Gemini-2.0-flash Gemma-3-4b-it LLaMA-3.2-11B LLaVA-1.5-7B Pixtral-12B

Claude-3.7-Sonnet 93 96 95 96 95 98 95
GPT-4.1 94 89 93 94 92 99 93
Gemini-2.0-flash 90 87 90 81 84 93 92

Table 8: Percent agreement (%) between human evaluation and LLM judges across evaluated models. Columns
represent the evaluated models, and rows indicate the LLM acting as the evaluation judge.

of sub-charts per image. Figures 22–25 present the
L-Accuracy trends under the Zero-shot and CoT
settings on PolyChartQA, grouped by the number
of sub-charts per image.

A.10 Results on Human-authored vs
MLM-generated PolyChartQA

Figure 26 shows BERTScore for both Zero-shot
and CoT settings on human-authored and MLM-
generated questions from PolyChartQA.

A.11 Performance Comparison of Zero-shot,
CoT, and VDSP Prompting Strategies

Table 10 presents the BERTScore of Zero-shot,
CoT, and VDSP on the human-authored questions.
BERTScore decreases across all models for VDSP
prompting, likely due to the longer, reasoning-
heavy responses.

A.12 Performance Comparison of MLMs on
Human-authored PolyChartQA with
Human Evaluation

Table 11 presents H-Accuracy vs L-Accuracy on
human-authored questions from PolyChartQA un-
der the CoT setting.

A.13 Ablation Study: VDSP version 2

In this setting, the Stage 1 prompt was altered to
convert each sub-chart into a structured table in-
stead of a textual description, while Stages 2 and
3 remained unchanged. Table 12 presents the L-
Accuracy Zero-shot, CoT, and VDSP version 2 on
the human-authored questions. Figure 43 shows
the prompt used in stage 1.
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Model Human-Authored QA MLM-Generated QA

GPT-4.1 Judge Gemini-2.0-flash Judge GPT-4.1 Judge Gemini-2.0-flash Judge
Claude-3.7-sonnet 0.692 0.719 0.789 0.815
GPT-4.1 0.632 0.674 0.897 0.908
Gemini-2.0-flash 0.721 0.748 0.851 0.865
Gemma-3-4b-it 0.241 0.326 0.340 0.463
LLaMA-3.2-11B 0.225 0.303 0.267 0.328
LLaVA1.5-7b 0.129 0.170 0.158 0.231
Pixtral-12B 0.534 0.563 0.692 0.720

Table 9: L-Accuracy comparison on Human-authored QA and MLM-generated QA, evaluated using GPT-4.1 and
Gemini-2.0-flash judges.

Figure 8: H-Accuracy on human-authored QAs from PolyChartQA under the Zero-shot setting across question
difficulty levels.

Figure 9: L-Accuracy on PolyChartQA under the chain-of-thought setting across question difficulty levels.
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Figure 10: BERTScore on PolyChartQA under Zero-shot setting across question difficulty levels.

Figure 11: BERTScore on PolyChartQA under chain-of-thought setting across question difficulty levels.
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Figure 12: H-Accuracy on human-authored QAs from PolyChartQA under Zero-shot setting across question types.

Figure 13: L-Accuracy on PolyChartQA under CoT setting across question types.
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Figure 14: BERTScore on PolyChartQA under Zero-shot setting across question types.

Figure 15: BERTScore on PolyChartQA under CoT setting across question types.
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Figure 16: H-Accuracy on human-authored QAs from PolyChartQA under Zero-shot setting across chart homo-
geneity.

Figure 17: L-Accuracy on PolyChartQA under Zero-shot setting across chart homogeneity.

Figure 18: L-Accuracy on PolyChartQA under CoT setting across chart homogeneity.
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Figure 19: BERTScore on PolyChartQA under Zero-shot setting across chart homogeneity.

Figure 20: BERTScore on PolyChartQA under CoT setting across chart homogeneity.
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Figure 21: H-Accuracy on Human-authored PolyChartQA under Zero-shot setting based on the number of sub-charts
in an image.

Figure 22: L-Accuracy on Human-authored PolyChartQA under Zero-shot setting based on the number of sub-charts
in an image.
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Figure 23: L-Accuracy on Human-authored PolyChartQA under CoT setting based on the number of sub-charts in
an image.

Figure 24: L-Accuracy on MLM-generated PolyChartQA under Zero-shot setting based on the number of sub-charts
in an image.
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Figure 25: L-Accuracy on MLM-generated PolyChartQA under CoT setting based on the number of sub-charts in
an image.

Model Zero-shot CoT VDSP
Claude-3.7-Sonnet 0.7298 0.6726 0.5046
GPT-4.1 0.7905 0.6833 0.6033
Gemini-2.0-flash 0.7572 0.7701 0.6812
Pixtral-12B 0.7240 0.7434 0.4591

Table 10: BERTScore of Zero-shot, CoT, and VDSP
prompting methods on human-authored QA from Poly-
ChartQA.

Model H-Accuracy L-Accuracy Difference
Claude-3.7-Sonnet 0.6609 0.6647 0.0038
GPT-4.1 0.5954 0.5954 0.0000
Gemini-2.0-flash 0.7187 0.6936 0.0251
Pixtral-12B 0.5376 0.5337 0.0039
LLaMA-3.2-11B-Vision 0.0809 0.0848 0.0039
LLaVA1.5-7b 0.1175 0.1195 0.0020
Gemma-3-4b-it 0.2274 0.2158 0.0116
MatCha 0.0617 0.0617 0.0000
ChartGemma 0.2351 0.1911 0.0440

Table 11: H-Accuracy vs L-Accuracy using CoT
prompting on the human-authored PolyChartQA.

Model Zero-shot CoT VDSP v2
GPT-4.1 0.5896 0.5954 0.5742
Claude-3.7-Sonnet 0.6570 0.6647 0.6686
Gemini-2.0-flash 0.6802 0.6936 0.6936
Pixtral-12B 0.5067 0.5337 0.4547

Table 12: L-Accuracy of Zero-shot, CoT, and VDSP
version 2 prompting methods on the human-authored
QA from PolyChartQA.

A.14 Ablation Study: VDSP version 3

In this variant, all three stages were modified,
where Stage 2 followed a dual-persona design—an
Analyst generating an answer and a Reviewer veri-
fying it—while Stages 1 and 3 retained tasks simi-
lar to the original VDSP setting. Table 13 presents
the L-Accuracy Zero-shot, CoT, and VDSP ver-
sion 3 on the human-authored questions. Figure 44
shows the prompt used in stage 2.

Model Zero-shot CoT VDSP v3
GPT-4.1 0.5896 0.5954 0.5934
Claude-3.7-Sonnet 0.6570 0.6647 0.6763
Gemini-2.0-flash 0.6802 0.6936 0.6801
Pixtral-12B 0.5067 0.5337 0.4798

Table 13: L-Accuracy of Zero-shot, CoT, and VDSP
version 3 prompting methods on the human-authored
QA from PolyChartQA.

A.15 Computational Overhead of VDSP

As a multi-stage prompting strategy, VDSP re-
quires multiple model calls, resulting in higher to-
ken consumption and inference latency than single-
pass prompting. This introduces a three-way trade-
off among interpretability, cost, and accuracy. By
transforming a single prediction into a traceable
reasoning pipeline, VDSP is particularly valuable
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Figure 26: BERTScore on the human-authored vs MLM-generated questions from PolyChartQA under Zero-shot
and CoT settings.

in analytical and high-stakes settings where under-
standing the model’s decision process is as impor-
tant as the final answer. While single-pass prompt-
ing may be preferable in latency- and cost-sensitive
applications, VDSP provides structured interme-
diate reasoning, improving transparency and en-
abling error diagnosis in complex multi-chart tasks.

A.16 Human-Authored Question-Answer
Examples

Figures 27 - 29 show examples of human-authored
question-answer pairs from PolyChartQA.

A.17 MLM-generated Question-Answer
Examples

Figures 30-34 show examples of MLM-generated
question-answer pairs from PolyChartQA.

A.18 Prompt Examples

Figures 35-42 show the prompts used in this exper-
iment.

A.19 Example of VDSP’s Intermediate Steps
Output

Figures 45–46 present the multi-chart image, the
question, and the intermediate outputs along with
the final answer generated by GPT-4.1 using VDSP.

A.20 Error Examples
Figure 47 shows example question where all the
models were wrong.
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Figure 27: Example human-authored Easy-Data Retrieval, Medium-Data Retrieval, and Easy-Reasoning QA pairs
from PolyChartQA. The multi-chart is collected from Chen et al. (2024).

Figure 28: Example human-authored Hard-Structural QA pairs from PolyChartQA. The multi-chart is from Xing
et al. (2024).
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Figure 29: Example human-authored Hard-Data Retrieval QA pairs from PolyChartQA. The multi-chart is from
Furniturewala et al. (2024).

Figure 30: Example MLM-generated Easy-Structural, Easy-Data Retrieval, Medium-Data Retrieval, and Medium-
Reasoning QA pairs from PolyChartQA. The multi-chart is from Zhan et al. (2024).
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Figure 31: Example MLM-generated Easy-Reasoning QA pair from PolyChartQA. The multi-chart is from Tahir
et al. (2024).

Figure 32: Example MLM-generated Medium-Structural QA pair from PolyChartQA. The multi-chart is from
Balestriero and Lecun (2024).
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Figure 33: Example MLM-generated Hard-Data Retrieval QA pairs from PolyChartQA. The multi-chart is from
Liu et al. (2024c).

Figure 34: Example MLM-generated Hard-Reasoning QA pairs from PolyChartQA. The multi-chart is from Wu
et al. (2024a).
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Figure 35: Prompt used to annotate multi-chart images.
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Figure 36: Prompt used to generate question-answers using MLM.
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Figure 37: Zero-shot prompt used to evaluate MLM on multi-chart images.

Figure 38: CoT prompt used to evaluate MLMs on multi-chart images.

Figure 39: VDSP Stage 1 prompt used to evaluate MLM performance on multi-chart images.
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Figure 40: VDSP Stage 2 prompt used to evaluate MLM performance on multi-chart images.

Figure 41: VDSP Stage 3 prompt used to evaluate MLM performance on multi-chart images.
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Figure 42: Prompt to compare the ground truth and an MLM response to derive L-Accuracy.

Figure 43: VDSP version 2 Stage 1 prompt used to evaluate MLM performance on multi-chart images.
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Figure 44: VDSP version 3 Stage 2 prompt used to evaluate MLM performance on multi-chart images.
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Figure 45: The multi-chart is from Garg et al. (2024).
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Question: What is the count of Animal care & Wildlife in train set images?

Stage 1. Chart Structuring and Question Decomposition Output:
1. Chart Descriptions:
1.1. The first chart (top) is a vertical bar chart titled 'IIW-Train Set Image Category
Distribution'.
- X-axis: 'Category' (various categories such as Animal Care & Wildlife, Consumer Retail, etc.)

- Y-axis: 'Count' (number of images, unitless)

- Data encoding: Each bar represents the count of images in a specific category. Bars are colored
differently for each category. No explicit legend, but categories are labeled on the x-axis.

1.2. The second chart (bottom) is a vertical bar chart titled 'IIW-Eval Set Image Category
Distribution'.
- X-axis: 'Category' (same categories as above)

- Y-axis: 'Count' (number of images, unitless)

- Data encoding: Each bar represents the count of images in a specific category. Bars are colored
differently for each category. No explicit legend, but categories are labeled on the x-axis.

2. Reasoning Plan:
2.1. Identify which chart corresponds to the 'train set' (the first/top chart labeled 'IIW-Train
Set Image Category Distribution').
- Relevant sub-chart: First/top bar chart.

2.2. Locate the bar corresponding to 'Animal Care & Wildlife' on the x-axis of the train set chart.
- Relevant visual element: The first bar from the left in the top chart.

2.3. Read the height of this bar to determine the count value on the y-axis.
- Relevant visual element: The height of the 'Animal Care & Wildlife' bar and its alignment with
the y-axis tick marks.

2.4. Report the count as the answer.
Summary: To answer the question, focus on the first/top bar chart, find the 'Animal Care & Wildlife'
bar, and read its height to get the count.

Stage 2. Structured Reasoning Execution Output:

Step 1: Identify which chart corresponds to the 'train set'. The first (top) chart is labeled
'IIW-Train Set Image Category Distribution', so this is the relevant chart.

Step 2: Locate the bar corresponding to 'Animal Care & Wildlife' on the x-axis of the train set
chart. This is the first bar from the left in the top chart.

Step 3: Read the height of this bar to determine the count value on the y-axis. The height of the
'Animal Care & Wildlife' bar aligns with the 500 mark on the y-axis.

Step 4: Report the count as the answer.
Final Answer: The count of Animal Care & Wildlife in train set images is 500.

Stage 3. Self-Verification and Final Answer Generation Output:
The count of Animal Care & Wildlife in train set images is approximately 500. The reasoning process
correctly identified the relevant chart (the top one), the correct bar, and accurately read the
y-axis value.

Figure 46: Question and model outputs under VDSP. The input question and the corresponding intermediate
reasoning traces and final answer generated by GPT-4.1.
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Figure 47: Examples of wrong answers by MLMs from PolyChartQA. The multi-chart is from Zhao et al. (2024).
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