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Abstract

Recent advances in Vision-Language Models
(VLMs) have shown strong performance in
perception and reasoning, yet their ability to
perform causal inference—an essential aspect
of human cognition—remains underexplored
in multimodal settings. We introduce Info-
CausalQA, a benchmark for evaluating causal
reasoning grounded in infographics that inte-
grate structured visual data with textual context.
InfoCausalQA consists of two tasks: Task 1
evaluates quantitative causal reasoning based
on inferred numerical trends, while Task 2 tar-
gets semantic causal reasoning across five re-
lation types—cause, effect, intervention, coun-
terfactual, and temporal. We collect 494 info-
graphic—text pairs from four public sources and
generate 1,482 multiple-choice QA pairs using
GPT-40, followed by systematic human revi-
sion to ensure that questions require genuine
visual grounding rather than surface-level cues.
Experimental results show that current VLMs
struggle with both quantitative and semantic
causal reasoning, with particularly pronounced
limitations in the latter. A human evaluation on
100 Task 2 samples further reveals a substan-
tial performance gap, with humans achieving
77% accuracy. These findings highlight the
need to advance causal reasoning capabilities
in multimodal Al systems.

1 Introduction

Understanding multiple causal explanations is cru-
cial in real-world scenarios. For example, the sharp
decline in stock prices could be attributed to mar-
ket volatility, but it could also reflect investor panic
triggered by policy uncertainty. In policy, science,
and everyday decisions, grasping how events in-
fluence one another matters more than simply de-
scribing them. As a core facet of human cognition,
causal reasoning enables interpretation, intention
inference, and prediction (Pearl, 2009; Yi et al.,
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Figure 1: A motivating example for causal reasoning
in infographics. While traditional infographic analy-
sis often involves simple, superficial inference, causal
reasoning requires inferring information that is not ex-
plicitly revealed.

2020). To behave intelligently in complex environ-
ments—especially multimodal ones where causal
links are often non-explicit—Al systems must ac-
quire this ability (Li et al., 2025). Systematic eval-
uation across modalities is essential for robust, ex-
plainable decision-making.

One promising modality for evaluating such rea-
soning is infographics, which combines visual lay-
outs such as charts with additional textual descrip-
tions. For instance, as illustrated in Figure 1, the
infographic shows regional differences in the rate at
which young adults live with their parents. While
this may appear as simple geographic data, true
causal understanding involves reasoning about la-
tent factors like wage stagnation, housing policy.
Infographics thus challenge models to go beyond
surface-level interpretation: they must integrate
multimodal inputs and infer underlying mecha-
nisms that are not explicitly shown.



Benchmark \ # Samples Data Types Causal Reasoning Main Question Types
ChartQA . . Compositional question
(Masry et al., 2022) 32,719 Bar, Line, Pie Charts X Visual question
ChartQA-Pro 1.948 Bar, Line, Pie, X Mathematical Reasoning
(Masry et al., 2025) ’ Area, Infographic Visual Reasoning
ChartQA-X . . Descriptive
(Hegde et al., 2025) 30,299 Bar, Line, Pie Charts X Reasoning
InfographicVQA . Questions tagged by Evidence
(Mathew et al., 2022) 30,035 Infographics X Questions tagged by Operation
InfoChartQA 55091 Bar, Line, Pie, X Text-based questions
(Lin et al., 2025) ’ Infographics Visual-element-based questions
InfoCausalQA 1.482 Infographics % Quantitative Causal Reasoning
(Ours) ’ (including various charts) Semantic Causal Reasoning

Table 1: Comparison of InfoCausalQA with existing infographic and chart benchmarks. InfoCausalQA explicitly
evaluates causal inference rather than descriptive or arithmetic reasoning.

Yet, these capabilities remain limited in current
multimodal Al systems. There have been numer-
ous cases demonstrating the evolution of visual
processing tasks, from early attempts at simple
image recognition to more recent efforts to as-
sess the comprehension of infographics. (Chaudhry
et al., 2020; Kahou et al., 2018; Methani et al.,
2020; Kafle et al., 2018) While Vision-Language
Models(VLMs) are used for analyzing infograph-
ics, most benchmarks still neglect causal infer-
ence, focusing mainly on surface-level perception
and reasoning. While there have been prior at-
tempts to evaluate visual causal reasoning in VLMs,
they were limited by a narrow range of task cat-
egories (Komanduri et al., 2025) or non-reality
based generality. (Wang et al., 2025) Even most
current benchmarks for infographic understanding,
as shown in Table 1, focus on simple numerical
calculations, direct information retrieval, or basic
reasoning over explicitly presented data, without
addressing the crucial question (Masry et al., 2022,
2025; Hegde et al., 2025; Mathew et al., 2022;
Lin et al., 2025): Can models perform non-explicit
causal reasoning based on infographic?

To address this gap, we introduce InfoCausalQA,
a dataset of 1,482 multiple-choice questions cu-
rated from 494 infographics. As shown in Fig-
ure 2, InfoCausalQA comprises two tasks: Task
1, Quantitative Causal Reasoning, requires mod-
els to infer causal relationships from visual trends,
going beyond simple arithmetic or explicit com-
parisons. For example, in the rightmost Task 1
example of Figure 2, the model must predict what
happens next if an income trend continues, which
involves reasoning about non-explicit causal dy-

namics. Task 2, Semantic Causal Reasoning, eval-
uates the model’s ability to reason about five core
causality types—Cause, Effect, Intervention, Coun-
terfactual, and Temporal—through both visual and
textual interpretation. As shown in the rightmost
Task 2 example of Figure 2, the model may be
asked to identify the most likely cause of an in-
come trend or infer the expected effect of a policy
change. Such questions require contextual reason-
ing beyond surface-level visual understanding, rely-
ing on inference over non-explicit causal structures.
We evaluate a range of VLMs on this benchmark.
Our experimental results reveal that, despite accept-
able perceptual and linguistic capabilities, VLMs
struggle with both causal reasoning tasks. These
results suggest a fundamental gap between percep-
tion and causal inference, underscoring the need for
better causal reasoning in models. We hope Info-
CausalQA fosters research bridging perception and
causal reasoning, toward more explainable multi-
modal Al. Our main contributions are as follows:

* We propose InfoCausalQA, the first bench-
mark specifically designed to evaluate causal
reasoning over infographics by leveraging rich
visual-linguistic information, including rela-
tionships not explicitly observable.

* We conduct a systematic analysis of current
VLMs’ performance on infographic-based
causal reasoning tasks, revealing critical limi-
tations in their inference capabilities.

* Our study offers insights into future directions
for developing inference-driven and explain-
able Al systems, emphasizing the importance



of causal understanding in multimodal reason-
ing.

2 Related Works

2.1 Infographics Question Answering
Benchmark

Recent efforts have explored building benchmarks
for question answering on infographics and charts
with VLMs. Masry et al. (2022) introduced
ChartQA, a large-scale chart QA benchmark re-
quiring compositional and visual reasoning over
bar, line, and pie charts. Its follow-ups, ChartQA-
Pro (Masry et al., 2025) and ChartQA-X (Hegde
et al., 2025), broadened the scope by including ad-
ditional chart types and question formats, yet they
remained oriented towards mathematical or descrip-
tive reasoning tasks, without evaluating causality.
Mathew et al. (2022) targets rich infographic im-
ages, requiring joint text—visual understanding and
categorizing questions by evidence source and op-
eration type; however, its queries remain largely
confined to retrieving information or performing
basic arithmetic. Lin et al. (2025) further scales
up on paired plain and infographic charts, introduc-
ing text-based and visual-element-specific queries
to test design-driven comprehension, yet it simi-
larly omits causal questions. As a result, none of
these benchmarks probe a model’s ability to per-
form causal inference over multimodal (chart+text)
information. InfoCausalQA fills this gap by intro-
ducing questions explicitly focused on causal rea-
soning: both quantitative causal analysis of chart
trends and semantic causal reasoning grounded in
infographic-style data.

2.2 Causal Inference

Interest in how Al systems understand and reason
about causality has surged in recent years, giving
rise to a series of focused benchmarks. Early ef-
forts such as the structured-data suite of Cai et al.
(2024) and the text-centric CLadder (Jin et al.,
2023), CausalBench (Wang, 2024), and Causal-
Net (Ashwani et al., 2024) probe large language
models with hypothetical or narrative questions
that hinge on non-explicit causal links. Building
on this line of work, Imam et al. (2025) introduce
Temporal VQA, which requires models to infer tem-
poral—causal relations across multiple images, illus-
trating the need for multimodal reasoning beyond
text alone. InfoCausalQA advances this agenda
by asking: Can models derive causality from the

richly structured, visually dense world of infograph-
ics? By combining textual, graphical, and spatial
signals in a single task, InfoCausalQA challenges
models to integrate heterogeneous cues when trac-
ing cause—effect chains.

3 InfoCausalQA

InfoCausalQA is designed to systematically eval-
uate causal reasoning capabilities grounded in in-
fographics. It aims to assess whether models can
move beyond perceptual recognition to infer causal
relationships from both visual and textual elements.

3.1 Task Definition

We define the two core tasks to systematically
evaluate the ability of Vision-Language Models
(VLMs) to perform complex causal reasoning in
the context of infographics.

3.1.1 Task 1: Quantitative Causal Reasoning

This task evaluates a model’s ability to perform
causal inference grounded in numerical data pre-
sented within infographics. Unlike traditional
chart-based QA tasks that focus on directly ex-
tracting, comparing, or computing visible values, it
requires models to answer causal questions based
on hypothetical changes or interventions. Solving
these problems involves recognizing key visual el-
ements, understanding the question’s context, and
performing relevant numerical reasoning. This task
assesses whether VLM possess a foundational un-
derstanding of infographics, including both basic
quantitative skills and causal inference over visual-
ized data.

3.1.2 Task 2: Semantic Causal Reasoning

This task evaluates higher-level causal reasoning
that goes beyond numerical extrapolation. Unlike
Task 1, which focuses on quantitative changes im-
plied by visualized values, Task 2 targets semantic
causal reasoning: models must connect the info-
graphic (and its paired textual context) to plausible
explanations, consequences, and hypothetical sce-
narios that are typically implied rather than explic-
itly stated.

We define five causality types to cover comple-
mentary aspects of causal reasoning: Effect, Cause,
Intervention, Counterfactual, and Temporal. Each
question is assigned to exactly one type, and the
definitions are summarized in Table 2.
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Figure 2: An overview of the benchmark generation and construction process. We manually collected infographics
and their accompanying explanatory text from the source data, filtered them for quality, and generated questions for
Task 1 and Task 2 using GPT-40. We then conducted human curation to construct the benchmark.

Causality Type | Definition

Effect Inferring about possible outcomes or situations following the situation described
or depicted in the infographic.
Cause | Inferring the reasons or driving forces behind the observed trends or patterns in the infographic.
Intervention Inferring how the infographic trend or pattern would change if a situation (action or policy)
that did not occur occurred.
Counterfactual | Inferring how the infographic trend or pattern would have been different in a hypothetical scenario
where a specific situation (such as a number or action) was different.
Temporal Inferring why the trend evolves over time, including identifying plausible factors associated with turning
points, accelerations, or slowdowns.

Table 2: Definitions of the five causality types used in InfoCausalQA. Each type targets a distinct form of non-
explicit causal reasoning that requires integrating visual evidence with contextual semantics.

3.2 Benchmark Construction

3.2.1 Infographic Source Collection

We collect infographics from four public
sources—Gallup' , Our World in Data (OWID)?
, Pew Research Center (Pew)® , and the Public
Policy Institute of California (PPIC)4—along with
accompanying explanatory text such as captions
or summaries manually. The textual context is
used exclusively for Task 2 to support semantic
causal reasoning, whereas Task 1 relies solely on
visual information to formulate questions based on
numerical trends.

To ensure quality of collected infographics, two
experienced selectors independently reviewed and
cross-checked all infographic—text pairs prior to

"https://www.gallup.com
Zhttps://ourworldindata.org/
*https://www.pewresearch.org/
*https://www.ppic.org/

question generation. Samples with low inter-
pretability or incomplete visual elements (e.g., il-
legible text, missing legends or axes, or inconsis-
tent visual—text correspondence) were removed,
yielding a final set of 494 high-quality infograph-
ics.

3.2.2 Question and Answer Set Generation

Using the collected infographics and associated ex-
planatory texts, we construct QA sets for both tasks
with GPT-40 and then perform thorough human re-
finement. For Task 1, GPT-40 receives only the in-
fographic image and generates a numerical causal
inference question with four answer choices, where
exactly one option is correct. We manually revise
the generated questions to ensure clarity, numerical
correctness, and alignment with non-explicit causal
reasoning, while removing surface-level cues that
could enable shortcut solutions. For Task 2, GPT-



4o takes both the infographic and its accompanying
text as input and generates questions targeting two
of the five causality types, where multiple options
may be correct. Human annotators refine all out-
puts by validating question type, answer consis-
tency, and distractor plausibility, and by ensuring
that solving each question requires interpreting the
visual evidence rather than relying solely on the
text. For transparency and reproducibility, we pro-
vide the full prompts in the Appendix D.1.

After generation, three annotators systematically
revise the questions to improve dataset quality and
to better elicit non-trivial causal reasoning. In par-
ticular, they remove superficial cues that could sim-
plify causal inference. This curation is guided by
three core principles: Non-explicitness Enforce-
ment, Visual-Logical Alignment, and Causality-
Type Fidelity. A description of each principle can
be found in Appendix F. The overall revision rate
for samples that failed to meet these criteria was
60.59%. We intentionally adopt strict filtering to
minimize shortcut solutions and to maintain the
benchmark’s focus on genuine causal reasoning.

3.3 Benchmark Statistics
3.3.1 Diversity of Infographic Types

To ensure the comprehensiveness and robustness
of infographic categories, we analyze the statisti-
cal properties and diversity of our dataset. The
collection of 494 infographics spans 32 distinct
chart types, reflecting a wide range of visualization
styles. The majority consists of line charts (43.5%)
and bar charts (25.9%), which are commonly used
for presenting trends and comparisons. Additional,
less frequent chart types—used to assess model
adaptability to more complex or uncommon for-
mats—are detailed in Figure 4.

3.3.2 QA and Causality Type Distribution

Based on the 494 collected infographics, we con-
struct a total of 1,482 QA instances in Info-
CausalQA. Task 1 (Quantitative Causal Reasoning)
includes one QA set per single infographic, yield-
ing 494 QA sets. Task 2 (Semantic Causal Reason-
ing) includes two QA sets per infographic, each
targeting a distinct causal reasoning type, resulting
in 988 QA sets. Each Task 2 instance is labeled
with one of five predefined causality types: Cause,
Effect, Intervention, Counterfactual, or Temporal.
Among these, Effect accounts for the largest pro-
portion (43%), followed by Cause (31%). This dis-
tribution reflects the relative ease with which these

causality types can be inferred from infographics
and their accompanying textual explanations. The
full breakdown is shown in Figure 5.

4 Experiments

4.1 Models

We evaluate a diverse set of widely used Vision-
Language Models (VLMs), spanning both closed-
and open-source models. The closed-source
models include ol (Jaech et al., 2024), GPT-40
(Achiam et al., 2023), and Claude 4 Sonnet (An-
thropic, 2025), while the open-source models in-
clude InternVL3-38B-Instruct (Zhu et al., 2025),
InternVL-2.5-MPO (26B, 8B) (Chen et al., 2024),
Qwen2.5-VL-Instruct (72B, 32B, 7B) (Team,
2025), LLaVA-OneVision-7B (Li et al., 2024),
Idefics2-8B (Laurencon et al., 2025), and Phi-3.5-
Vision-Instruct (Microsoft, 2024). By covering a
broad range of model families and sizes, we aim
to provide a comprehensive comparison of current
VLMs’ causal reasoning capabilities on infograph-
ics. All experiments were conducted on eight RTX
3090 GPUs, each with 24GB VRAM.

4.2 Quantitative Causal Reasoning
4.2.1 Metric

The model selects the most appropriate one among
the four given options and measures the accuracy
by comparing it with the correct answer. The full
prompts are provided in Appendix D.2.1 for trans-
parency and reproducibility.

4.2.2 Results

As shown in Table 3, even the strongest models ex-
hibited limited performance on Task 1, with Claude
Sonnet 4 achieving the highest accuracy at just
57.3%. This highlights that, despite their strong lan-
guage and general reasoning capabilities, current
VLMs struggle with complex quantitative causal
reasoning that goes beyond surface-level numerical
interpretation.

Closed-source models such as Claude, GPT-
40, and ol generally outperformed open-source
counterparts like InternVL and Qwen. However,
the large open-source model Qwen2.5-VL-72B-
Instruct (52.0%) achieved performance comparable
to GPT-4o0, suggesting that open-source models are
increasingly competitive.

Among open models, Qwen2.5-VL-72B-Instruct
led the group, followed by InternVL3-38B-Instruct
(45.7%). In contrast, smaller models such as



Model | Correct Rate (%)
Claude Sonnet 4 57.3
GPT-40 52.0
ol 53.2
InternVL3-38B-Instruct 45.7
InternVL2.5-26B-MPO 44.1
InternVL2.5-8B-MPO 40.7
Qwen2.5-VL-72B-Instruct 52.0
Qwen2.5-VL-32B-Instruct 49.2
Qwen2.5-VL-7B-Instruct 41.7
Llava-Onevision (7B) 34.6
Idefics2-8B 322
Phi3.5-Vision-Instruct (4B) 33.8

Table 3: Accuracy evaluation for multiple-choice ques-
tions in the Quantitative Causal Reasoning(Task 1).

Idefics2-8B and Phi-3.5-Vision-Instruct performed
substantially worse, with Idefics2-8B ranking the
lowest overall. These results suggest that while
model scale contributes to performance, size alone
is not sufficient for mastering quantitative causal
reasoning in infographics.

4.3 Semantic Causal Reasoning
4.3.1 Maetric

In Task 2, models judge each of the four options in-
dependently as correct ("O’) or incorrect (' X’). This
design prevents models from relying on relative
comparisons between options—common in fixed-
number or "select all that apply" settings—and in-
stead promotes evaluation based solely on the rela-
tionship between each option, the question, and the
infographic. The full prompts are provided in Ap-
pendix D.2.2 for transparency and reproducibility.

We evaluate model performance using metrics
of Select-All-That-Apply (SATA) benchmark (Xu
et al., 2025), which allow for precise quantifica-
tion of multi-option reasoning accuracy. A total of
two categories of metrics, Performance and Count
bias are used in this paper, and we use the metrics
belonging to Performance as main metrics. The
metrics belonging to Peformance and their mean-
ings are as follows: Exact Match (EM), Precision,
Recall, Jaccard Index (JI). The meaning of each
metrics is shown in Appendix E.1.

4.3.2 Results

Table 4 shows the overall results for Task 2. We
focus on metrics in the Performance category here,
while Count Bias metrics are analyzed in Sec-
tion 5.2.

Among all models, o1 achieves the highest Exact
Match (EM) score (65.18%), as well as the highest

Precision (90.58%) and Jaccard Index (81.90%).
This indicates that even when it fails to select the
exact full set of correct options, it tends to include
most correct ones while avoiding incorrect answers.
GPT-40 follows with an EM of 56.98%, but shows
higher Recall (87.69%) than Precision (85.74%),
and a lower Jaccard Index than ol. This suggests
that GPT-40 tends to include more false positives,
resulting in a slightly less precise prediction set.

Among open-source models, Qwen2.5-VL-72B-
Instruct is the only one performing on par with
GPT-40. Most others perform considerably worse.
Idefics2-8B ranks lowest in both EM and Jaccard
Index (41.68%), indicating frequent failure to iden-
tify correct sets, particularly in multi-answer cases.
These results highlight the current limitations of
open-source models in accurately handling multi-
option causal reasoning.

S Analyses

In this section, we analyze the Count Bias results
from Task 2 and the answers of models according
to the causality type, and compare the performance
between models and humans through human evalu-
ation.

5.1 Qualitative Analysis

To analyze qualitative causal reasoning in Task 2,
we examine model responses and justifications,
with Figure 3 comparing o1, GPT-40, and Qwen2.5-
VL-72B-Instruct. In the Cause example (top), ol
and GPT-4o0 successfully integrate visual evidence
with background knowledge, while Qwen2.5-VL-
72B refrains from answering in the absence of ex-
plicit causal cues, indicating limited flexibility in
non-explicit reasoning. In the Counterfactual ex-
ample (bottom), only ol reasons correctly over
relative magnitudes, whereas GPT-4o partially suc-
ceeds and Qwen2.5-VL-72B exhibits counterfac-
tual reasoning errors.

5.2 About Count Bias

To analyze selection bias in multi-option causal
reasoning, we evaluate models using three count-
based metrics: Count Difference (CtDif), Absolute
Count Difference (CtDifAbs), and Count Accuracy
(CtAcc), which measure over-/under-selection ten-
dencies and accuracy in predicting the number of
correct options. The meaning of each metrics is
shown in Appendix E.2.

Overall, ol demonstrates the most accurate and
stable selection behavior, achieving the lowest Ct-



Model ‘

Performance (%)

Count Bias

\ EM 1 Precision? Recallt JIT  CtDif CtDifAbs] CtAcc?
Claude Sonnet 4 42.81 80.41 81.65 71.31  0.04 0.56 0.51
GPT-40 56.98 85.74 87.69 79.02  0.09 0.41 0.64
ol 65.18 90.58 86.01 81.90 -0.10 0.30 0.71
InternVL3-38B-Instruct 30.67 70.52 76.11 62.28  0.17 0.57 0.50
InternVL2.5-26B-MPO 8.00 57.14 72.83 50.81 047 0.67 0.40
InternVL2.5-8B-MPO 7.29 53.33 62.10 4406 0.22 0.64 0.44
Qwen2.5-VL-72B-Instruct | 55.77 85.19 84.73 77.16 0 0.40 0.64
Qwen2.5-VL-32B-Instruct | 15.69 65.49 76.59 57.70  0.34 0.62 0.41
Qwen2.5-VL-7B-Instruct 7.39 56.59 74.73 50.03  0.66 0.81 0.36
Llava-Onevision (7B) 24.09 74.29 76.40 60.86  0.21 0.74 0.35
Idefics2-8B 4.86 51.57 64.84 41.68  0.65 0.86 0.21
Phi3.5-Vision-Instruct (4B) | 17.61 75.08 51.21 47.84  -0.76 0.84 0.32

Table 4: Performance and count bias metrics for the Semantic Causal Reasoning(Task 2).

Countrie
or below

Q) Why might fertility rates be shown in brown in many countries?
A) Decline in healthcare and rising infant mortality rates.
VB) Greater female participation in the workforce and higher education.
L) Increased availability and use of contraceptives.
D) Economic factors such as higher living costs and urbanization.

ol (Correct)

[...] is most often associated with factors such as
women’s workforce/education (B), widespread
contraceptive availability (C), [...] A decline in
healthcare or rising infant mortality (A) does not
typically reduce fertility below replacement
levels. Answer: B, C, D

(Incorrect)

Below replacement Above replacement
e ——

Data source: UN, World Population Prospects (2022)

GPT-40 (Correct) A) Decline in healthcare and rising infant mortality rates are usually associated with higher fertility as
families have more children to offset child mortality. B) Greater female participation in the workforce and
higher education is linked to lower fertility rates as women may delay childbearing. C) [...] Answer: B, C, D

Qwen2.5-VL-72B [...] may include factors like greater female participation in the workforce, higher education, increased
availability of contraceptives, and economic factors. However, the map itself does not provide specific
reasons for the brown color; it only indicates that these countries have fertility rates below the replacement
level. [...] Answer: None

Counterfactual

Road transport makes up most of
the carbon footprint of food miles

Q) How would the distribution of food mile emissions change if road transport contributed only 1%?

A) Rail transport emissions might become the largest contributor.
\é) Food miles might contribute less to global greenhouse gas emissions overall.

C) Aviation might account for more emissions than road transport.
\b) The impact of shipping on emissions might still remain relatively low compared to road.

Shipping i 017

Aviation [ 0.02

Data sourc

(Incorrect)

01 (Correct) Road at 1% would still exceed rail (0.72%) and aviation (0.02%), so (A) and (C) are incorrect. [...] Answer: B, D

GPT-40 (Incorrect) A) If road transport were to account for just 1%, rail transport could become the largest contributor among
the listed transport types. [...] B) If road emissions were reduced, the overall contribution of food miles to
global emissions might decrease. [...] Answer: A, B, D

Qwen2.5-VL-72B [...] The overall contribution of food miles to global greenhouse gas emissions would not necessarily
decrease just because road transport emissions decreased (B is incorrect). [...] Answer: D

Figure 3: Qualitative results produced by ol, GPT-40, and Qwen2.5-VL-72B. The examples illustrate common
failure modes: overly conservative abstention when causality is non-explicit, partial success with spurious options,
and counterfactual reasoning errors driven by incorrect magnitude/logic judgments.

DifAbs and highest CtAcc, with a slightly nega-
tive CtDif indicating a conservative strategy that
avoids incorrect options. In contrast, other models
exhibit pronounced biases, ranging from system-
atic under-selection (e.g., Phi3.5-Vision-Instruct)
to over-selection (e.g., Qwen2.5-VL-7B-Instruct).
These patterns suggest that, beyond identifying cor-
rect options, accurately estimating how many an-
swers apply remains a challenge for current VLMs.

5.3 Analysis for Causality Type

We analyze model performance on Semantic
Causal Reasoning by causality type, revealing con-
sistent trends across models. The result is shown
in Table 5. Most perform better on Effect ques-

tions than on Cause questions, indicating a relative
strength in predicting outcomes rather than identi-
fying underlying reasons. For example, ol achieves
74.9% on Effect but drops to 57.8% on Cause, with
Claude Sonnet 4 showing a similar pattern.
Temporal reasoning is the most difficult category
for all models. Even the best-performing mod-
els, such as GPT-40, see a steep decline in accu-
racy—from 64.6% on Effect to just 37.5% on Tem-
poral. This suggests that understanding time-based
causal dynamics, often non-explicit and abstract in
infographics, remains a significant challenge.
While smaller open-source models (e.g.,
Idefics2-8B, Qwen2.5-VL-7B) perform poorly
across all types, models like Llava-Onevision and



Model |E C 1 CF T
Claude Sonnet 4 507 31.2 50.5 542 28.4
GPT-40 64.6 52.0 59.8 52.5 37.5
ol 749 57.8 71.0 67.8 35.2

InternVL3-38B-Instruct 35.7 20.8 42.1 339 250
InternVL2.5-26B-MPO 94 62 140 85 0
InternVL2.5-8B-MPO 80 6.2 122 6.8 23
Qwen2.5-VL-72B-Instruct | 62.7 48.4 66.4 57.6 34.1
Qwen2.5-VL-32B-Instruct | 17.1 12.3 14.0 18.6 20.5
Qwen2.5-VL-7B-Instruct 82 78 75 34 46
Llava-Onevision (7B) 249 253 30.8 22.0 9.1
Idefics2-8B 49 58 56 34 1.1
Phi3.5-Vision-Instruct (4B) | 18.3 17.2 18.7 15.3 159

Table 5: Exact Match (EM) scores(%) by causality type
in the semantic causal reasoning task: Effect (E), Cause
(C), Intervention (I), Counterfactual (CF), and Temporal
(D).

Phi3.5-Vision-Instruct demonstrate that strong
causal reasoning is possible even at smaller
scales. These results highlight that model size
alone does not guarantee causal inference ability,
underscoring the importance of training quality,
architecture, and reasoning design.

5.4 Human Evaluation on Task 2

Conducting human evaluation over the full bench-
mark is prohibitively expensive; therefore, we per-
form a small-scale human evaluation by randomly
sampling 100 questions from Task 2. Human anno-
tators answer each question by selecting all correct
options, following the same multi-label setting used
for model evaluation in Task 2.

We report accuracy using Exact Match (EM),
where a prediction is considered correct only if the
selected option set exactly matches the gold answer
set. This strict metric is consistent with the evalua-
tion protocol of Task 2 and prevents performance
inflation from partially correct selections.

Table 6 presents the comparison between human
performance and VLMs on the sampled Task 2
questions. Humans achieve an EM accuracy of
77%, demonstrating that the benchmark is reli-
ably solvable by humans even under a stringent
evaluation criterion, while current VLMs exhibit
a substantial performance gap in semantic causal
reasoning.

This gap suggests that Task 2 requires integrat-
ing fine-grained visual evidence with non-explicit
causal semantics, which remains challenging for
existing models. Bridging this gap will likely re-
quire advances in multimodal grounding as well as
more robust causal abstraction capabilities.

Model | EM (%)
Claude Sonnet 4 42.0
GPT-40 56.0
ol 75.0
InternVL3-38B-Instruct 33.0
InternVL2.5-26B-MPO 2.0
InternVL2.5-8B-MPO 5.0
Qwen2.5-VL-72B-Instruct 54.0
Qwen2.5-VL-32B-Instruct 10.0
Qwen2.5-VL-7B-Instruct 3.0
LLaVA-OneVision (7B) 22.0
Idefics2-8B 3.0
Phi-3.5-Vision-Instruct (4B) 21.0
Human | 77.0

Table 6: Human evaluation on Task 2 (Exact Match
accuracy).

6 Conclusion

In this paper, we introduced InfoCausalQA, a novel
and comprehensive benchmark designed to evalu-
ate causal reasoning abilities of Vision-Language
Models in the context of real-world infographics.
By formulating two distinct but complementary
tasks—Quantitative and Semantic Causal Reason-
ing—we move beyond existing benchmarks that
focus on superficial perception or basic compu-
tations. Instead, we target the core challenge of
inferring underlying causal structures from multi-
modal inputs, including non-explicit patterns not
explicitly stated.

Through systematic evaluation across a range
of state-of-the-art models—spanning both open-
source and closed-source VLMs—we reveal pro-
nounced limitations in current systems’ ability
to handle causal reasoning. While some closed-
source models like o1 and GPT-40 show relatively
higher performance, even these struggle with tasks
requiring deeper integration of visual cues and non-
explicit reasoning.

By surfacing these challenges, InfoCausalQA
contributes a new benchmark paradigm that reflects
the complexity of real-world reasoning, where
understanding causality is essential for decision-
making, explanation, and trust. We hope this bench-
mark not only drives progress in causally aware
model development, but also fosters broader re-
search at the intersection of multimodal understand-
ing, structured reasoning, and explainable Al.

7 Limitation

InfoCausalQA is designed to evaluate non-explicit
and non-explicit causal reasoning grounded in in-



fographics, rather than to provide fully formalized
causal ground truth such as complete causal graphs
or structural equations. Causal relations are op-
erationalized through carefully curated multiple-
choice questions that reflect plausible human inter-
pretations of visual and contextual evidence. While
this design enables scalable and reproducible eval-
uation, it assesses the plausibility and consistency
of causal reasoning rather than definitive causal
correctness in a strict causal inference sense.

Additionally, infographic-based causal reason-
ing inherently involves subjective interpretation,
especially when causal relations are unobserved or
non-explicit. Although multiple annotators system-
atically revised and validated generated questions
to ensure answerability, visual grounding, and logi-
cal soundness, some degree of ambiguity remains
unavoidable. Furthermore, the benchmark primar-
ily draws from high-quality public infographics and
adopts a multiple-choice format, which may limit
generalization to more diverse infographic styles
or open-ended causal reasoning scenarios.
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A Experimental Setup

A.1 List of Vision-Language Models Used in
Paper

All the VLMs we used for this paper are as follows.

¢ ol (Jaech et al., 2024)
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* GPT-40 (Achiam et al., 2023)
* Claude 4 Sonnet (Anthropic, 2025)
¢ InternVL3-38B-Instruct (Zhu et al., 2025)

e InternVL-2.5-MPO (26B, 8B) (Chen et al.,
2024)

* Qwen2.5-VL-Instruct (72B, 32B, 7B) (Team,
2025)

* LLaVA-OneVision-7B (Li et al., 2024)
e Idefics2-8B (Laurencon et al., 2025)
e Phi-3.5-Vision-Instruct (Microsoft, 2024)

A2

For all stages of QA generation and evaluation, we
use a sampling temperature of 0.2. This relatively
low temperature setting is chosen to minimize ran-
domness in model outputs and promote determin-
istic reasoning. Since both Task 1 and Task 2 in
InfoCausalQA involve multi-step causal inference
grounded in visual data, high output consistency is
essential to maintain logical coherence and avoid
distractive variation in question generation.

Using a lower temperature encourages the model
to favor the most likely. Preliminary tests with
higher temperatures (e.g., 0.7-1.0) resulted in more
diverse but often logically inconsistent questions
and answer choices, reinforcing our decision to fix
the temperature at 0.2.

Temperature Setting

B Data Sources

To construct a benchmark grounded in authen-
tic, real-world data, all infographics used in In-
foCausalQA were collected from reputable public
research organizations. These sources regularly
publish high-quality visualizations on social, eco-
nomic, environmental, and political topics. Below,
we briefly introduce each of the four major sources
used:

B.1 Gallup’

A global analytics and advice firm that publishes
survey-based infographics on public opinion, work-
place engagement, wellbeing, and world affairs.
Gallup visualizations are grounded in regular
polling across diverse populations and often high-
light temporal trends or geographic differences.

Shttps://www.gallup.com
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B.2 Our World in Data (Owid)°

An open-access platform that combines academic
research with interactive visualization. OWID cov-
ers global issues including climate change, poverty,
health, energy, and food security. The site is widely
used in both educational and policy contexts for its
clean and information-dense visual representations.

B.3 Pew Research Center (Pew)’

A nonpartisan fact tank based in the U.S. that con-
ducts public opinion polling, demographic research,
content analysis, and other data-driven social sci-
ence research. Pew regularly releases infographics
on topics such as technology use, political attitudes,
religion, and generational trends.

B.4 Public Policy Institute of California
(PPIC)®

A nonprofit, nonpartisan think tank focused on is-
sues affecting California, such as education, health-
care, environment, and housing. Their visual re-
ports often provide insight into regional policy de-
bates using clear and data-rich infographics.

These sources ensure that InfoCausalQA reflects
a broad spectrum of data types and topics while
maintaining factual reliability and visual authen-
ticity. The use of real-world infographics helps
to evaluate models under conditions that resem-
ble practical applications in media analysis, policy
review, and public communication.

C Full Distribution of Infographic Types

To analyze the structural diversity of Info-
CausalQA, we manually categorized all 494 info-
graphics into 32 distinct chart types. Table 7 reports
the full distribution, including both common and
rare formats.

While the majority of examples are composed
of Line Charts (215, 43.5%) and Bar Charts (128,
25.9%), the dataset also includes a variety of less
frequent but semantically rich formats such as
Choropleth Maps, Sankey Diagrams, Treemaps,
and Venn Diagrams. These diverse formats ensure
that the benchmark tests model robustness across
a wide range of real-world infographic representa-
tions.

®https://ourworldindata.org/
"https://www.pewresearch.org/
8https://www.ppic.org/
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D Prompts for Problem Generation and
Answering

To support the construction and evaluation of the In-
foCausalQA benchmark, we designed specialized
prompting strategies for both the generation and
answering of causal reasoning questions grounded
in infographics. The prompts are tailored to each
of the two benchmark tasks—Task 1: Quantitative
Causal Reasoning and Task 2: Semantic Causal
Reasoning—and are further adapted to reflect the
unique reasoning formats required in each. This
appendix documents the complete set of prompts
used during dataset creation and experiments.

D.1 Problem Generation Prompts
D.1.1 For Task 1

The goal of Task 1 is to generate questions that test
amodel’s ability to reason causally using numerical
information in infographics. Figure 6 shows the
prompt used to create the initial problem for Task
1. The prompt instructs the model to:

First, formulate a multiple-choice question
(MCQ) based on quantitative data such as trends,
percentages, or numerical values present in the
infographic. Second, embed causal or temporal
inference into the question by including hypothet-
ical scenarios (e.g., “if a trend continues”, “if X
increases”). Third, generate four answer options,
only one of which is correct, while the others are
plausible but incorrect distractors. It also includes
the basis for the correct answer so that people can
refer to it when making corrections. This prompt
design ensures that questions require causal infer-
ence rather than mere data lookup or extraction.

D.1.2 For Task 2

For Task 2, the model is asked to generate questions
that evaluate higher-level semantic causal reason-
ing. Figure 7 shows the prompt used to create the
initial problem for Task 2.The prompt is provided
both an infographic, and an accompanying textual
description.

Based on this information, the model must: First,
select two causal reasoning types from a predefined
set of five: Effect, Cause, Intervention, Counterfac-
tual, and Temporal. Second, for each type, generate
one question that adheres precisely to its definition.
Third, avoid directly quoting or referencing observ-
able trends or specific values from the infographic;
instead, questions must rely on reasoning grounded
in the visual-textual context. Next, provide four an-



swer choices per question, with at least two correct
answers and the rest being plausible but incorrect.
And last, clearly indicate which options are correct.
This prompt guides the model to construct com-
plex reasoning questions that simulate analytical
interpretation of infographic content.

D.2 Multiple-Choice Answering Prompts

To evaluate model performance on the bench-
mark, we designed two dedicated answering
prompts—one for each task—each enforcing strict
output formats to facilitate automated scoring.

D.2.1 For Task 1

Figure 8 shows the prompt used to solve the prob-
lem for Task 1. The Task 1 answering prompt
presents a single multiple-choice question and
instructs the model to: First, examine the info-
graphic and select the single most appropriate an-
swer (A—D). Then, output only the chosen option
letter, without any additional text or explanation.
This format is compatible with exact-match accu-
racy metrics.

D.2.2 For Task 2

Figure 9 shows the prompt used to solve the
problem for Task 2. Task 2 requires a multi-
answer format. This design prevents models
from relying on relative comparisons between op-
tions—common in fixed-number or “select all that
apply” settings—and instead promotes evaluation
based solely on the relationship between each op-
tion, the question, and the infographics.

The answering prompt provides: First, a seman-
tic causal reasoning question with four answer op-
tions. Second, instructions to evaluate each option
independently and mark it as either: O (correct), or
X (incorrect). The model must output the results
in a strict comma-separated format (e.g., A) O, B)
X, C) 0, D) X). No additional text or justification
is allowed. This format allows for partial-credit
scoring using multi-label evaluation metrics such
as Precision, Recall, and Jaccard Index.

E Metrics Definition for Task 2

We use metrics from SATA-Bench (Xu et al., 2025)
to evaluate the correct answer to Task 2. This paper
uses a total of seven metrics belonging to the Perfor-
mance and Count Bias categories. The definitions
of each are detailed below.
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E.1 Performance Metrics

* EM(Exact Match): EM measures the propor-
tion of questions for which the model correctly
selected all correct options. This is the most
rigorous method of measuring multi-answer
accuracy.

* Precision: Precision measures the proportion
of selected options that are actually correct. It
captures how "careful" the model is in select-
ing options.

Nyl

Y
Precision = Z | |Y|
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ey

* Recall: Recall measures the proportion of
ground-truth correct options that are success-
fully selected by the model. It reflects the
model’s ability to cover all relevant answers.

meY|

2
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* JI(Jaccard Index): The Jaccard Index quanti-
fies the similarity between the predicted and
ground-truth answer sets by computing the
size of their intersection over the size of their
union.
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E.2 Count Bias Metrics

These metrics measure the model’s ability to esti-
mate the number of correct answers per question,
regardless of which specific options are selected.

* Mean Count Difference (CtDif):The average
signed difference between the number of pre-
dicted and actual correct answers. A posi-
tive value indicates over-selection; a negative
value indicates under-selection.

N

ctpif = 3 (19 - )

i=1

)

¢ Mean Absolute Count Difference (CtDifAbs):
The average absolute error between the pre-
dicted and true number of correct answers.

. 1Y
CtDif Abs = ~ ; ( V;| — (5)




* Count Accuracy (CtAcc): The proportion of
questions for which the model predicted the
exact number of correct answers, regardless
of which specific options were selected.

1 & e
Ctace= 5 3 1[I =¥l ©

F Human Refinement Procedure for
Question-Answer Problem set
Construction

After the initial generation of QA sets using GPT-
40, all questions and answer options undergo a
comprehensive human refinement process to ensure
quality and faithful grounding in the visual data.
This refinement is guided by three core principles:

* Non-explicitness Enforcement: Any numeri-
cal values or visual trends explicitly stated in
the question or answer choices are rewritten
into non-explicit forms. This prevents short-
cut solutions based solely on textual cues and
ensures that solving the question requires vi-
sual interpretation of the infographic.

* Visual-Logical Alignment: Questions that
are factually inconsistent with the infographic
or logically ill-formed are manually revised
or regenerated, including both the question
and its answer choices, to ensure coherent
alignment with the visual evidence.

* Causality-Type Fidelity: For Task 2, each
question is carefully checked to ensure cor-
rect alignment with its designated causality
type (e.g., Cause vs. Effect). Misclassified or
ambiguous cases are corrected to preserve the
intended causal reasoning structure.

Through this refinement process, we eliminate
surface-level textual cues and enforce logical and
semantic coherence, resulting in questions that re-
quire genuine visual-grounded causal reasoning.
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Distribution of Infographics

Anatomical Illustration | 1 | Narrative Infographic | 1 | Scatter Plot | 21 | Bar Chart | 128
Mixed Bar and Pie Chart | 1 | Choropleth Map | 16 | Statistical Chart | 3 | Donut Chart | 2
Partial Geographical Infographic | 10 | Simple Infographic | 5 | Sankey Diagram | 3 | Heatmap | 1
World-wide Geographical Infographic | 9 | Simple Infographic | 5 | Statistical Graph | 2 | Area Chart | 1
Horizontal Bar Chart | 2 | Comparative Chart | 2 | Bubble Chart | 1 | Line Chart | 215
Mixed Bar and Line Chart | 1 | Stacked Area Chart | 27 | Stacked Bar Chart | 17 | Pie Chart | 5
Informational Infographic | 2 | Statistical Infographic | 9 | Thematic Map | 3 | Table | 1
Timeline Infographic | 1 | Vertical Bar Chart | 1 | VennDiagram | 1 | Treemap | 1

Table 7: Distribution of Infographics in InfoCausalQA

Prompt for Task 1(Quantitative Causal Reasoning)’s Problem Generation

You are given an infographic that includes numerical values, trends, or proportions about a specific topic.
Your task is to generate a quantitative multiple-choice question that tests causality-related reasoning, using
the data from the infographic.

[INSTRUCTION]

- Question type: The question should ask for a logical numerical estimate or projection (e.g., what would
happen if a trend continues, if one factor changes, or if two values are combined).

- Use data from the image: Base the question on actual values, percentages, or trends shown in the
infographic. Avoid adding external knowledge.

- Involve causal or temporal reasoning: The question should implicitly or explicitly involve a causal or
time-based assumption (e.g., "If X continues," "If Y increases by 10%," etc.).

- If the information provided in the infographic is insufficient, you can suggest some figures through
assumptions.

Provide four answer options (A—D), with only one correct answer. The distractors should be numerically
plausible but incorrect.

[Output Format]
Question:
Options:
Answer:
Reason:

Figure 6: Prompt used to generate problems for Task 1(Quantitative Causal Reasoning)
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Prompt for Task 2(Semantic Causal Reasoning)’s Problem Generation

You are an assistant designed to evaluate causal reasoning abilities using visual data.

You will be provided with:
- An infographic image (containing visualized data)
- A brief description of the infographic's content

Your task is to create **two questions** based on this infographic and description.
Each question should correspond to a **different causal reasoning type** chosen from the list below.
Make sure each question fits the type precisely.

[Causal Question Types (5 total)]

1. Effect
— Ask about the likely consequence or result of a situation shown in the infographic.
_e.g., "What is likely to happen if this trend continues?"

2. Cause
— Ask about the reason or cause behind an observed pattern or trend.
_e.g., "What most likely caused the drop in birth rate after 2010?"

3. Intervention
— Ask what would happen if a certain intervention or policy had been introduced.
_e.g., "What might have changed if taxes were raised earlier?"

4. Counterfactual
— Ask about what could have happened in an alternative (non-actual) scenario.
_e.g., "If country A had not implemented the law, how would the trend look?"

5. Temporal
— Ask about changes over time or when a shift or reversal happened.
_e.g., "When did the turning point occur in this trend?"

[INSTRUCTION]

- First, select two of the most relevant types based on the infographic and its description.

- Then, generate **one question for each type**.

- Question must be simple and clear. DO NOT DIRECTLY MENTION trends or information that can be
seen in the infographic in the question.

- The questions should require reasoning grounded in the information from the infographic.

- Second, the options for each questions consists of four options, of which at least two are correct and the
rest are very plausible but incorrect.

- Last, print out which are the correct answers.

[Output Format]

Type:

Question:

Options:

Multi-Answers: (Output only the answers (e.g. A, C))

Now, generate two questions based on the following infographic and its description:

[Information of Infographics]
{description}

Figure 7: Prompt used to generate problems for Task 2(Semantic Causal Reasoning)
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Prompt for Task 1’s Multiple-Choice Question Answering(Choose only one)

Please look at the following infographic and choose the most appropriate option for the question.
- Print out only answers

Question: {query}
Options:
{options}

Your answer: (Only output the answer (e.g. C))

Figure 8: Prompt used to solve Task 1(Quantitative Cuasal Reasoning)

Prompt for Task 2’s Multiple-Choice Question Answering(Multiple Correct)

You will be given a question and four answer options.
Your task is to carefully read the question and options, then for each option, mark 'O" if it is correct or 'X" if it
is incorrect.

[Example]

Question: What most likely explains why best-practice organizations have higher employee engagement
levels compared to others?

Options:

A) They have more flexible work hours.

B) They focus on manager training and development.

C) They hire more employees than needed.

D) They pay higher salaries to their employees.

Your answer: A) O, B) O, C) X, D) X

Answer the questions with reference to the examples above.

[Important rules]

- You must provide marks(O or X) for each options.

- Answers must be in the following STRICT FORMAT: A) O, B) X, C) O, D) X (comma-separated, no extra
text).

- Do not explain your reasoning. Just print the final answer only.

[You]

Question: {query}

Options:

{options}

Your answer: (Only output the answers (e.g. A) O, B) O, C) X, D) 0))

Figure 9: Prompt used to solve Task 2(Semantic Causal Reasoning)
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