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Abstract001

Recent advances in Vision-Language Models002
(VLMs) have shown strong performance in003
perception and reasoning, yet their ability to004
perform causal inference—an essential aspect005
of human cognition—remains underexplored006
in multimodal settings. We introduce Info-007
CausalQA, a benchmark for evaluating causal008
reasoning grounded in infographics that inte-009
grate structured visual data with textual context.010
InfoCausalQA consists of two tasks: Task 1011
evaluates quantitative causal reasoning based012
on inferred numerical trends, while Task 2 tar-013
gets semantic causal reasoning across five re-014
lation types—cause, effect, intervention, coun-015
terfactual, and temporal. We collect 494 info-016
graphic–text pairs from four public sources and017
generate 1,482 multiple-choice QA pairs using018
GPT-4o, followed by systematic human revi-019
sion to ensure that questions require genuine020
visual grounding rather than surface-level cues.021
Experimental results show that current VLMs022
struggle with both quantitative and semantic023
causal reasoning, with particularly pronounced024
limitations in the latter. A human evaluation on025
100 Task 2 samples further reveals a substan-026
tial performance gap, with humans achieving027
77% accuracy. These findings highlight the028
need to advance causal reasoning capabilities029
in multimodal AI systems.030

1 Introduction031

Understanding multiple causal explanations is cru-032

cial in real-world scenarios. For example, the sharp033

decline in stock prices could be attributed to mar-034

ket volatility, but it could also reflect investor panic035

triggered by policy uncertainty. In policy, science,036

and everyday decisions, grasping how events in-037

fluence one another matters more than simply de-038

scribing them. As a core facet of human cognition,039

causal reasoning enables interpretation, intention040

inference, and prediction (Pearl, 2009; Yi et al.,041
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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- 042

ments—especially multimodal ones where causal 043

links are often non-explicit—AI systems must ac- 044

quire this ability (Li et al., 2025). Systematic eval- 045

uation across modalities is essential for robust, ex- 046

plainable decision-making. 047

One promising modality for evaluating such rea- 048

soning is infographics, which combines visual lay- 049

outs such as charts with additional textual descrip- 050

tions. For instance, as illustrated in Figure 1, the 051

infographic shows regional differences in the rate at 052

which young adults live with their parents. While 053

this may appear as simple geographic data, true 054

causal understanding involves reasoning about la- 055

tent factors like wage stagnation, housing policy. 056

Infographics thus challenge models to go beyond 057

surface-level interpretation: they must integrate 058

multimodal inputs and infer underlying mecha- 059

nisms that are not explicitly shown. 060

1



Benchmark # Samples Data Types Causal Reasoning Main Question Types

ChartQA
(Masry et al., 2022) 32,719 Bar, Line, Pie Charts ✗

Compositional question
Visual question

ChartQA-Pro
(Masry et al., 2025) 1,948 Bar, Line, Pie,

Area, Infographic ✗
Mathematical Reasoning

Visual Reasoning

ChartQA-X
(Hegde et al., 2025) 30,299 Bar, Line, Pie Charts ✗

Descriptive
Reasoning

InfographicVQA
(Mathew et al., 2022) 30,035 Infographics ✗

Questions tagged by Evidence
Questions tagged by Operation

InfoChartQA
(Lin et al., 2025) 55,091 Bar, Line, Pie,

Infographics ✗
Text-based questions

Visual-element-based questions

InfoCausalQA
(Ours) 1,482 Infographics

(including various charts) ✓
Quantitative Causal Reasoning

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 current061

multimodal AI systems. There have been numer-062

ous cases demonstrating the evolution of visual063

processing tasks, from early attempts at simple064

image recognition to more recent efforts to as-065

sess the comprehension of infographics. (Chaudhry066

et al., 2020; Kahou et al., 2018; Methani et al.,067

2020; Kafle et al., 2018) While Vision-Language068

Models(VLMs) are used for analyzing infograph-069

ics, most benchmarks still neglect causal infer-070

ence, focusing mainly on surface-level perception071

and reasoning. While there have been prior at-072

tempts to evaluate visual causal reasoning in VLMs,073

they were limited by a narrow range of task cat-074

egories (Komanduri et al., 2025) or non-reality075

based generality. (Wang et al., 2025) Even most076

current benchmarks for infographic understanding,077

as shown in Table 1, focus on simple numerical078

calculations, direct information retrieval, or basic079

reasoning over explicitly presented data, without080

addressing the crucial question (Masry et al., 2022,081

2025; Hegde et al., 2025; Mathew et al., 2022;082

Lin et al., 2025): Can models perform non-explicit083

causal reasoning based on infographic?084

To address this gap, we introduce InfoCausalQA,085

a dataset of 1,482 multiple-choice questions cu-086

rated from 494 infographics. As shown in Fig-087

ure 2, InfoCausalQA comprises two tasks: Task088

1, Quantitative Causal Reasoning, requires mod-089

els to infer causal relationships from visual trends,090

going beyond simple arithmetic or explicit com-091

parisons. For example, in the rightmost Task 1092

example of Figure 2, the model must predict what093

happens next if an income trend continues, which094

involves reasoning about non-explicit causal dy-095

namics. Task 2, Semantic Causal Reasoning, eval- 096

uates the model’s ability to reason about five core 097

causality types—Cause, Effect, Intervention, Coun- 098

terfactual, and Temporal—through both visual and 099

textual interpretation. As shown in the rightmost 100

Task 2 example of Figure 2, the model may be 101

asked to identify the most likely cause of an in- 102

come trend or infer the expected effect of a policy 103

change. Such questions require contextual reason- 104

ing beyond surface-level visual understanding, rely- 105

ing on inference over non-explicit causal structures. 106

We evaluate a range of VLMs on this benchmark. 107

Our experimental results reveal that, despite accept- 108

able perceptual and linguistic capabilities, VLMs 109

struggle with both causal reasoning tasks. These 110

results suggest a fundamental gap between percep- 111

tion and causal inference, underscoring the need for 112

better causal reasoning in models. We hope Info- 113

CausalQA fosters research bridging perception and 114

causal reasoning, toward more explainable multi- 115

modal AI. Our main contributions are as follows: 116

• We propose InfoCausalQA, the first bench- 117

mark specifically designed to evaluate causal 118

reasoning over infographics by leveraging rich 119

visual-linguistic information, including rela- 120

tionships not explicitly observable. 121

• We conduct a systematic analysis of current 122

VLMs’ performance on infographic-based 123

causal reasoning tasks, revealing critical limi- 124

tations in their inference capabilities. 125

• Our study offers insights into future directions 126

for developing inference-driven and explain- 127

able AI systems, emphasizing the importance 128
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of causal understanding in multimodal reason-129

ing.130

2 Related Works131

2.1 Infographics Question Answering132

Benchmark133

Recent efforts have explored building benchmarks134

for question answering on infographics and charts135

with VLMs. Masry et al. (2022) introduced136

ChartQA, a large-scale chart QA benchmark re-137

quiring compositional and visual reasoning over138

bar, line, and pie charts. Its follow-ups, ChartQA-139

Pro (Masry et al., 2025) and ChartQA-X (Hegde140

et al., 2025), broadened the scope by including ad-141

ditional chart types and question formats, yet they142

remained oriented towards mathematical or descrip-143

tive reasoning tasks, without evaluating causality.144

Mathew et al. (2022) targets rich infographic im-145

ages, requiring joint text–visual understanding and146

categorizing questions by evidence source and op-147

eration type; however, its queries remain largely148

confined to retrieving information or performing149

basic arithmetic. Lin et al. (2025) further scales150

up on paired plain and infographic charts, introduc-151

ing text-based and visual-element-specific queries152

to test design-driven comprehension, yet it simi-153

larly omits causal questions. As a result, none of154

these benchmarks probe a model’s ability to per-155

form causal inference over multimodal (chart+text)156

information. InfoCausalQA fills this gap by intro-157

ducing questions explicitly focused on causal rea-158

soning: both quantitative causal analysis of chart159

trends and semantic causal reasoning grounded in160

infographic-style data.161

2.2 Causal Inference162

Interest in how AI systems understand and reason163

about causality has surged in recent years, giving164

rise to a series of focused benchmarks. Early ef-165

forts such as the structured-data suite of Cai et al.166

(2024) and the text-centric CLadder (Jin et al.,167

2023), CausalBench (Wang, 2024), and Causal-168

Net (Ashwani et al., 2024) probe large language169

models with hypothetical or narrative questions170

that hinge on non-explicit causal links. Building171

on this line of work, Imam et al. (2025) introduce172

TemporalVQA, which requires models to infer tem-173

poral–causal relations across multiple images, illus-174

trating the need for multimodal reasoning beyond175

text alone. InfoCausalQA advances this agenda176

by asking: Can models derive causality from the177

richly structured, visually dense world of infograph- 178

ics? By combining textual, graphical, and spatial 179

signals in a single task, InfoCausalQA challenges 180

models to integrate heterogeneous cues when trac- 181

ing cause–effect chains. 182

3 InfoCausalQA 183

InfoCausalQA is designed to systematically eval- 184

uate causal reasoning capabilities grounded in in- 185

fographics. It aims to assess whether models can 186

move beyond perceptual recognition to infer causal 187

relationships from both visual and textual elements. 188

3.1 Task Definition 189

We define the two core tasks to systematically 190

evaluate the ability of Vision-Language Models 191

(VLMs) to perform complex causal reasoning in 192

the context of infographics. 193

3.1.1 Task 1: Quantitative Causal Reasoning 194

This task evaluates a model’s ability to perform 195

causal inference grounded in numerical data pre- 196

sented within infographics. Unlike traditional 197

chart-based QA tasks that focus on directly ex- 198

tracting, comparing, or computing visible values, it 199

requires models to answer causal questions based 200

on hypothetical changes or interventions. Solving 201

these problems involves recognizing key visual el- 202

ements, understanding the question’s context, and 203

performing relevant numerical reasoning. This task 204

assesses whether VLMs possess a foundational un- 205

derstanding of infographics, including both basic 206

quantitative skills and causal inference over visual- 207

ized data. 208

3.1.2 Task 2: Semantic Causal Reasoning 209

This task evaluates higher-level causal reasoning 210

that goes beyond numerical extrapolation. Unlike 211

Task 1, which focuses on quantitative changes im- 212

plied by visualized values, Task 2 targets semantic 213

causal reasoning: models must connect the info- 214

graphic (and its paired textual context) to plausible 215

explanations, consequences, and hypothetical sce- 216

narios that are typically implied rather than explic- 217

itly stated. 218

We define five causality types to cover comple- 219

mentary aspects of causal reasoning: Effect, Cause, 220

Intervention, Counterfactual, and Temporal. Each 221

question is assigned to exactly one type, and the 222

definitions are summarized in Table 2. 223
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Infographic

Explanation

Raw Question

(...)Most recently, policymakers took steps to 
protect public health during the COVID-19 crisis 
while also addressing the economic fallout.
(....)Historic investments in infrastructure and 
climate(...)could likewise strengthen California’s 
economy amid the challenges outlined above. 
But whether these investments better position 
workers, employers, and communities for the 
future depends on the ability of the state and local 
leaders to prepare for these transitions(...)

Source Data Task 1 Generation

Task 2 Generation

Benchmark Curation and Construction

Task 1: Quantitative Causal Reasoning
[Question] If the income of the 90th percentile continues to  at 
the same rate from 2021 to 2030 as it did from (...)



[Options] A) 90% B) 100% C) 110% D) 120%



[Answer] 

change

A

[Options 1] 

A) Implementation of wid- ranging investments(...)

B) (...) 

C) Strong public health measures and economic(...) 

D) (...)



[Answer 1] A, C

[Type 2] Effect



[Question 2] What is likely to happen if 
the current investments infrastructure (...)

Task 2: Semantic Causal Reasoning

[Type 1] Cause



[Question 1] What most likely 
contributed to the  (...)dynamics

[Options 2] 

A)  economic (...)

B) (...) 

C) (...) 

D) Strengthened ability of 

workers (...)



[Answer 2] , D

Enhanced

A

[Infographic]

[Question] If the income of the 
90th percentile continues to 

 at the same rate from 
2021 to 2030 as it did from 2010 
to 2021, (...)



[Options] (...)



[Answer] 

increase

B

 It’s  too explicit!

 Answer is wrong!

 It’s  too
explicit!

Raw Question 1 Raw Question 2

[Type 1] Cause



[Question 1] What most likely 
contributed to the  
of labor markets during the 
COVID-19 crisis?



[Options 1] (...)



[Answer 1] (...)

rapid recovery

increase → change 
Rephrased to be 


less explicit
 Correct the answer

 Correct the answer

 Correct the option

recovery → dynamics 
Rephrased to be 


less explicit

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-4o. 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 Construction224

3.2.1 Infographic Source Collection225

We collect infographics from four public226

sources—Gallup1 , Our World in Data (OWID)2227

, Pew Research Center (Pew)3 , and the Public228

Policy Institute of California (PPIC)4—along with229

accompanying explanatory text such as captions230

or summaries manually. The textual context is231

used exclusively for Task 2 to support semantic232

causal reasoning, whereas Task 1 relies solely on233

visual information to formulate questions based on234

numerical trends.235

To ensure quality of collected infographics, two236

experienced selectors independently reviewed and237

cross-checked all infographic–text pairs prior to238

1https://www.gallup.com
2https://ourworldindata.org/
3https://www.pewresearch.org/
4https://www.ppic.org/

question generation. Samples with low inter- 239

pretability or incomplete visual elements (e.g., il- 240

legible text, missing legends or axes, or inconsis- 241

tent visual–text correspondence) were removed, 242

yielding a final set of 494 high-quality infograph- 243

ics. 244

3.2.2 Question and Answer Set Generation 245

Using the collected infographics and associated ex- 246

planatory texts, we construct QA sets for both tasks 247

with GPT-4o and then perform thorough human re- 248

finement. For Task 1, GPT-4o receives only the in- 249

fographic image and generates a numerical causal 250

inference question with four answer choices, where 251

exactly one option is correct. We manually revise 252

the generated questions to ensure clarity, numerical 253

correctness, and alignment with non-explicit causal 254

reasoning, while removing surface-level cues that 255

could enable shortcut solutions. For Task 2, GPT- 256

4



4o takes both the infographic and its accompanying257

text as input and generates questions targeting two258

of the five causality types, where multiple options259

may be correct. Human annotators refine all out-260

puts by validating question type, answer consis-261

tency, and distractor plausibility, and by ensuring262

that solving each question requires interpreting the263

visual evidence rather than relying solely on the264

text. For transparency and reproducibility, we pro-265

vide the full prompts in the Appendix D.1.266

After generation, three annotators systematically267

revise the questions to improve dataset quality and268

to better elicit non-trivial causal reasoning. In par-269

ticular, they remove superficial cues that could sim-270

plify causal inference. This curation is guided by271

three core principles: Non-explicitness Enforce-272

ment, Visual–Logical Alignment, and Causality-273

Type Fidelity. A description of each principle can274

be found in Appendix F. The overall revision rate275

for samples that failed to meet these criteria was276

60.59%. We intentionally adopt strict filtering to277

minimize shortcut solutions and to maintain the278

benchmark’s focus on genuine causal reasoning.279

3.3 Benchmark Statistics280

3.3.1 Diversity of Infographic Types281

To ensure the comprehensiveness and robustness282

of infographic categories, we analyze the statisti-283

cal properties and diversity of our dataset. The284

collection of 494 infographics spans 32 distinct285

chart types, reflecting a wide range of visualization286

styles. The majority consists of line charts (43.5%)287

and bar charts (25.9%), which are commonly used288

for presenting trends and comparisons. Additional,289

less frequent chart types—used to assess model290

adaptability to more complex or uncommon for-291

mats—are detailed in Figure 4.292

3.3.2 QA and Causality Type Distribution293

Based on the 494 collected infographics, we con-294

struct a total of 1,482 QA instances in Info-295

CausalQA. Task 1 (Quantitative Causal Reasoning)296

includes one QA set per single infographic, yield-297

ing 494 QA sets. Task 2 (Semantic Causal Reason-298

ing) includes two QA sets per infographic, each299

targeting a distinct causal reasoning type, resulting300

in 988 QA sets. Each Task 2 instance is labeled301

with one of five predefined causality types: Cause,302

Effect, Intervention, Counterfactual, or Temporal.303

Among these, Effect accounts for the largest pro-304

portion (43%), followed by Cause (31%). This dis-305

tribution reflects the relative ease with which these306

causality types can be inferred from infographics 307

and their accompanying textual explanations. The 308

full breakdown is shown in Figure 5. 309

4 Experiments 310

4.1 Models 311

We evaluate a diverse set of widely used Vision- 312

Language Models (VLMs), spanning both closed- 313

and open-source models. The closed-source 314

models include o1 (Jaech et al., 2024), GPT-4o 315

(Achiam et al., 2023), and Claude 4 Sonnet (An- 316

thropic, 2025), while the open-source models in- 317

clude InternVL3-38B-Instruct (Zhu et al., 2025), 318

InternVL-2.5-MPO (26B, 8B) (Chen et al., 2024), 319

Qwen2.5-VL-Instruct (72B, 32B, 7B) (Team, 320

2025), LLaVA-OneVision-7B (Li et al., 2024), 321

Idefics2-8B (Laurençon et al., 2025), and Phi-3.5- 322

Vision-Instruct (Microsoft, 2024). By covering a 323

broad range of model families and sizes, we aim 324

to provide a comprehensive comparison of current 325

VLMs’ causal reasoning capabilities on infograph- 326

ics. All experiments were conducted on eight RTX 327

3090 GPUs, each with 24GB VRAM. 328

4.2 Quantitative Causal Reasoning 329

4.2.1 Metric 330

The model selects the most appropriate one among 331

the four given options and measures the accuracy 332

by comparing it with the correct answer. The full 333

prompts are provided in Appendix D.2.1 for trans- 334

parency and reproducibility. 335

4.2.2 Results 336

As shown in Table 3, even the strongest models ex- 337

hibited limited performance on Task 1, with Claude 338

Sonnet 4 achieving the highest accuracy at just 339

57.3%. This highlights that, despite their strong lan- 340

guage and general reasoning capabilities, current 341

VLMs struggle with complex quantitative causal 342

reasoning that goes beyond surface-level numerical 343

interpretation. 344

Closed-source models such as Claude, GPT- 345

4o, and o1 generally outperformed open-source 346

counterparts like InternVL and Qwen. However, 347

the large open-source model Qwen2.5-VL-72B- 348

Instruct (52.0%) achieved performance comparable 349

to GPT-4o, suggesting that open-source models are 350

increasingly competitive. 351

Among open models, Qwen2.5-VL-72B-Instruct 352

led the group, followed by InternVL3-38B-Instruct 353

(45.7%). In contrast, smaller models such as 354

5



Model Correct Rate (%)

Claude Sonnet 4 57.3
GPT-4o 52.0
o1 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 32.2
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 performed355

substantially worse, with Idefics2-8B ranking the356

lowest overall. These results suggest that while357

model scale contributes to performance, size alone358

is not sufficient for mastering quantitative causal359

reasoning in infographics.360

4.3 Semantic Causal Reasoning361

4.3.1 Metric362

In Task 2, models judge each of the four options in-363

dependently as correct (’O’) or incorrect (’X’). This364

design prevents models from relying on relative365

comparisons between options—common in fixed-366

number or "select all that apply" settings—and in-367

stead promotes evaluation based solely on the rela-368

tionship between each option, the question, and the369

infographic. The full prompts are provided in Ap-370

pendix D.2.2 for transparency and reproducibility.371

We evaluate model performance using metrics372

of Select-All-That-Apply (SATA) benchmark (Xu373

et al., 2025), which allow for precise quantifica-374

tion of multi-option reasoning accuracy. A total of375

two categories of metrics, Performance and Count376

bias are used in this paper, and we use the metrics377

belonging to Performance as main metrics. The378

metrics belonging to Peformance and their mean-379

ings are as follows: Exact Match (EM), Precision,380

Recall, Jaccard Index (JI). The meaning of each381

metrics is shown in Appendix E.1.382

4.3.2 Results383

Table 4 shows the overall results for Task 2. We384

focus on metrics in the Performance category here,385

while Count Bias metrics are analyzed in Sec-386

tion 5.2.387

Among all models, o1 achieves the highest Exact388

Match (EM) score (65.18%), as well as the highest389

Precision (90.58%) and Jaccard Index (81.90%). 390

This indicates that even when it fails to select the 391

exact full set of correct options, it tends to include 392

most correct ones while avoiding incorrect answers. 393

GPT-4o follows with an EM of 56.98%, but shows 394

higher Recall (87.69%) than Precision (85.74%), 395

and a lower Jaccard Index than o1. This suggests 396

that GPT-4o tends to include more false positives, 397

resulting in a slightly less precise prediction set. 398

Among open-source models, Qwen2.5-VL-72B- 399

Instruct is the only one performing on par with 400

GPT-4o. Most others perform considerably worse. 401

Idefics2-8B ranks lowest in both EM and Jaccard 402

Index (41.68%), indicating frequent failure to iden- 403

tify correct sets, particularly in multi-answer cases. 404

These results highlight the current limitations of 405

open-source models in accurately handling multi- 406

option causal reasoning. 407

5 Analyses 408

In this section, we analyze the Count Bias results 409

from Task 2 and the answers of models according 410

to the causality type, and compare the performance 411

between models and humans through human evalu- 412

ation. 413

5.1 Qualitative Analysis 414

To analyze qualitative causal reasoning in Task 2, 415

we examine model responses and justifications, 416

with Figure 3 comparing o1, GPT-4o, and Qwen2.5- 417

VL-72B-Instruct. In the Cause example (top), o1 418

and GPT-4o successfully integrate visual evidence 419

with background knowledge, while Qwen2.5-VL- 420

72B refrains from answering in the absence of ex- 421

plicit causal cues, indicating limited flexibility in 422

non-explicit reasoning. In the Counterfactual ex- 423

ample (bottom), only o1 reasons correctly over 424

relative magnitudes, whereas GPT-4o partially suc- 425

ceeds and Qwen2.5-VL-72B exhibits counterfac- 426

tual reasoning errors. 427

5.2 About Count Bias 428

To analyze selection bias in multi-option causal 429

reasoning, we evaluate models using three count- 430

based metrics: Count Difference (CtDif), Absolute 431

Count Difference (CtDifAbs), and Count Accuracy 432

(CtAcc), which measure over-/under-selection ten- 433

dencies and accuracy in predicting the number of 434

correct options. The meaning of each metrics is 435

shown in Appendix E.2. 436

Overall, o1 demonstrates the most accurate and 437

stable selection behavior, achieving the lowest Ct- 438

6



Model Performance (%) Count Bias

EM ↑ Precision ↑ Recall ↑ JI ↑ CtDif CtDifAbs ↓ CtAcc ↑

Claude Sonnet 4 42.81 80.41 81.65 71.31 0.04 0.56 0.51
GPT-4o 56.98 85.74 87.69 79.02 0.09 0.41 0.64
o1 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 0.47 0.67 0.40
InternVL2.5-8B-MPO 7.29 53.33 62.10 44.06 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).
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Figure 3: Qualitative results produced by o1, GPT-4o, 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-439

tive CtDif indicating a conservative strategy that440

avoids incorrect options. In contrast, other models441

exhibit pronounced biases, ranging from system-442

atic under-selection (e.g., Phi3.5-Vision-Instruct)443

to over-selection (e.g., Qwen2.5-VL-7B-Instruct).444

These patterns suggest that, beyond identifying cor-445

rect options, accurately estimating how many an-446

swers apply remains a challenge for current VLMs.447

5.3 Analysis for Causality Type448

We analyze model performance on Semantic449

Causal Reasoning by causality type, revealing con-450

sistent trends across models. The result is shown451

in Table 5. Most perform better on Effect ques-452

tions than on Cause questions, indicating a relative 453

strength in predicting outcomes rather than identi- 454

fying underlying reasons. For example, o1 achieves 455

74.9% on Effect but drops to 57.8% on Cause, with 456

Claude Sonnet 4 showing a similar pattern. 457

Temporal reasoning is the most difficult category 458

for all models. Even the best-performing mod- 459

els, such as GPT-4o, see a steep decline in accu- 460

racy—from 64.6% on Effect to just 37.5% on Tem- 461

poral. This suggests that understanding time-based 462

causal dynamics, often non-explicit and abstract in 463

infographics, remains a significant challenge. 464

While smaller open-source models (e.g., 465

Idefics2-8B, Qwen2.5-VL-7B) perform poorly 466

across all types, models like Llava-Onevision and 467

7



Model E C I CF T

Claude Sonnet 4 50.7 31.2 50.5 54.2 28.4
GPT-4o 64.6 52.0 59.8 52.5 37.5
o1 74.9 57.8 71.0 67.8 35.2

InternVL3-38B-Instruct 35.7 20.8 42.1 33.9 25.0
InternVL2.5-26B-MPO 9.4 6.2 14.0 8.5 0
InternVL2.5-8B-MPO 8.0 6.2 12.2 6.8 2.3
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 8.2 7.8 7.5 3.4 4.6
Llava-Onevision (7B) 24.9 25.3 30.8 22.0 9.1
Idefics2-8B 4.9 5.8 5.6 3.4 1.1
Phi3.5-Vision-Instruct (4B) 18.3 17.2 18.7 15.3 15.9

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
(T).

Phi3.5-Vision-Instruct demonstrate that strong468

causal reasoning is possible even at smaller469

scales. These results highlight that model size470

alone does not guarantee causal inference ability,471

underscoring the importance of training quality,472

architecture, and reasoning design.473

5.4 Human Evaluation on Task 2474

Conducting human evaluation over the full bench-475

mark is prohibitively expensive; therefore, we per-476

form a small-scale human evaluation by randomly477

sampling 100 questions from Task 2. Human anno-478

tators answer each question by selecting all correct479

options, following the same multi-label setting used480

for model evaluation in Task 2.481

We report accuracy using Exact Match (EM),482

where a prediction is considered correct only if the483

selected option set exactly matches the gold answer484

set. This strict metric is consistent with the evalua-485

tion protocol of Task 2 and prevents performance486

inflation from partially correct selections.487

Table 6 presents the comparison between human488

performance and VLMs on the sampled Task 2489

questions. Humans achieve an EM accuracy of490

77%, demonstrating that the benchmark is reli-491

ably solvable by humans even under a stringent492

evaluation criterion, while current VLMs exhibit493

a substantial performance gap in semantic causal494

reasoning.495

This gap suggests that Task 2 requires integrat-496

ing fine-grained visual evidence with non-explicit497

causal semantics, which remains challenging for498

existing models. Bridging this gap will likely re-499

quire advances in multimodal grounding as well as500

more robust causal abstraction capabilities.501

Model EM (%)

Claude Sonnet 4 42.0
GPT-4o 56.0
o1 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 502

In this paper, we introduced InfoCausalQA, a novel 503

and comprehensive benchmark designed to evalu- 504

ate causal reasoning abilities of Vision-Language 505

Models in the context of real-world infographics. 506

By formulating two distinct but complementary 507

tasks—Quantitative and Semantic Causal Reason- 508

ing—we move beyond existing benchmarks that 509

focus on superficial perception or basic compu- 510

tations. Instead, we target the core challenge of 511

inferring underlying causal structures from multi- 512

modal inputs, including non-explicit patterns not 513

explicitly stated. 514

Through systematic evaluation across a range 515

of state-of-the-art models—spanning both open- 516

source and closed-source VLMs—we reveal pro- 517

nounced limitations in current systems’ ability 518

to handle causal reasoning. While some closed- 519

source models like o1 and GPT-4o show relatively 520

higher performance, even these struggle with tasks 521

requiring deeper integration of visual cues and non- 522

explicit reasoning. 523

By surfacing these challenges, InfoCausalQA 524

contributes a new benchmark paradigm that reflects 525

the complexity of real-world reasoning, where 526

understanding causality is essential for decision- 527

making, explanation, and trust. We hope this bench- 528

mark not only drives progress in causally aware 529

model development, but also fosters broader re- 530

search at the intersection of multimodal understand- 531

ing, structured reasoning, and explainable AI. 532

7 Limitation 533

InfoCausalQA is designed to evaluate non-explicit 534

and non-explicit causal reasoning grounded in in- 535

8



fographics, rather than to provide fully formalized536

causal ground truth such as complete causal graphs537

or structural equations. Causal relations are op-538

erationalized through carefully curated multiple-539

choice questions that reflect plausible human inter-540

pretations of visual and contextual evidence. While541

this design enables scalable and reproducible eval-542

uation, it assesses the plausibility and consistency543

of causal reasoning rather than definitive causal544

correctness in a strict causal inference sense.545

Additionally, infographic-based causal reason-546

ing inherently involves subjective interpretation,547

especially when causal relations are unobserved or548

non-explicit. Although multiple annotators system-549

atically revised and validated generated questions550

to ensure answerability, visual grounding, and logi-551

cal soundness, some degree of ambiguity remains552

unavoidable. Furthermore, the benchmark primar-553

ily draws from high-quality public infographics and554

adopts a multiple-choice format, which may limit555

generalization to more diverse infographic styles556

or open-ended causal reasoning scenarios.557
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A Experimental Setup689

A.1 List of Vision-Language Models Used in690

Paper691

All the VLMs we used for this paper are as follows.692

• o1 (Jaech et al., 2024)693

• GPT-4o (Achiam et al., 2023) 694

• Claude 4 Sonnet (Anthropic, 2025) 695

• InternVL3-38B-Instruct (Zhu et al., 2025) 696

• InternVL-2.5-MPO (26B, 8B) (Chen et al., 697

2024) 698

• Qwen2.5-VL-Instruct (72B, 32B, 7B) (Team, 699

2025) 700

• LLaVA-OneVision-7B (Li et al., 2024) 701

• Idefics2-8B (Laurençon et al., 2025) 702

• Phi-3.5-Vision-Instruct (Microsoft, 2024) 703

A.2 Temperature Setting 704

For all stages of QA generation and evaluation, we 705

use a sampling temperature of 0.2. This relatively 706

low temperature setting is chosen to minimize ran- 707

domness in model outputs and promote determin- 708

istic reasoning. Since both Task 1 and Task 2 in 709

InfoCausalQA involve multi-step causal inference 710

grounded in visual data, high output consistency is 711

essential to maintain logical coherence and avoid 712

distractive variation in question generation. 713

Using a lower temperature encourages the model 714

to favor the most likely. Preliminary tests with 715

higher temperatures (e.g., 0.7–1.0) resulted in more 716

diverse but often logically inconsistent questions 717

and answer choices, reinforcing our decision to fix 718

the temperature at 0.2. 719

B Data Sources 720

To construct a benchmark grounded in authen- 721

tic, real-world data, all infographics used in In- 722

foCausalQA were collected from reputable public 723

research organizations. These sources regularly 724

publish high-quality visualizations on social, eco- 725

nomic, environmental, and political topics. Below, 726

we briefly introduce each of the four major sources 727

used: 728

B.1 Gallup5 729

A global analytics and advice firm that publishes 730

survey-based infographics on public opinion, work- 731

place engagement, wellbeing, and world affairs. 732

Gallup visualizations are grounded in regular 733

polling across diverse populations and often high- 734

light temporal trends or geographic differences. 735

5https://www.gallup.com
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B.2 Our World in Data (Owid)6736

An open-access platform that combines academic737

research with interactive visualization. OWID cov-738

ers global issues including climate change, poverty,739

health, energy, and food security. The site is widely740

used in both educational and policy contexts for its741

clean and information-dense visual representations.742

B.3 Pew Research Center (Pew)7743

A nonpartisan fact tank based in the U.S. that con-744

ducts public opinion polling, demographic research,745

content analysis, and other data-driven social sci-746

ence research. Pew regularly releases infographics747

on topics such as technology use, political attitudes,748

religion, and generational trends.749

B.4 Public Policy Institute of California750

(PPIC)8751

A nonprofit, nonpartisan think tank focused on is-752

sues affecting California, such as education, health-753

care, environment, and housing. Their visual re-754

ports often provide insight into regional policy de-755

bates using clear and data-rich infographics.756

These sources ensure that InfoCausalQA reflects757

a broad spectrum of data types and topics while758

maintaining factual reliability and visual authen-759

ticity. The use of real-world infographics helps760

to evaluate models under conditions that resem-761

ble practical applications in media analysis, policy762

review, and public communication.763

C Full Distribution of Infographic Types764

To analyze the structural diversity of Info-765

CausalQA, we manually categorized all 494 info-766

graphics into 32 distinct chart types. Table 7 reports767

the full distribution, including both common and768

rare formats.769

While the majority of examples are composed770

of Line Charts (215, 43.5%) and Bar Charts (128,771

25.9%), the dataset also includes a variety of less772

frequent but semantically rich formats such as773

Choropleth Maps, Sankey Diagrams, Treemaps,774

and Venn Diagrams. These diverse formats ensure775

that the benchmark tests model robustness across776

a wide range of real-world infographic representa-777

tions.778

6https://ourworldindata.org/
7https://www.pewresearch.org/
8https://www.ppic.org/

D Prompts for Problem Generation and 779

Answering 780

To support the construction and evaluation of the In- 781

foCausalQA benchmark, we designed specialized 782

prompting strategies for both the generation and 783

answering of causal reasoning questions grounded 784

in infographics. The prompts are tailored to each 785

of the two benchmark tasks—Task 1: Quantitative 786

Causal Reasoning and Task 2: Semantic Causal 787

Reasoning—and are further adapted to reflect the 788

unique reasoning formats required in each. This 789

appendix documents the complete set of prompts 790

used during dataset creation and experiments. 791

D.1 Problem Generation Prompts 792

D.1.1 For Task 1 793

The goal of Task 1 is to generate questions that test 794

a model’s ability to reason causally using numerical 795

information in infographics. Figure 6 shows the 796

prompt used to create the initial problem for Task 797

1. The prompt instructs the model to: 798

First, formulate a multiple-choice question 799

(MCQ) based on quantitative data such as trends, 800

percentages, or numerical values present in the 801

infographic. Second, embed causal or temporal 802

inference into the question by including hypothet- 803

ical scenarios (e.g., “if a trend continues”, “if X 804

increases”). Third, generate four answer options, 805

only one of which is correct, while the others are 806

plausible but incorrect distractors. It also includes 807

the basis for the correct answer so that people can 808

refer to it when making corrections. This prompt 809

design ensures that questions require causal infer- 810

ence rather than mere data lookup or extraction. 811

D.1.2 For Task 2 812

For Task 2, the model is asked to generate questions 813

that evaluate higher-level semantic causal reason- 814

ing. Figure 7 shows the prompt used to create the 815

initial problem for Task 2.The prompt is provided 816

both an infographic, and an accompanying textual 817

description. 818

Based on this information, the model must: First, 819

select two causal reasoning types from a predefined 820

set of five: Effect, Cause, Intervention, Counterfac- 821

tual, and Temporal. Second, for each type, generate 822

one question that adheres precisely to its definition. 823

Third, avoid directly quoting or referencing observ- 824

able trends or specific values from the infographic; 825

instead, questions must rely on reasoning grounded 826

in the visual-textual context. Next, provide four an- 827
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swer choices per question, with at least two correct828

answers and the rest being plausible but incorrect.829

And last, clearly indicate which options are correct.830

This prompt guides the model to construct com-831

plex reasoning questions that simulate analytical832

interpretation of infographic content.833

D.2 Multiple-Choice Answering Prompts834

To evaluate model performance on the bench-835

mark, we designed two dedicated answering836

prompts—one for each task—each enforcing strict837

output formats to facilitate automated scoring.838

D.2.1 For Task 1839

Figure 8 shows the prompt used to solve the prob-840

lem for Task 1. The Task 1 answering prompt841

presents a single multiple-choice question and842

instructs the model to: First, examine the info-843

graphic and select the single most appropriate an-844

swer (A–D). Then, output only the chosen option845

letter, without any additional text or explanation.846

This format is compatible with exact-match accu-847

racy metrics.848

D.2.2 For Task 2849

Figure 9 shows the prompt used to solve the850

problem for Task 2. Task 2 requires a multi-851

answer format. This design prevents models852

from relying on relative comparisons between op-853

tions—common in fixed-number or ”select all that854

apply” settings—and instead promotes evaluation855

based solely on the relationship between each op-856

tion, the question, and the infographics.857

The answering prompt provides: First, a seman-858

tic causal reasoning question with four answer op-859

tions. Second, instructions to evaluate each option860

independently and mark it as either: O (correct), or861

X (incorrect). The model must output the results862

in a strict comma-separated format (e.g., A) O, B)863

X, C) O, D) X). No additional text or justification864

is allowed. This format allows for partial-credit865

scoring using multi-label evaluation metrics such866

as Precision, Recall, and Jaccard Index.867

E Metrics Definition for Task 2868

We use metrics from SATA-Bench (Xu et al., 2025)869

to evaluate the correct answer to Task 2. This paper870

uses a total of seven metrics belonging to the Perfor-871

mance and Count Bias categories. The definitions872

of each are detailed below.873

E.1 Performance Metrics 874

• EM(Exact Match): EM measures the propor- 875

tion of questions for which the model correctly 876

selected all correct options. This is the most 877

rigorous method of measuring multi-answer 878

accuracy. 879

• Precision: Precision measures the proportion 880

of selected options that are actually correct. It 881

captures how "careful" the model is in select- 882

ing options. 883

Precision =
1

N

N∑
i=1

|Ŷi ∩ Yi|
|Ŷi|

(1) 884

• Recall: Recall measures the proportion of 885

ground-truth correct options that are success- 886

fully selected by the model. It reflects the 887

model’s ability to cover all relevant answers. 888

Recall =
1

N

N∑
i=1

|Ŷi ∩ Yi|
|Yi|

(2) 889

• JI(Jaccard Index): The Jaccard Index quanti- 890

fies the similarity between the predicted and 891

ground-truth answer sets by computing the 892

size of their intersection over the size of their 893

union. 894

JI =
1

N

N∑
i=1

|Ŷi ∩ Yi|
|Ŷi ∪ Yi|

(3) 895

E.2 Count Bias Metrics 896

These metrics measure the model’s ability to esti- 897

mate the number of correct answers per question, 898

regardless of which specific options are selected. 899

• Mean Count Difference (CtDif):The average 900

signed difference between the number of pre- 901

dicted and actual correct answers. A posi- 902

tive value indicates over-selection; a negative 903

value indicates under-selection. 904

CtDif =
1

N

N∑
i=1

(
|Ŷi| − |Yi|

)
(4) 905

• Mean Absolute Count Difference (CtDifAbs): 906

The average absolute error between the pre- 907

dicted and true number of correct answers. 908

CtDifAbs =
1

N

N∑
i=1

∣∣∣ |Ŷi| − |Yi|
∣∣∣ (5) 909
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• Count Accuracy (CtAcc): The proportion of910

questions for which the model predicted the911

exact number of correct answers, regardless912

of which specific options were selected.913

CtAcc =
1

N

N∑
i=1

1
[
|Ŷi| = |Yi|

]
(6)914

F Human Refinement Procedure for915

Question-Answer Problem set916

Construction917

After the initial generation of QA sets using GPT-918

4o, all questions and answer options undergo a919

comprehensive human refinement process to ensure920

quality and faithful grounding in the visual data.921

This refinement is guided by three core principles:922

• Non-explicitness Enforcement: Any numeri-923

cal values or visual trends explicitly stated in924

the question or answer choices are rewritten925

into non-explicit forms. This prevents short-926

cut solutions based solely on textual cues and927

ensures that solving the question requires vi-928

sual interpretation of the infographic.929

• Visual–Logical Alignment: Questions that930

are factually inconsistent with the infographic931

or logically ill-formed are manually revised932

or regenerated, including both the question933

and its answer choices, to ensure coherent934

alignment with the visual evidence.935

• Causality-Type Fidelity: For Task 2, each936

question is carefully checked to ensure cor-937

rect alignment with its designated causality938

type (e.g., Cause vs. Effect). Misclassified or939

ambiguous cases are corrected to preserve the940

intended causal reasoning structure.941

Through this refinement process, we eliminate942

surface-level textual cues and enforce logical and943

semantic coherence, resulting in questions that re-944

quire genuine visual-grounded causal reasoning.945
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Line Chart

215 43.5%

Infographic
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Distribution

Figure 4: Infographics types distribution of Info-
CausalQA.
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Effect

426 43.12%Cause

308 31.17%

Intervention

107 10.83%

Counterfactual

59 5.97%

Temporal

88 8.91%

Figure 5: Causality type distribution in InfoCausalQA’s
Task 2.
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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 Venn Diagram 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) O)) 

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