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Abstract001

We introduce Comic Visual Question Answer-002
ing (ComicVQA), a comics-based benchmark003
for evaluating MLLMs on visual reasoning.004
ComicVQA comprises of (i) Missing Panel005
Prediction, testing fine-grained visual ground-006
ing and (ii) Panel Sorting, which evaluates007
sequential narrative understanding. Propri-008
etary models achieve up to 62.6% on Miss-009
ing Panel Prediction and 46.4% on Panel Sort-010
ing, whereas open-source models reach only011
47.7% and 26.9%, respectively. In contrast,012
human annotators achieve over 83% accuracy013
on both tasks, revealing a large gap between014
current models and human-level multimodal015
understanding in comics. Through controlled016
ordering ablations and a detailed error taxon-017
omy, we show that current MLLMs rely pri-018
marily on coarse temporal cues and struggle019
with fine-grained visual reasoning. These find-020
ings demonstrate ComicVQA as a diagnostic021
benchmark for advancing multimodal visual022
reasoning in comics.023

1 Introduction024

Robust visual reasoning requires both fine-grained025

visual grounding and, in many real-world set-026

tings, the ability to integrate information across027

sequences of images. Visual Question Answer-028

ing (VQA) benchmarks such as VQA (Antol et al.,029

2015), GQA (Hudson and Manning, 2019), OK-030

VQA (Marino et al., 2019), and CLEVR (Johnson031

et al., 2017) have driven significant progress in032

models that process multimodal inputs. However,033

these benchmarks predominantly focus on isolated034

static images paired with short textual answers.035

However, these datasets predominantly involve036

isolated single static images and textual answers,037

which allows models to exploit linguistic correla-038

tions rather than performing true visual grounding039

(Goyal et al., 2017; Agrawal et al., 2018; Liu et al.,040

Figure 1: Snippets of our ComicVQA dataset, spanning
over 2 tasks. All tasks are presented as multiple-choice
questions, whereby the 4 options are all comic panels.

2024). This limitation becomes particularly pro- 041

nounced in settings that require either fine-grained 042

discrimination of visual details or the integration 043

of information across multiple images (Hu et al., 044

2024; Zhang et al., 2024; Hao et al., 2025; Xu 045

et al., 2025). While recent efforts have begun to 046

explore reasoning over multiple images, temporal 047

visual streams, or structured visual contexts (Xu 048

et al., 2025; Imam et al., 2025; Ryan et al., 2025), 049

comprehensive evaluation frameworks that jointly 050

probe fine-grained visual grounding and sequential 051

visual reasoning remain limited. 052

Comics provide a natural and underexplored do- 053

main for evaluating these complementary aspects 054

of visual reasoning. Although comics consist of 055

static images, they are inherently sequential and 056

narrative-driven. Understanding a comic strip re- 057

quires tracking characters and objects across panels, 058

maintaining consistency of visual states, resolving 059

scene transitions, and inferring causal and tempo- 060

ral relationships between events (Iyyer et al., 2017; 061

Vivoli et al., 2025). Unlike videos, comics present 062

sparse, discrete visual evidence, making narrative 063

reconstruction particularly challenging and placing 064

greater demands on visual continuity and inference. 065

These properties make comics a compelling testbed 066
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Feature / Dataset COMICS MangaUB ComicsPAP StripCipher ComicVQA (Ours)

Sequential visual narratives ✓ ✓ ✓ ✓ ✓
MCQs with image-only options ✗ ✓ ✓ ✗ ✓
Missing panel prediction task ✗ ✗ ✓ ✓ ✓
Panel sorting task ✗ ✗ ✗ ✓ ✓
Textually ambiguous distractors ✗ ✗ ✗ ✗ ✓
Error taxonomy analysis ✗ ✗ ✗ ✗ ✓

Table 1: Comparison of ComicVQA with related benchmarks in the comics domain (Iyyer et al., 2017; Ikuta et al.,
2025; Vivoli et al., 2025; Wang et al., 2025b). ✓ indicates the dataset includes the feature; ✗ indicates it does not.

for evaluating multimodal visual reasoning beyond067

single-image VQA (Vivoli et al., 2024).068

We introduce Comic Visual Question Answering069

(ComicVQA), a diagnostic benchmark designed to070

assess complementary reasoning skills in comics071

through two multiple-choice tasks (Figure 1):072

Missing Panel Prediction. This task tests on fine-073

grained visual discrimination by removing all text074

found on the panels. Models select the correct075

panel using visual cues such as artistic style, char-076

acter appearance, and background scenes.077

Panel Sorting. This task evaluates compositional078

temporal reasoning by requiring models to deter-079

mine the correct sequence of panels.080

We evaluate a broad set of open-source and081

proprietary MLLMs on both tasks. On Missing082

Panel Prediction, open-source models achieve up083

to 47.7% accuracy, while proprietary models reach084

62.6%. Panel Sorting proves substantially more085

challenging: open-source models perform near ran-086

dom (up to 26.9%), and the best proprietary model087

reaches only 46.4%. In contrast, human annota-088

tors exceed 83% accuracy on both tasks, reveal-089

ing a substantial gap between current models and090

human-level multimodal visual understanding.091

By combining visually discriminative but seman-092

tically similar answer choices in Missing Panel Pre-093

diction with a complementary Panel Sorting task094

that probes narrative reasoning, ComicVQA pro-095

vides a rigorous testbed for advancing multimodal096

visual reasoning in comics. Our contributions are:097

(i) ComicVQA, a benchmark unifying fine-grained098

visual grounding and sequential narrative reason-099

ing in comics; (ii) a comprehensive evaluation of100

MLLMs on visual reasoning; and (iii) the public101

release of the dataset, evaluation code, and annota-102

tions to support future research.103

2 Related Work104

Visual Question Answering. Visual Question105

Answering (VQA) has been central to multimodal106

reasoning, with benchmarks such as VQA (An- 107

tol et al., 2015), CLEVR (Johnson et al., 2017), 108

GQA (Hudson and Manning, 2019), and OK-VQA 109

(Marino et al., 2019). While these datasets have 110

driven progress, they primarily involve single im- 111

ages with text-based answers, making models sus- 112

ceptible to linguistic priors rather than robust visual 113

grounding (Goyal et al., 2017; Agrawal et al., 2018; 114

Liu et al., 2024). More recent benchmarks extend 115

VQA to pattern recognition (Xu et al., 2025), chart 116

understanding (Masry et al., 2022), and mathemati- 117

cal reasoning (Zhang et al., 2024). Several works 118

also explore multi-image or sequential reasoning 119

(Imam et al., 2025; Vivoli et al., 2025), though 120

these often emphasize temporal continuity or ab- 121

stract transformations rather than fine-grained rea- 122

soning over discrete static image sequences. 123

Comics and Narrative Understanding. Comics 124

offer a rich testbed for sequential and narrative rea- 125

soning. The COMICS dataset (Iyyer et al., 2017) in- 126

troduced cloze-style QA, and subsequent works ex- 127

tended comics understanding to retrieval, segmen- 128

tation, and narrative inference (Aizawa et al., 2020; 129

Vivoli et al., 2024, 2025; Ikuta et al., 2025). Other 130

more recent benchmarks target specific narrative 131

phenomena, including humor understanding (Hu 132

et al., 2024), scene-level classification (Paval et al., 133

2025), and abstract symbolic reasoning(Wang et al., 134

2025b). However, most existing datasets empha- 135

size dialogue recovery or mixed text–image reason- 136

ing rather than controlled, visual-only evaluation. 137

ComicVQA fills this gap by designing tasks that 138

reduce textual dependence and unify fine-grained 139

visual grounding with sequential narrative under- 140

standing. Table 1 summarizes how our dataset 141

extends prior comics or manga based benchmarks. 142

3 Methodology 143

3.1 Task Definition 144

We define two core visual QA tasks over multi- 145

panel comic sequences, each formulated as a 146
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Figure 2: ComicVQA dataset construction consists of three steps: 1. Filtering down the comic pages to the ones
with exactly six panels, 2. Extraction of panels from the finalized comic pages, and 3. Generate metadata for each
panel for analysis. The prompt used to genereate the metadata is shown in Appendix A.

multiple-choice question with four options.147

Task 1: Missing Panel Prediction. Given an in-148

complete comic strip with one panel removed, the149

model must select the panel that correctly fills the150

missing position. This task evaluates visual ground-151

ing and discrimination. To minimize reliance on152

textual cues, all dialogue and textual content are153

removed from panels, ensuring that models rely154

on perceptual signals such as character appearance,155

artistic style, and scene continuity. Candidate pan-156

els are selected to be semantically similar to the157

ground-truth panel, encouraging models to reason158

visually rather than using superficial semantic over-159

lap. An example is shown in Figure 3.160

Task 2: Panel Sorting. Given four shuffled161

comic panels, the model must identify the correct162

narrative order from four candidate permutations.163

This task evaluates compositional temporal reason-164

ing, requiring models to integrate visual and textual165

information across panels to infer temporal progres-166

sion and causal relationships within a coherent nar-167

rative. Questions contain predefined permutations,168

which allow for controlled comparison while main-169

taining enough variability to test global sequence170

understanding.171

For both tasks, the model input consists of a task-172

specific prompt and a composed question image.173

Models produce free-form textual outputs, which174

are then mapped to the corresponding multiple-175

choice options for evaluation.176

3.2 Dataset177

3.2.1 Dataset Construction178

The ComicVQA dataset is constructed from a sub-179

set of the COMICS dataset (Iyyer et al., 2017),180

comprising comic panels sourced from the public- 181

domain Digital Comics Museum (DCM)1, a repos- 182

itory of Golden Age comic books no longer under 183

copyright. To complement this subset, we also self- 184

sourced pages from DCM and segmented them 185

using a panel segmentation algorithm inspired by 186

Manga-Panel-Extractor2. 187

For consistency in input and question design, we 188

select pages containing exactly six detected pan- 189

els. Although individual questions involve only 190

four or five panels, retaining six preserves narrative 191

continuity and reduces the risk of disrupting the 192

underlying story. All selected panels are recom- 193

posed into composite question images and resized 194

to a maximum resolution of 1024×1024, to ensure 195

uniform inputs. 196

In addition to visual data, we include metadata 197

for each panel: a 100-word description generated 198

with GPT-4o-mini (Hurst et al., 2024). These de- 199

scriptions are used to select textually similar panels 200

when constructing candidate options for the Miss- 201

ing Panel Prediction task, ensuring the task empha- 202

sizes visual reasoning. The full dataset construction 203

pipeline is illustrated in Figure 2. 204

3.2.2 Question Design 205

We present all panels within a single composite im- 206

age rather than separate images. This design choice 207

also circumvents limitations of certain MLLMs that 208

may not support multi-image inputs. To facilitate 209

understanding of the question image, we further 210

annotate the composite image with visually dis- 211

tinct bounding boxes. Following the common prac- 212

tice in object detection tasks, whereby bounding 213

1https://digitalcomicmuseum.com/
2https://github.com/adenzu/Manga-Panel-Extractor
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Figure 3: Example of a Missing Panel Prediction ques-
tion. The correct option (2) can be identified through
visual cues like the man’s appearance and artistic style.

boxes are used to highlight target regions (Girshick,214

2015; Redmon et al., 2016), we employ red bound-215

ing boxes to denote the question context panels and216

green bounding boxes to mark the candidate answer217

panels. Each candidate option is additionally la-218

beled with a numeric identifier, enabling the model219

to output a discrete option number as its prediction.220

Examples illustrating the question design for both221

tasks are provided in Figure 3 and Appendix F.1.222

3.2.3 Dataset Manipulation for Missing Panel223

Prediction Task224

Instead of selecting candidate panels at random225

for multiple-choice questions, we leverage GPT4o-226

mini’s generated descriptions to identify textually227

similar panels. We used embeddings generated by228

text-embedding-3-large (OpenAI, 2024) on each of229

the panel’s descriptions, and compute cosine simi-230

larity with the solution panel to select the top three231

most similar candidates from the same split. This232

ensures that candidate panels are textually similar,233

making purely language-based reasoning insuffi-234

cient and requiring models to use visual cues. Addi-235

tionally, all textual content was detected using Easy-236

OCR (JaidedAI, 2024) and subsequently masked237

from the panels. This ensures that the models are238

forced to rely solely on visual information when239

discriminating between candidate panels. Figure 3240

shows the final product after manipulation.241

3.3 Dataset Statistics242

The ComicVQA dataset consists of 6,157 multiple-243

choice questions constructed from comic strips. It244

includes two tasks: Missing Panel Prediction and 245

Panel Sorting. Missing Panel Prediction contains 246

1,146 training, 511 validation, and 1,000 test ques- 247

tions, while Panel Sorting comprises 2,000 training, 248

500 validation, and 1,000 test questions. 249

Each question is associated with a composed im- 250

age of comic panels, depending on task structure. 251

In Missing Panel Prediction, one panel is masked 252

and the masked position is evenly distributed across 253

all panel positions. For both Missing Panel Pre- 254

diction and Panel Sorting, the correct answer is 255

randomly assigned to one of the four candidate op- 256

tions, ensuring balanced answer positions and a 257

random baseline of 0.25. 258

All textual content in the comic panels, including 259

narration and dialogue, is provided in English. 260

3.4 Prompt Settings 261

We evaluate model performance using the zero- 262

shot prompting approach (Kojima et al., 2022) and 263

provide guidance highlighting context panels in red 264

and candidate panels in green. The prompts used 265

for each task are shown in Appendix A. 266

4 Experiment 267

4.1 Experimental Setup 268

Dataset. All evaluations are conducted on the 269

test split of the ComicVQA dataset, which consists 270

of 1000 multiple-choice questions per task, totaling 271

2000 test instances. 272

Models. We evaluate a range of open-source 273

and proprietary MLLMs. We used LLaVA-1.6- 274

Mistral-7B (Liu et al., 2023; Jiang et al., 2023), 275

Qwen2.5-VL-7B-Instruct (Wang et al., 2024; Bai 276

et al., 2023, 2025), LLaVa-1.6-Vicuna-13B (Liu 277

et al., 2023; Chiang et al., 2023), Llama-3.2-11B- 278

Vision-Instruct (AI, 2024), Gemma-3-27b-it (Team 279

et al., 2025), InternVL-3.5 (Wang et al., 2025a), 280

GPT4.1 (OpenAI, 2025), Claude-Sonnet-4.5 (An- 281

thropic, 2025), and Gemini-Flash-2.5 (Comanici 282

et al., 2025). All models are instruction tuned. 283

Implementation details. We present accuracy 284

results for both tasks. All model evaluations were 285

conducted on H100 GPUs with 80GB of VRAM. 286

Model hyperparameters and model evaluation in- 287

formation are indicted in detail in Appendix B. 288

Human Evaluation We conduct human evalua- 289

tion to assess task clarity and establish an upper 290

bound on performance. For each task, we uni- 291

formly sample 100 questions from the test set. For 292
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Category Model (#Params) Missing Panel (%) Panel Sorting (%)

Human 5 annotators 83.4 88.0

Baseline Random 25.0 25.0

Open-Source

LLaVA-v1.6-Mistral-7B (7.57B) 23.9 25.1
Qwen2.5-VL-7B-Instruct (8.29B) 30.2 26.8
LLaMA-3.2-Vision-Instruct (10.7B) 25.2 26.6
LLaVA-v1.6-Vicuna-13B (13.4B) 25.0 25.4
Gemma-3-27b-it (27.4B) 35.8 26.9
InternVL-3.5 (38B) 47.7 26.3

Proprietary

GPT-4.1 58.5 36.1
GPT-5.1 62.6 33.7
Claude-Sonnet-4.5 47.4 35.9
Gemini-Flash-2.5 58.5 46.4

Table 2: Accuracy (%) of instruction-tuned models and human annotators on ComicVQA. Missing Panel Prediction
evaluates fine-grained visual grounding, while Panel Sorting assesses compositional temporal reasoning.

Missing Panel Prediction, we additionally ensure293

balanced sampling by selecting 20 questions from294

each missing-panel position. Five annotators par-295

ticipated in the study, and the same annotators were296

used across both tasks.297

For Missing Panel Prediction, annotators were298

asked to select the most appropriate comic panel299

from 4 options to fill in the missing panel in a300

comic strip. As for Panel Sorting, annotators were301

asked to select the correct ordering of four pan-302

els. Annotators also reported their confidence on a303

three-point scale (guessing, moderate confidence,304

very confident) for each of the question answered.305

Additional details on annotator instructions and306

study setup are provided in Appendix D.307

4.2 Main Results308

Table 2 summarizes performance on the two309

ComicVQA tasks across a range of open-source310

and proprietary MLLMs, together with human per-311

formance and a random baseline. Human annota-312

tors perform strongly on both Missing Panel Pre-313

diction (83.4%) and Panel Sorting (88.0%), with314

substantial inter-annotator agreement (Fleiss’ κ =315

0.712 and 0.757, respectively) and high confidence316

scores. This confirms that both tasks are well-317

defined and reliably solvable, while leaving a large318

margin for model improvement.319

Missing Panel Prediction. Models achieve320

meaningful gains over random guessing, indicat-321

ing that they can exploit visual information to per-322

form panel discrimination. However, performance323

varies widely across models. Open-source MLLMs324

generally remain below 50% accuracy, while the325

strongest proprietary models reach only around 326

63%, still around 20 percentage points behind hu- 327

man performance. This persistent gap suggests 328

that, even when the narrative structure is partially 329

constrained, current models struggle with precise 330

visual grounding and stylistic consistency across 331

comic panels. 332

Panel Sorting. Panel Sorting is substantially 333

more challenging. Most open-source models per- 334

form near chance, and even large proprietary mod- 335

els exhibit only modest improvements. Gemini- 336

Flash-2.5 achieves the best performance at 46.4%, 337

yet remains far below human accuracy. Unlike 338

Missing Panel Prediction, where models benefit 339

from localized visual cues, Panel Sorting requires 340

integrating information across multiple panels to 341

infer a globally coherent narrative, demonstrating 342

a bigger challenge to solve this task. 343

Overall, these results suggest that while current 344

MLLMs can leverage visual information for local 345

discrimination in Missing Panel Prediction, they 346

struggle to robustly infer global narrative structure 347

in Panel Sorting. In the following sections, we 348

analyze these behaviors in greater detail, focusing 349

on model sensitivity to different types of errors. 350

5 Analysis of Model Performance on 351

Panel Sorting 352

Overall performance on the Panel Sorting task is 353

close to random for most evaluated models, with 354

the exception of Gemini-Flash-2.5, which achieves 355

the highest accuracy at 46.4%. In contrast, hu- 356

man annotators reach 88.0% accuracy, indicating a 357

substantial gap between current multimodal mod- 358
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Comparison Perturbation Type Accuracy (%)
12 vs 21 Adjacent (1 ↔ 2) 64.7
23 vs 32 Adjacent (2 ↔ 3) 64.5
34 vs 43 Adjacent (3 ↔ 4) 65.7

Average: 65.0

Table 3: Diagnostic accuracy of 2 panels across different
perturbation settings. The model achieves an average
accuracy of 65.0%, consistently above the 50% random
baseline, indicating basic local temporal reasoning ca-
pability.

els and human-level multimodal understanding in359

comics. To better understand the sources of model360

failure and identify challenges for future work, we361

conduct analysis focusing on Gemini-Flash-2.5, the362

strongest-performing model on this task.363

5.1 Controlled Ordering Ablations364

To better understand why models struggle with365

full four-panel sorting, we conduct a series of con-366

trolled ordering ablations that progressively sim-367

plify the task while preserving its core temporal368

reasoning requirements.369

Two-panel comparisons. Panel sorting can be370

viewed as a sequence of local comparisons between371

adjacent pairs. Based on this intuition, we evaluate372

the model’s accuracy when restricted to ordering373

neighboring panels. Starting from sequences of374

four panels, we grouped them into two consecu-375

tive pairs and introduced controlled perturbations,376

reducing the search space from four possible con-377

figurations to two.378

We first analyze simplified two-panel ordering379

tasks, where the model must choose the correct380

order between two panels. From Table 3, across381

swaps of panels (1↔2), (2↔3), and (3↔4), the382

model achieves accuracies of 64.7%, 64.5%, and383

65.7%, respectively, all well above the 50% ran-384

dom guessing score. This indicates that the model385

is able to capture local coherence when the compar-386

ison space is limited. An example of a two-panel387

comparison question is provided in Appendix G.1.388

Four-panel comparisons. Given the two-panel389

performance, we then expand the analysis to four-390

panel sequences, fixing two panels and permut-391

ing the remaining two. This also reduces the task392

to a two-option comparison, similar to the two-393

panel case, but with additional surrounding con-394

text. From Table 4, accuracy for swapping the395

first two, middle two, and last two panels is 63.7%,396

Comparison Perturbation Type Accuracy (%)
1234 vs 2134 Adjacent (1 ↔ 2) 63.7
1234 vs 1324 Adjacent (2 ↔ 3) 69.0
1234 vs 1243 Adjacent (3 ↔ 4) 69.3

Average: 67.3
1234 vs 4231 Global (1 ↔ 4) 74.4

Table 4: Diagnostic accuracy of 4-panel binary compar-
isons. The model detects global endpoint swaps (1↔4:
74.4%) more reliably than adjacent swaps (67.3% avg),
indicating coarse-grained temporal discrimination being
better than fine-grained temporal discrimination.

69.0%, and 69.3%, respectively, with a peak of 397

74.4% for the global swap of the first and last pan- 398

els (1↔4), suggesting that the model more easily 399

distinguishes large narrative disruptions than subtle 400

differences between adjacent panels. An example 401

of a four-panel comparison question is provided in 402

Appendix G.2. 403

Key patterns and implications. Two consistent 404

patterns emerge from the binary discrimination ex- 405

periments for Gemini-Flash-2.5. First, the model 406

exhibits minimal benefit from additional context, 407

with accuracy improving by only 2.3 percentage 408

points from two-panel (65.0% average) to four- 409

panel (67.3% average) binary tasks with adjacent 410

swaps, indicating limited use of surrounding pan- 411

els. Second, the model performs better on coarse- 412

grained global swaps (74.4%) than on adjacent 413

swaps (67.3%), showing reliance on coarse tem- 414

poral heuristics and difficulty with fine-grained vi- 415

sual reasoning. Therefore, low performance on 416

full panel sorting could stem from subtle adjacent 417

transitions are often misordered, and insufficient 418

context integration prevents the model from cor- 419

rectly sequencing all panels in the set. 420

5.2 Error Taxonomy for Panel Sorting failures 421

The binary controlled ordering ablations for 422

Gemini-Flash-2.5 revealed difficulty with fine- 423

grained local transitions, limited use of context, 424

and reliance on coarse temporal heuristics. While 425

these patterns indicate where the model struggles 426

in full four-panel sorting, they do not reveal the 427

specific types of reasoning challenges involved. To 428

investigate this further, we categorize errors based 429

on different aspects of panel understanding, analyz- 430

ing mistakes in causal reasoning, character and ob- 431

ject state tracking, scene transitions, and dialogue. 432

We also examine how each error type relates to the 433

temporal span of the panels. 434
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Error Cate-
gory

Description

Causal Reason-
ing

Failure to infer cause–effect relation-
ships across panels.

Character State
Tracking

Incorrect tracking of character identity,
emotion, or pose across panels.

Object State
Tracking

Failure to track object presence or move-
ment across panels.

Scene Transi-
tion

Misinterpretation of scene changes,
viewpoint shifts, or temporal context be-
tween panels.

Dialogue-
Related

Misinterpretation on dialogue or narra-
tion, resulting in incoherent flow.

Ambiguity Cases where multiple answer options are
plausibly correct, even for humans.

Table 5: Failure taxonomy for the Panel Sorting task.
Each incorrect model prediction was assigned exactly
one dominant error category by two human annotators.
Categories were derived by inspecting common model
errors and reflect the most frequent failure patterns.

5.2.1 Annotation Setup435

We also focus on Gemini-Flash-2.5, the strongest-436

performing model on Panel Sorting, to ensure437

our analysis highlights intrinsic model limitations438

rather than trivial failures. From the test set, we439

randomly sample 100 questions that the model an-440

swered incorrectly. Two human annotators who441

are selected based on their strong performance in442

the earlier human evaluation on the Panel Sorting443

Task, independently examined each incorrect pre-444

diction and assigned exactly one error category445

corresponding to the dominant failure mode. Addi-446

tionally, each annotator labeled the temporal span447

of the error, indicating whether the failure involved448

local (error occurs within 2 adjacent panels), short-449

range (error spans 3 consecutive panels), or global450

(error involves the entire 4-panel sequence). A third451

annotator resolved any disagreements to produce452

consensus labels.453

Error categories were derived inductively by in-454

specting common patterns in model predictions455

and are intended to capture the most frequent and456

salient failure modes. The different failure modes457

are shown in Table 5.458

5.2.2 Error Distribution459

Figure 4 shows the distribution across six error cate-460

gories. Overall, from the bar plot, causal reasoning461

errors are the most common form of error (34%),462

followed by character state tracking (24%), object463

state tracking (14%), scene transitions (12%), and464

dialogue-related errors (11%). Notably, ambiguity 465

errors are rare (5%), confirming that our ground 466

truth orderings are clear and deterministic. 467

5.2.3 Error distribution by Temporal Span. 468

To further understand how model failures relate 469

to the temporal extent of the error, we categorize 470

each incorrectly answered test question by the span 471

of panels involved: local, short-range, or global. 472

These are then represented by the stacks on each of 473

the bars in Figure 4. 474

Causal Reasoning Errors. Causal reasoning er- 475

rors are concentrated in local spans (24 of the 34 476

questions), reflecting the difficulty models face in 477

resolving adjacent-panel swaps where fine-grained 478

temporal and causal reasoning is required, as com- 479

pared to the more obvious changes across all four 480

panels globally (4 of the 34 questions). 481

Character and Object State Tracking Errors. 482

In contrast, entity state tracking errors occur pre- 483

dominantly across global spans (20 of the 24 ques- 484

tions under character state tracking errors, and 10 485

of the 14 questions under object state tracking er- 486

rors). These failures typically stem from having to 487

monitor character pose, identity, or interaction over 488

the entire sequence, and the presence or movement 489

of objects over the entire sequence. Tracking of the 490

change in the entities’ states usually requires many 491

contextual clues from previous panels to ensure 492

the next state of the entity is correct. This pattern 493

is similar to our ablation finding of minimal con- 494

text benefit, whereby the model cannot effectively 495

integrate surrounding context fail to track entities 496

across full sequences, leading to global-span errors. 497

Scene transition errors. These errors are dis- 498

tributed across local (8 of 12 questions) and short- 499

range (4 of 12 questions) spans, highlighting chal- 500

lenges in maintaining visual continuity when envi- 501

ronments change subtly between panels, as com- 502

pared to global where the changes are much big- 503

ger. These errors often occur when small positional 504

or scene changes compound across consecutive 505

panels, requiring attention to multiple temporal 506

steps. This phenomenon is similar to the ablations, 507

whereby the model performs much better on ob- 508

vious global disruptions, where the transitions are 509

huge, as compared to local adjacent disruptions. 510

Dialogue-related errors. Dialogue-related er- 511

rors appear almost exclusively in global spans (9 512

of 11 questions). While it is easy to ensure the flow 513
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Figure 4: Stacked bar chart showing the distribution of error categories for Gemini-Flash-2.5 on the Panel Sorting
task, stratified by the span of panels involved in each error. Bars show the percentage of errors attributed to each
failure mode, with stacks indicating whether the error arises from local, short-range, or global reasoning.

of dialogue across adjacent panels, having to sort514

out 4 panels of dialogue is more challenging.515

Overall, the combination of ablations and error-516

span analysis demonstrates that failure modes are517

structured, span-dependent, and non-trivial, di-518

rectly supporting ComicVQA’s role as a diagnos-519

tic benchmark for multimodal narrative reasoning.520

Gemini-Flash-2.5 struggle most with local, fine-521

grained reasoning while handling large, obvious522

global disruptions relatively well, providing direc-523

tions for future improvements in causal reasoning,524

state tracking, and multi-panel integration.525

5.3 Summary of Analysis526

The model performs best on sequences with obvi-527

ous global disruptions and slightly lower on sub-528

tle local reorderings, explaining the performance529

gap relative to human annotators. Performance on530

the Missing Panel Prediction task (58.5%) shows531

that the model can discriminate visual differences532

well above random chance (25%), but it remains533

far from human-level (88%) and has limitations.534

Overall, these findings highlight that the main chal-535

lenge lies in reasoning over subtle local transitions,536

suggesting that future models may benefit from537

mechanisms that explicitly track evolving visual538

states and causal dependencies across panels.539

6 Conclusion 540

In this work, we introduced ComicVQA, a bench- 541

mark for fine-grained visual grounding and nar- 542

rative reasoning in comics, featuring two tasks: 543

Missing Panel Prediction and Panel Sorting. Our 544

evaluation of MLLMs highlights challenges across 545

the two tasks: Missing Panel Prediction encourages 546

visual-based reasoning with the absence of text in 547

the comic panels, while Panel Sorting tests sequen- 548

tial narrative understanding, where even large mod- 549

els struggle. ComicVQA provides a platform for 550

studying visual reasoning beyond simple image- 551

text alignment and supports the development of 552

models capable of deeper multimodal understand- 553

ing in comics. We hope it spurs further research 554

in multimodal narrative reasoning and the creation 555

of models that effectively interpret sequences of 556

images in context. Future work includes expand- 557

ing this work other visual-based domains that in- 558

volve temporal and visual aspects (e.g., educa- 559

tional comics, building manuals), and leveraging 560

advanced multi-modal pretraining to improve com- 561

plex visual and contextual reasoning. 562

Limitations 563

ComicVQA currently includes only English- 564

language Western comics, primarily because pub- 565

licly available comic datasets in other languages 566
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or regions are limited or restricted by copyright.567

While this choice allows for open sharing and re-568

producibility, it also means that the dataset may not569

capture the full diversity of visual narrative styles570

across cultures. An example of a comics dataset571

that are restricted by copyright is the Manga109572

(Aizawa et al., 2020) dataset. This dataset is only573

allowed for academic purposes only. We would574

like our dataset to be used as part of training of575

future models to further improve on the model’s576

visual reasoning in the area of comics and beyond.577

Future work could extend the benchmark to other578

languages, regions, and artistic styles when public579

data becomes available.580

All images are standardized to a resolution of581

a maximum of 1024×1024 pixels. While this en-582

ables uniform processing, it may pose challenges583

for models with limited vision capacity or with-584

out strong hierarchical visual encoders, particularly585

smaller architectures, which imply that they might586

not be looking at the full question image in the first587

place, hence not reflecting the true performance of588

the model.589

The segmentation of the comic panels are not590

perfect. Comic artists do not need to explicitly591

follow the usual square-like panels of the same592

size. Therefore, the segmentation algorithm needs593

to account for the various shapes like circles and594

rectangles, and even odd shapes like stars and tri-595

angles. As a result, the cut of the panels are not596

perfect, meaning there might still be some infor-597

mation (textual and visual) loss or noise added for598

each panel. However, despite this limitation of the599

panel segmentation algorithm, a high human base-600

line score shows that the tasks are still solvable to601

a large extent.602
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A Prompts used in this paper808

Prompt for Generation of Panel Metadata
Describe the panel’s visual content thoroughly, including the characters’ poses, facial expressions,
actions, clothing, background, and any visual storytelling cues. Maximum 100 words.

809

Prompt for Missing Panel Prediction
Q: The comic panels in the red box show the story with one missing panel labeled ’?’. Which of the
4 green-boxed panels below is the correct missing panel? Options 1 and 2 are in the first row, and
Options 3 and 4 are in the second row. Choose the correct option. Please conclude your answer with
’The answer is: Option (?)’. A:

810

Prompt for Panel Sorting
Q: Four different sequences of the same set of comic panels are shown, labeled Options 1, 2, 3, 4.
Each option shows a different panel order. Which of the 4 green-boxed panels below is the correct
panel sequence? Choose the correct option. Please conclude your answer with ’The answer is: Option
(?)’. A:

811

B Model Hyperparameters and Evaluation Protocol812

B.1 Model Hyperparameters813

To ensure all results are reproducible and consistent, all models have the temperature parameter set to814

0. Additionally, do_sample is set to False for open-sourced models, and top_p is set to 1 for OpenAI815

models. As for token generation, to ensure a fair comparison, the maximum number of tokens allowed816

to generate (max_new_tokens) is set to 2048 tokens only, to ensure that all models have the opportunity817

to explain the question throughly before answering the question. Smaller number of tokens have been818

attempted, but are often cut off especially for the text based questions in the ablations.819

For proprietary models, they were evaluated using OpenRouter3 API, and to ensure a fair comparison820

with open-sourced models, reasoning_effort was set to none and thinking_budget was set 0 zero to821

ensure that there is no thinking/reasoning tokens.822

B.2 Experiment Settings823

Because the outputs are deterministic with the above-mentioned settings, we only ran single-runs for all824

experiments.825

B.3 Time Taken826

Time taken to run a model on the test split maximally takes 5 hours, but factors such as the size of the827

model and the current load on the GPU can reduce the time taken for a single run on the test split to be828

less than 5 hours.829

B.4 Accuracy Evaluation830

For all tasks in ComicVQA, each question has a single correct answer selected from a fixed set of831

candidates.832

• Missing-panel task: Four candidate panels, one correct panel per question.833

• Panel-ordering task: Four candidate permutations of the panels, one correct permutation per question.834

Accuracy is computed per question: a prediction is counted as correct if the model’s selected option835

matches the ground-truth answer, and incorrect otherwise. Random guessing yields 25% accuracy for836

both tasks. All reported results in Tables 6 and 2 follow this criterion.837

3https://openrouter.ai
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C Licenses 838

We obtained our data from 2 main areas: the COMICS dataset (Iyyer et al., 2017) and from Digital Comics 839

Museum. 840

COMICS dataset can be used under the MIT License4. 841

Digital Comics Museum is a publicly available data source for Golden Age comics.5 842

4https://github.com/miyyer/comics/blob/master/LICENSE
5https://digitalcomicmuseum.com/forum/index.php
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D Human Evaluation843

D.1 Basic Information on Human Annotators844

We recruited five annotators from our professional network. Each was contacted individually via email or845

messaging and provided with information about the expected time commitment (approximately 1–1.5846

hours) and compensation (approximately 25USD upon full completion). All annotators were native or847

fluent English speakers with no prior exposure to the ComicVQA dataset. Participation was voluntary,848

and all annotators agreed to complete the tasks under these conditions, indicating that the compensation849

was acceptable for the effort required.850

D.2 Human Evaluation Protocol851

Before starting on human evaluation, the annotators are to consent to the information provided to them852

regarding compensation, rights, and data usage.853

Consent to participate in this study
STUDY PURPOSE: We are evaluating human performance on visual reasoning tasks involving
comic book panels. Your responses will help establish a baseline for comparing human and machine
performance on comic understanding tasks.
WHAT YOU’LL DO:
- Complete 200 multiple-choice questions
- Two types of tasks: (1) Identify missing panels, (2) Order shuffled panels (that will be in another
form) - Estimated time: 20-30 mins for task 1, 30-45mins for task 2
- You can take breaks and resume later
YOUR RIGHTS:
- Participation is voluntary
- You may withdraw at any time without penalty (please let me know if you decide to withdraw)
- Your responses will be anonymized
- No personally identifiable information will be collected beyond what’s required for payment
COMPENSATION:
- Full completion: 25USD
- If you take much longer than expected (for eg, 2 hours) please let me know and I will further
compensate you.
DATA USAGE:
- Your responses will be used for academic research only
- Results may be published in academic venues (anonymized)
- Data will be stored securely and used only by authorized researchers
- No responses will be linked to your identity in any publication
If you agree to the above conditions, please click ’Yes’ and proceed to work on the questions. If you
choose not to proceed with the evaluation, please click ’No’ and submit the form.

854

Questions were presented via Google Forms showing the exact same question image that is being fed855

to the models during inference time. Annotators were tasked to select option 1,2,3 or 4, with the below856

instruction:857
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Instructions for Missing Panel Prediction
TASK 1: MISSING PANEL PREDICTION
You will see 4 comic panels arranged in sequence, with one panel marked as [?] in a grey box. Your
task is to identify which of 4 options correctly fills the missing position.
IMPORTANT NOTES:
- Text has been REMOVED from all panels in this task intentionally
- Select the option that best completes the sequence
- There is only ONE correct answer
- Must choose your confidence level
Please answer based on what you think is correct. Don’t overthink it!

858

Instructions for Panel Sorting
TASK 2: PANEL SORTING
You will see 4 shuffled comic panels. Your task is to determine the correct reading order from 4
possible options.
IMPORTANT NOTES:
- Panels include original text/dialogue
- Think about the natural flow of the story
- Western comics typically read left-to-right
- There is only ONE correct answer
- MUST give me a confidence rating
Please answer based on what you think is correct. Don’t overthink it!

859

Additionally, they were asked on their confidence in answering the question. Figure 5 shows a 860

screenshot on how each question looks like on the form. 861

15



Figure 5: Example question.
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D.3 Human Annotation Protocol 862

Human annotation protocol is for the three annotators that are assigned to work on determining the failure 863

type for each of the 100 questions sampled. 864

Similar to human evaluation protocol, before starting on the human annotation, participants are to 865

content to the information provided to them regarding compensation, rights, and data usage. Compensation 866

for this was also approximately 25USD for full completion. 867

Instructions for Annotation of Failure Types
TASK: ANNOTATE THE FAILURE TYPE
You will see a Panel Sorting Task question, and below the image will indicate what the option the
model chose, and what the correct answer actually is.
You are to answer 2 main questions, main error type, and the extent of the error.
Here are the list of plausible error types (these are the common error types):
1. Casual Reasoning: This happens when models fail to infer cause-effect relationships across panels.
For example, panel shows broken glass before another panel showing the glass about to land on the
floor.
2. Character State Tracking: This happens when the model incorrectly tracks the character’s identity,
emotion, or pose across panels.
3. Object State Tracking: This happens when the model fails to track object presence or movement
across panels.
4. Scene Transition: This happens when there are scene changes or viewpoint shifts, but the model
did not catch the changes based on the surrounding panels.
5. Dialogue Related: This happens when dialogue flow of the option that the model selected is
obviously not right.
6. Ambiguity: Sometimes, the option that the model selected is also plausible. You can mark it as
ambiguity if the option the model selected makes sense to you.
After choosing the error, please share with us how much of this error is present in the panels.
Guidelines on the options given:
1. Local: The error occurs within 2 adjacent panels
2. Short-range: Error spans 3 adjacent panels
3. Global: Error spams the whole entire 4 panel sequence
Please answer based on what you think is correct.

868

Figure 6 shows how the question look like on the form. 869
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Figure 6: Example question.
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Approach Accuracy (%) Gap to Random (%)
Vision-only (CLIP ViT-L/14) 35.6 +10.6
Vision-only (DINOv2 ViT-L/14) 40.2 +15.2
Vision-only (SigLIP-Large) 46.1 +21.1
Random baseline 25.0 –
Best MLLM (GPT-5.1) 62.6 +37.6

Table 6: Performance of vision-only baselines on the missing-panel task. Vision-only models outperform random
guessing but fall substantially short of the best multimodal model, indicating that visual similarity alone is insufficient
for reliable narrative reasoning.

E Can vision encoders naively solve the Missing Panel Prediction Task? 870

A natural question is whether the missing-panel task can be solved using visual similarity alone, without 871

any language modeling component. In particular, one might hypothesize that a vision transformer 872

embedding all panels could select the correct answer via cosine similarity, based on cues such as artistic 873

style or character appearance. 874

To test this hypothesis, we evaluate three strong vision-only encoders: CLIP ViT-L/14, DINOv2 875

ViT-L/14, and SigLIP-Large. We use cosine similarity between the query panels and candidate responses 876

to obtain the answer. A random baseline (25%) is included for reference. 877

As shown in Table 6, vision-only models achieve accuracies between 35.6% and 45.9%, substantially 878

above random chance but far below the best multimodal model (62.6%). 879

These results indicate that vision-only models can exploit visual features, but relying on visual discrim- 880

ination alone is insufficient. Weak MLLMs (23–30%, Table 2) fail to leverage visual cues effectively 881

despite having access to them. Stronger open-source MLLMs, such as Gemma-3-27b-it and InternVL-3.5, 882

outperform the vision-only encoders, suggesting that they integrate visual discrimination with higher-level 883

reasoning over the structure and relationships of panels. Proprietary models, as the strongest performers, 884

successfully combine both visual cues and visual reasoning, achieving the highest accuracy on this task. 885
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F Example Questions from Panel Sorting Task886

F.1 Panel Sorting Example Question887

Figure 7: The panel sorting task provides 4 different permutations of a sequence of 4 comic panels. One of them is
the correct sequence, and 3 others are shuffled.
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G Analysis Example Questions 888

G.1 Panel Sorting 2 Panel Example Question 889

Figure 8: For analysis, we cut down the number of panels to see any changes in the performance of the model with
a smaller number of candidate options. Since 2 panels only have 2 permutations, theres only 2 options.
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G.2 Panel Sorting 4 Panel-2 Option Example Question890

Figure 9: Simlar to the 2 panel analysis, we keep 2 panels in the correct order, and shuffled the remaining 2.
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