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Abstract

Large-scale vision–language models (LVLMs)
have achieved remarkable progress on various
reasoning tasks. However, most studies focus
on natural photographic images and pay lim-
ited attention to multi-panel visual narratives
such as comics. This leaves a clear gap in our
understanding of how well LVLMs perform
chronological reasoning across comic panels.
To address this, we introduce CHROMIC, a
new benchmark dataset for chronological rea-
soning in multi-panel comics. It covers six
types of reasoning questions and spans both
Western and Japanese comic styles. To ensure
high-quality annotations, we customized a hu-
man–AI collaborative annotation process tai-
lored to the characteristics of the two comic
styles. We further introduce three core tasks:
Description Reordering and Panel Reorder-
ing, which jointly assess models’ ability to
understand chronological order in panel se-
quences, and Multiple-Choice Question An-
swering (MCQA), which evaluates narrative-
level reasoning. We evaluate a range of open-
source and commercial LVLMs on CHROMIC,
and find that even the leading models struggle
with panel-based chronological reasoning. Fur-
ther analysis reveals key limitations, including
weak visual action understanding and frequent
hallucinations in fine-grained visual interpreta-
tion. 1

1 Introduction

In recent years, the reasoning capabilities of
LVLMs have attracted significant attention from
researchers. Advanced LVLMs such as GPT-4o
(OpenAI et al., 2024b) and Qwen (Qwen et al.,
2025) have demonstrated remarkable performance

*Corresponding author. This work was supported by the
National Key Research and Development Program of China
under Grant 2022YFB4501704.

1Our benchmark is publicly available at https://github
.com/daydayup586/ChrOMIC

Panel 1: Doraemon stands facing Nobita near the front door, gesturing with 
both arms as Nobita scans the room, arms akimbo, saying 'Everything looks 
the same to me.’ ; 
Panel 2: Nobita turns to face Doraemon, who urges him to 'Try and see if you 
can go outside!' while sitting beside a fan placed on the floor near the door. ; 
Panel 3: Doraemon, now standing, points at the wall while saying 'Our house’s 
layout has completely been changed,' as Nobita turns toward the hallway in 
surprise.

Entire Comic Page
Generate a concise 

panel-level 
description for 
each panel in 

reading order.

Prompt

input

output

Figure 1: An error case produced by GPT-4o when
directly generating panel-level descriptions for an en-
tire comic page without any preprocessing. The model
shows inaccuracies in understanding the comic page,
including misjudging panel order, misidentifying de-
tails, and miscounting the number of panels. Errors are
highlighted in red text.

improvements across a wide range of reasoning
tasks. Among these, multi-image reasoning (Liu
et al., 2024; Yeh et al., 2022; Huang et al., 2024;
Jiang et al., 2024a) has become a prominent re-
search focus, and recent efforts have increasingly
turned toward the more complex domain of multi-
panel visual understanding (Fan et al., 2024; Wang
et al., 2024a).

Although some studies have begun to explore
the capacity of LVLMs to understand and reason
about multi-panel visual content in real-world sce-
narios, current research still faces notable limita-
tions. Specifically, we identify two critical research
gaps: (i) Lack of abstract images in evaluation: Cur-
rent cross-modal training corpora predominantly
focus on realistic photographs (Radford et al., 2021;
Zhang et al., 2024a), lacking sufficient examples of
abstract or exaggerated artistic styles (Zhang et al.,
2024b; Li et al., 2024), resulting in very limited
benchmarks for evaluating abstract-style images.
(ii) Limited layout and chronological reasoning in
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multi-panel pages: Most LVLMs utilize autoregres-
sive architectures, which restrict their capacity for
layout comprehension. As shown in recent stud-
ies (Sachdeva and Zisserman, 2025; Meng et al.,
2024), given that these models primarily rely on
forward-sequential attention mechanisms, they per-
form well on clearly sequentialized image data but
struggle to effectively interpret spatial and chrono-
logical relationships among multiple panels within
a single page.

To address these limitations, we focus our re-
search on an artistic form—comic (Iyyer et al.,
2017). In comic understanding tasks, models must
deduce the chronological sequence of multiple pan-
els arranged spatially on a single page and further
interpret the underlying narrative. Although some
existing studies (Wu et al., 2024; Tang et al., 2025)
have facilitated the understanding of comics, this
reasoning paradigm remains largely underexplored,
and current LVLMs still fall short, as illustrated in
Figure 1.

To fill this gap, we propose three novel tasks:
(i) Panel Reordering, which tests whether mod-
els can recover the correct sequential flow from
shuffled panel images; (ii) Description Reorder-
ing, which evaluates a model’s ability to recon-
struct chronological order from textual panel de-
scriptions; and (iii) Multiple-Choice Question
Answering, which probes narrative-level infer-
ence across panels. Building on these tasks, we
present CHROMIC, the first high-quality bench-
mark explicitly targeting chronological reasoning
in multi-panel comics. The dataset comprises 998
comic pages with 6,700 panels and a total of 1,900
annotated instances, covering both Western and
Japanese styles across diverse reading orders.

We conduct extensive experiments on
CHROMIC with a wide range of commercial and
open-source LVLMs. The results demonstrate that
CHROMIC presents major challenges for LVLMs,
highlighting persistent weaknesses in visual action
understanding and narrative reasoning, pointing to
important directions for future research.

2 Related Work

2.1 Multimodal Benchmarks

Large-scale vision–language models have attracted
significant attention, and many benchmarks have
been proposed to evaluate emerging tasks. For ex-
ample, Das et al. (2024) introduces a multimodal
multilingual benchmark, while Chen et al. (2024)

and Wang et al. (2024b) focus on multimodal hal-
lucination detection. Other studies address the
scarcity of abstract image data with benchmarks on
geometric shapes and scientific charts (Zhang et al.,
2024b; Li et al., 2024), though comic benchmarks
exist, deeper investigations into comic understand-
ing remain limited. Multi-image benchmarks such
as Liu et al. (2024); Fan et al. (2024); Huang et al.
(2024); Jiang et al. (2024b); Song et al. (2025)
mainly emphasize sequential image understanding,
often overlooking specialized multi-panel formats
like comics. Although MultipanelVQA (Fan et al.,
2024) is the first benchmark targeting multi-panel
inputs, it largely consists of images without explicit
chronological relations (e.g., web pages (He et al.,
2024)) and focuses on static layouts rather than
panel-level chronological reasoning.

In contrast, we propose CHROMIC, a bench-
mark centered on panel-level chronological reason-
ing in comics, filling this gap and offering a new
perspective on multimodal sequential reasoning be-
yond static image comprehension.

2.2 Comic Understanding Research

Research on comic understanding has progressed
from early visual tasks to more complex reasoning.
Prior work has explored dialogue prediction, next-
panel forecasting, and related datasets (Iyyer et al.,
2017; Agrawal et al., 2023). Transcription-oriented
studies further decompose the problem into sub-
tasks such as panel segmentation, dialogue segmen-
tation, and OCR (Vivoli et al., 2024; Sachdeva and
Zisserman, 2024; Sachdeva et al., 2024; Rigaud
et al., 2024), later extended to dialogue behavior
recognition (Martinek et al., 2024).

Beyond transcription, researchers have investi-
gated description generation to support storyline
comprehension (Ramaprasad, 2023; Wang et al.,
2024a), comic completion to infer missing con-
tent (Guo et al., 2023), and LVLM-based comic
generation with resources such as MangaZero (Wu
et al., 2025). Benchmarks like MangaUB (Ikuta
et al., 2024) target single-panel understanding,
while YESBUT (Hu et al., 2024) examines non-
linear reasoning without explicit chronology.

In contrast, our work presents the first VQA
benchmark for multi-panel comics, explicitly tar-
geting chronological reasoning and narrative under-
standing, filling an important research gap.
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Raw Image Annotated Data

Human-AI Collaborative Annotation

Image Source: 
Public Datasets

Data Example

Description
Panel 1 : On the calm sea, a sailboat drifts... A 
boy lies at the edge, eyes wide... A shark fin 

circles nearby.

Panel 2 : The sailboat drifts... a fin follows... 
ripples spread...

Panel 3 : The shark circles... matching the 
sailboat's path... the water remains calm...

Panel 4 : Suddenly, a black hole appears... the 
boat sinks...

Multiple-Choice Question

According to the comic, what is the least likely thing 
to happen next?

Distractor 1: The boy grabs the floating object and 
waits for rescue on the water's surface.

Answer: The black hole suddenly vanished, and the 
sailboat floated to the surface.

Distractor 2: Sharks continue to linger near the 
black hole.

Distractor 3: Other ships discovered the black hole 
and moved away.

shuffling
On the calm sea, a sailboat drifts... A 

boy lies at the edge, eyes wide... A shark 
fin circles nearby.

The sailboat drifts... a fin follows... 
ripples spread...

The shark circles... matching the 
sailboat's path... the water remains 

calm...

Suddenly, a black hole appears... the 
boat sinks...

On the calm sea, a sailboat 
drifts... A boy lies at the edge, 
eyes wide... A shark fin circles 

nearby.

The sailboat drifts... a fin 
follows... ripples spread...

The shark circles... matching 
the sailboat's path... the water 

remains calm...

Suddenly, a black hole 
appears... the boat sinks...

reordering

Task2: Description Reordering

Task3: Multiple-Choice Question Answering

According to the comic, what is the least 
likely thing to happen next?

A: The boy grabs the floating object and 
waits for rescue on the water's surface.

B: The black hole suddenly vanished, and the 
sailboat floated to the surface.

C: Sharks continue to linger near the black 
hole.

D: Other ships discovered the black hole and 
moved away.

predicting 
answer

B: The black hole 
suddenly vanished, and 
the sailboat floated to 

the surface.

shuffling
reordering

Task1: Panel Reordering

Figure 2: Overview of the CHROMIC benchmark. CHROMIC is constructed via a human–AI collaborative
pipeline using images from public comic datasets. Each instance provides a comic page with associated annotations
(panel descriptions and/or a reasoning question). We design three tasks: Panel Reordering and Description
Reordering, both targeting panel-level chronology, and Multiple-Choice Question Answering, which evaluates
narrative-level inference across panels.

3 CHROMIC

As illustrated in Figure 2, we design and construct
CHROMIC, with formal task definitions provided
in Section 3.1 and dataset construction details de-
scribed in Sections 3.2 and 3.3.

3.1 Task Design

To evaluate the chronological reasoning capabili-
ties of LVLMs in comic narratives, we introduce
three tasks: (i) Panel Reordering, (ii) Descrip-
tion Reordering and (iii) Multiple-Choice Ques-
tion Answering. These tasks respectively assess
the model’s ability to recognize panel order and
perform deeper narrative reasoning. A comparison
with prior comic benchmarks is provided in Table 1,
highlighting that CHROMIC uniquely combines
chronological reasoning with multimodal narrative
understanding.

Dataset Chron. Reason.Multi.

Manga109 (Fujimoto et al., 2016) ✗ ✗ ✗
COMSET (Agrawal et al., 2023) ✗ ✓ ✓
COMICS (Iyyer et al., 2017) ✗ ✓ ✓
YESBUT (Hu et al., 2024) ✗ ✓ ✓
CHROMIC (ours) ✓ ✓ ✓

Table 1: Comparison of comic-related datasets. Chron.
= requires chronological understanding; Reason. =
requires reasoning; Multi. = requires multimodal input.

3.1.1 Panel Reordering

As shown in the "Task 1" region of Figure 2,
let I be a comic page with an ordered panel se-
quence P ⋆ = (p⋆1, . . . , p

⋆
n), where n represents

the number of panels. We sample a random per-
mutation π ∈ Sn and form the shuffled sequence
P̃ =

(
p⋆π(1), . . . , p

⋆
π(n)

)
, which is concatenated

into a composite image Ĩ. Given Ĩ, the model
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predicts a permutation π̂ ∈ Sn and is correct when:

P̃π̂ = P ⋆. (1)

3.1.2 Description Reordering
As shown in the "Task 2" region of Figure 2,
reusing the panel sequence P ⋆ from above, each
panel p⋆i is paired with a textual description d⋆i ,
yielding d⋆ = (d⋆1, . . . , d

⋆
n). We then apply a per-

mutation π ∈ Sn to obtain a randomly shuffled
list d̃ =

(
d⋆π(1), . . . , d

⋆
π(n)

)
and provide (I, d̃) as

input. The objective is to predict πi ∈ Sn such
that the re-ordered list d̃πi completely matches the
ground-truth d⋆, namely:

d̃πi = d⋆. (2)

3.1.3 Multiple-Choice Question Answering
As illustrated in the "Task 3" region of Figure 2, let
(I, q, C) be the input, where q denotes the ques-
tion and C = {c1, c2, c3, c4} is the set of candidate
answers and a⋆ ∈ {1, 2, 3, 4} is the ground-truth
index. The model predicts â ∈ {1, 2, 3, 4}. With
direct matching evaluation, the single-example ac-
curacy is:

Asingle = 1
[
â = a⋆

]
, (3)

where the indicator 1[â = a⋆] equals 1 if the pre-
dicted answer â matches the ground-truth answer
a⋆, and 0 otherwise. For a set of M samples we
report the mean accuracy:

Amean =
1

M

M∑

i=1

1
[
âi = a⋆i

]
. (4)

3.2 Image Selection
The comic images in CHROMIC are sourced from
three publicly available datasets, covering diverse
reading orders as shown in Table 2. We carefully
curate all images to ensure quality, diversity, and
clear panel segmentation, prioritizing comics with
well-defined reading orders and filtering out inap-
propriate or harmful content. To avoid bias from
low-resource languages, we include only English-
language comics, aligning with the training data of
most current LVLMs.

Specifically, we use images from the Memen-
tos dataset (Wang et al., 2024a) to construct the
dialogue-free Western subset, from the ComSet
dataset (Agrawal et al., 2023) to build the dialogue-
rich Western subset, and from the MangaZero
dataset (Wu et al., 2025) to extract double-page
spreads for the Japanese subset. The panel count
distribution is shown in Figure 5 in Appendix C.

Dataset Top-
to-

Bottom

Left-
to-

Right

Right-
to-

Left

COMICS ✗ ✓ ✗
Manga109 ✗ ✗ ✓
Mementos (Wang et al., 2024a) ✓ ✓ ✗
COMSET ✗ ✓ ✗
MangaZero (Wu et al., 2025) ✓ ✗ ✓
CHROMIC (ours) ✓ ✓ ✓

Table 2: Comparison of supported reading orders across
comic datasets.

3.3 Human-AI Collaborative Annotation
Inspired by Hu et al. (2024), we adopt a human–AI
workflow to support our three tasks. For each
comic image, an LVLM first drafts task materi-
als (e.g., shuffled panels/descriptions, MCQ candi-
dates); trained annotators then refine these outputs
to produce the gold standard. Not every example
supplies all three task views, as filtering is applied
for quality and relevance.

Six professionally trained annotators participate
in the process, representing diverse gender and age
groups, all with at least a bachelor’s degree. The
end-to-end pipeline is illustrated in Figure 3.

3.3.1 Textual Description Annotation
Image Preprocessing To ensure accurate panel
segmentation and ordering, we design a dedicated
pipeline. Specifically, we train a YOLOv12-based
detector (Tian et al., 2025) on a curated set of
annotated panels to handle diverse comic styles.
Each page layout is represented as a Directed
Acyclic Graph (DAG), and panel sequences are de-
termined via topological sorting with distinct rules
for Western (left-to-right) and Japanese (right-to-
left) conventions, producing an ordered panel list
P ⋆ = (p⋆1, . . . , p

⋆
n). Based on these sequences,

we apply style-specific preprocessing: in Western
comics, visual prompts are inserted to explicitly
mark panel positions and reading order, while in
Japanese comics, panels are cropped and reordered
into individual images to reduce layout ambiguity.

Description Annotation We adopt a human–AI
collaborative strategy to generate panel-level de-
scriptions d⋆. GPT-4o (OpenAI et al., 2024b) is
used for Western comics and Qwen-Max (Qwen
et al., 2025) for Japanese comics. Generation is
guided by the preprocessed panel inputs and spe-
cialized prompts that enforce panel count consis-
tency and chronological flow. Human annotators
then refine the drafts, correcting errors, enhanc-
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Figure 3: Dataset construction pipeline. In the preprocessing stage: for Western comics, visual prompts are
added; for Japanese comics, the pages are segmented into image sequences. After manually selecting the best
Multiple-Choice Question (MCQ), the model generates three additional distractors. Annotators then select the three
most misleading ones from a pool of six candidates to finalize the MCQ.

ing clarity, and ensuring alignment with visuals.
This hybrid strategy ensures both scalability and
annotation reliability.

3.3.2 Data Construction for Panel Reordering
We build the Panel Reordering set with an image-
only pipeline: panels are detected and cropped,
then randomly shuffled and concatenated into a
composite test image. To simplify evaluation and
reduce ambiguity, we restrict sources to pages with
at most four panels and include a brief manual
audit to verify the ground-truth panel order before
shuffling. No textual annotation or post-editing is
required; each instance is released with the shuffled
composite and the target permutation.

WC JC WCND Overall

Number of pages 446 234 118 795
Avg. panels 4.4 10.9 5.1 6.4
Avg. question tokens 14.1 15.6 16.3 14.8
Avg. option tokens 10.9 12.2 12.6 11.5

Table 3: Task 3 (MCQA) data statistics for three subsets:
WC (Western comics), JC (Japanese comics, right-to-
left), and WCND (Western comics without dialogue).

3.3.3 Multiple-Choice Question Annotation
We design a three-stage strategy that guides
LVLMs to generate multiple-choice questions for
assessing chronological understanding in comics,

combined with human refinement.

In the first stage, the annotation model generates
a question q, an answer a⋆, and three distractors
Cinit = {cinit

1 , cinit
2 , cinit

3 } based on six specified per-
spectives: (1) Cross-panel action tracing (CPT),
(2) Temporal character action sequences (CAS), (3)
Inferred motivations between non-consecutive pan-
els (IMN), (4) Implicit character motives (ICM),
(5) Prediction beyond shown panels (PBP), and
(6) Counterfactual reasoning (CFR). A detailed
description of these perspectives is provided in Ap-
pendix A.4. Human annotators then review and
select high-quality, narrative-relevant questions.

In the second stage, given the filtered ques-
tion–answer pair, the model produces three ad-
ditional highly deceptive distractors Cadv =
{cadv

1 , cadv
2 , cadv

3 } with explanations. Annotators
then choose the three most misleading distractors
from Cinit ∪ Cadv and combine them with the cor-
rect answer a⋆ to construct the final candidate set
C = {a⋆, c1, c2, c3}.

In the third stage, to ensure that vision grounding
is indispensable, we conduct multiple rounds of
text-only filtering to remove questions that could
be answered without images, retaining only those
that require genuine multimodal reasoning. This
yields an evaluation that more faithfully reflects
image–text integration. Dataset statistics for this
third task (MCQA) are summarized in Table 3.
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Model Size Acc MAE SRC NDCG@n
Commercial LVLMs

GPT-4o – 0.3735 1.8396 0.2628 0.8044
Moonshot-V1 – 0.3621 1.8371 0.2732 0.7977
Qwen-Max – 0.3480 1.9033 0.2157 0.8072
Gemini-2.0 – 0.3359 1.9344 0.1998 0.8175
Grok-3 – 0.3335 1.9032 0.2324 0.7859

Open-source LVLMs
ahm-Phi-3.5-VI 4B 0.2641 2.0543 0.1445 0.8963

Gemma-3
4B 0.2924 1.9281 0.2125 0.7851
12B 0.3175 1.8893 0.2463 0.7927
27B 0.3288 1.9128 0.2218 0.8100

LLaMA-3.2-VI
11B 0.2402 1.4037 0.0320 0.8951
90B 0.3180 1.9335 0.1959 0.8164

Qwen-2.5-VL
3B 0.2851 1.9531 0.2329 0.7944
7B 0.3219 1.9414 0.2093 0.7792
32B 0.3649 1.8545 0.2506 0.8070

Table 4: Performance comparison of models on the
description reordering task. Size denotes parameter
scale (e.g., 7B = 7 billion), and “VI” indicates vision-
language instruction tuning. Here, n is the number of
panels in each comic instance. Bold values indicate the
best-performing model in each category.

Model Size Acc MAE SRC NDCG@n
Commercial LVLMs

GPT-4o – 0.3991 0.9724 0.1895 0.6719
Moonshot-V1 – 0.2713 1.1103 0.0970 0.7244
Qwen-Max – 0.2894 1.1165 0.0767 0.6154
Gemini-2.0 – 0.3484 1.0301 0.1519 0.6442
Grok-3 – 0.2901 1.1140 0.0789 0.6219

Table 5: Performance on the Panel Reordering (image-
only) task.

4 Experiment

4.1 Experimental Setup

We conduct a systematic evaluation of several main-
stream LVLMs, covering both the latest commer-
cial closed-source models and open-source models.
The commercial models evaluated include GPT-4o
(OpenAI et al., 2024a), Moonshot-V1 (Team et al.,
2025c), Qwen-Max (Bai et al., 2025), Gemini-2.0
(Team et al., 2025a), Grok-3 (xAI, 2025). The open-
source models include ahm-Phi-3.5-VisionInstruct
(Abdin et al., 2024), LLaMA-3.2-VisionInstruct
(Meta AI, 2024), Gemma-3 (Team et al., 2025b)
and Qwen-2.5-VL (Qwen et al., 2025).

To fairly assess each model’s performance on
panel sequence reasoning tasks, we standardize
the input format for all evaluations: each model
receives the full comic page image along with a
text-formatted question. See Section 3.1 and Ap-
pendix F for details. All models are tested using
their respective default settings.

Model Size WC JC WCND Overall
Commercial LVLMs

GPT-4o – 0.517 0.463 0.527 0.507
Moonshot-V1 – 0.314 0.342 0.446 0.396
Qwen-Max – 0.339 0.346 0.439 0.397
Gemini-2.0 – 0.517 0.506 0.460 0.482
Grok-3 – 0.441 0.420 0.464 0.448

Open-source LVLMs
ahm-Phi-3.5-VI 4B 0.364 0.377 0.379 0.376

Gemma-3
4B 0.322 0.320 0.377 0.352

12B 0.373 0.329 0.455 0.406
27B 0.441 0.381 0.413 0.408

LLaMA-3.2-VI
11B 0.347 0.329 0.386 0.364
90B 0.407 0.368 0.482 0.438

Qwen-2.5-VL
3B 0.424 0.294 0.357 0.348
7B 0.356 0.351 0.368 0.361

32B 0.432 0.316 0.404 0.382

Table 6: Model performance on different types of
comics for the multiple-choice question answering task.
The Overall column presents the average performance
across all comic types.

4.2 Result Evaluation

Description Reordering Task For the Descrip-
tion Reordering task, we evaluate models using
four metrics: Accuracy (whether each panel is
placed in the correct position), MAE (the average
deviation between predicted and true positions),
Spearman Rank Correlation (overall ranking con-
sistency), and NDCG@n (ranking quality of the
top n key panels). The aggregated results appear
in Table 4, where commercial models such as GPT-
4o and Qwen-Max consistently outperform open-
source alternatives. In this experiment, n is set to
the actual number of panels on each comic page
to comprehensively assess ordering performance.
For detailed definitions and explanations of these
evaluation metrics, please refer to Appendix B.1.

GPT-4o achieves the best overall performance.
Among open-source models, Qwen-2.5-VL-32B
performs competitively with commercial ones,
while smaller models such as ahm-Phi-3.5-
VisionInstruct and LLaMA-3.2-11B-VisionInstruct
excel on NDCG@n, indicating that lightweight
models can still be effective when ranking the most
critical panels.

Panel Reordering Task On the image-only
panel reordering task, the results in Table 5 show
that GPT-4o achieves the highest accuracy, closely
followed by Gemini-2.0. Both outperform others
significantly, showing stronger ability to recon-
struct narrative flow directly from visual evidence.
However, most models still struggle with the task,
highlighting the challenges of purely visual sequen-
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Model Size CPT CAS IMN ICM PBP CFR
Commercial LVLMs

GPT-4o – 0.527 0.542 0.569 0.492 0.439 0.476
Moonshot-V1 – 0.382 0.413 0.376 0.409 0.382 0.400
Qwen-Max – 0.400 0.432 0.349 0.383 0.349 0.429
Gemini-2.0 – 0.509 0.465 0.578 0.503 0.447 0.381
Grok-3 – 0.500 0.510 0.459 0.461 0.366 0.362

Open-source LVLMs
ahm-Phi-3.5-VI 4B 0.391 0.374 0.376 0.425 0.293 0.371

Gemma
4B 0.364 0.406 0.339 0.332 0.350 0.314
12B 0.373 0.419 0.367 0.446 0.374 0.429
27B 0.436 0.387 0.413 0.430 0.398 0.371

LLaMA-3.2-VI
11B 0.373 0.432 0.394 0.389 0.325 0.219
90B 0.473 0.484 0.440 0.352 0.463 0.457

Qwen-2.5-VL
3B 0.327 0.335 0.413 0.342 0.293 0.400
7B 0.318 0.361 0.358 0.399 0.350 0.352
32B 0.409 0.432 0.330 0.383 0.350 0.371

Table 7: Performance across six chronological reasoning subcategories in multi-panel comics. CPT: Cross-
panel tracing, CAS: Character action sequences (chronological reconstruction), IMN: Inferred motivations (non-
consecutive panels), ICM: Implicit character motives, PBP: Prediction beyond panels (what happens next?), CFR:
Counterfactual reasoning (what if X panel changed?).

Method Acc of Task 1 Acc of Task 3

Human evaluation 0.9532 0.679
GPT-4o 0.3735 0.507
Gemini-2.0 0.3359 0.482

Table 8: Results of human evaluation compared with
top-performing LVLMs. Task 1 = Description Reorder-
ing, Task 3 = Multiple-Choice QA.

tial reasoning and layout comprehension.

Multiple-Choice Question Answering Task For
the Multiple-Choice Question Answering task, we
report accuracy, with results summarized in Ta-
bles 6 and 7. Overall, commercial LVLMs such as
GPT-4o and Gemini-2.0 clearly outperform open-
source counterparts, confirming the advantage of
large-scale closed-source systems. However, per-
formance on Japanese comics is generally weaker,
particularly for smaller models, reflecting the chal-
lenges posed by denser layouts and longer panel
sequences.

Table 7 shows a clear advantage for commercial
LVLMs. GPT-4o delivers the strongest overall re-
sults—leading in CPT and CAS and achieving the
best CFR—indicating robust panel tracing, action
sequencing, and counterfactual reasoning. Gemini-
2.0 complements this by topping IMN and ICM,
suggesting superior implicit-motivation and causal
inference. By contrast, open-source systems gener-
ally lag behind; the main exception is LLaMA-3.2-
90B-VI, which attains the best PBP score, while
Qwen-2.5-VL-32B is competitive on CAS/ICM.

(a) (b)

Figure 4: Accuracy comparison of open-source models
at varying scales in Description Reordering task (a) and
Multiple-Choice Question Answering task (b)

Overall, the results highlight both the dominance of
commercial models and the subtask-specific com-
plementarities that different architectures exhibit.

Human Evaluation Study To further validate
the benchmark, we conducte a human evaluation
by uniformly sampling 165 examples across differ-
ent domains and difficulty levels. Four annotators
independently complete both the Description Re-
ordering and Multiple-Choice QA tasks. Results
are summarized in Table 8.

Human annotators consistently outperform the
best-performing LVLMs on both tasks. The gap is
especially large in Description Reordering, where
humans achieve near-perfect accuracy. This indi-
cates that chronological reasoning and holistic nar-
rative understanding remain challenging for current
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Model Def. Txt-only Mask Dial.

GPT-4o 0.3735 0.3203 0.3632
Moonshot-V1 0.3429 0.3180 0.2947
Qwen-Max 0.3480 0.3450 0.3324
Qwen-2.5-VL(7B) 0.3219 0.2708 0.2908
Claude-3.7-Sonnet 0.3821 0.3597 0.3911
DeepSeek-R1 — 0.3373 —

Table 9: Ablation results for Description Reordering.
Def. = Default multimodal input; Txt-only = images
removed; Mask Dial. = dialogues in images and dia-
logue/connective words in text descriptions masked.

Style Direct Auto (Preproc.) Human-Refined

WC 1.3 3.5 4.7
JC 1.6 4.3 4.4

Table 10: Human evaluation of description faithfulness
across comic styles. Direct: model-only generation;
Auto (Preproc.): automatically generated with prepro-
cessing; Human-Refined: human post-edited after pre-
processing.

LVLMs, underscoring the value of our benchmark
for advancing multimodal sequential reasoning.

4.3 Analysis and Discussion

4.3.1 Scale and Design Effects
Experiments show that performance within the
same model family generally improves with in-
creasing parameter size, suggesting that scaling
enhances chronological and narrative reasoning.
However, models with comparable sizes can still
exhibit notable performance gaps, likely due to dif-
ferences in architectural design and training strate-
gies, such as visual–textual pretraining balance and
task-specific instruction tuning.

As illustrated in Figure 4a and Figure 4b, these
trends highlight that both scale and architecture
jointly shape model effectiveness, and that increas-
ing size alone is not sufficient without careful de-
sign choices.

4.3.2 Multimodal Necessity Ablations
To ensure that our tasks truly require visual ground-
ing, we conducte ablation experiments summarized
in Table 9. For Description Reordering (DR), two
variants are tested: a pure text-only setting and a
masked-dialogue setting where dialogue and con-
nective words are removed while in-image dia-
logues are also masked. Both led to performance
drops, with the text-only condition showing the
sharpest decline, indicating that models rely more
on reasoning over the full visual narrative than on

matching dialogues or connective cues. Meanwhile,
the decrease is not as significant as one might ex-
pect—a trend explainable by the task’s inherent
difficulty. As shown in Table 8, even with multi-
modal input, model performance remains far below
human accuracy (0.9532), leaving little room for
further degradation.

For Multiple-Choice Question Answering, we
filtered out questions answerable by text alone, re-
taining only those that require genuine multimodal
reasoning. The results confirm that visual input is
indispensable for both tasks.

4.3.3 Annotation Reliability

To validate dataset reliability, we conducte an addi-
tional human evaluation. Two independent annota-
tors, not involved in the initial labeling, assesse the
alignment between textual descriptions and pan-
els across dimensions such as character actions,
scene elements, dialogue themes, and chronologi-
cal indicators (see Appendix D). We evaluate three
description types: (i) model-generated, (ii) auto-
matically generated with preprocessing, and (iii)
human-refined after preprocessing.

Results show that while automatic generation
provides a useful starting point, human refinement
is essential for improving fidelity and consistency.
Table 10 presents quantitative results, and semantic
similarity analysis further supports the necessity of
human intervention. These findings demonstrate
the robustness of our annotation pipeline and high-
light the value of combining automation with hu-
man refinement.

5 Conclusion

In this work, we presente CHROMIC, a high-
quality benchmark for structured visual narrative
understanding in comics. The benchmark evaluates
both panel-level chronology and narrative inference
through three complementary tasks: Panel Reorder-
ing, Description Reordering, and Multiple-Choice
Question Answering.

Our experiments show that CHROMIC presents
significant challenges for current state-of-the-art
LVLMs, and analysis reveals persistent limitations
in visual action reasoning and story-level compre-
hension. These results highlight the need for mod-
els that are more layout-aware and sensitive to nar-
rative structure. We expect CHROMIC to serve
as a valuable resource for advancing research on
multimodal narrative reasoning.
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Limitations

The current scale of CHROMIC remains relatively
modest compared to modern large-scale vision-
language benchmarks. Although we intentionally
included both Western and Japanese comic styles,
other popular formats, such as vertically scrolling
webtoons or Chinese comics, have not been cov-
ered. This omission could potentially limit the
generalizability of our findings across different
comic styles. Additionally, despite employing a
human-AI collaborative annotation pipeline along
with multi-stage quality assurance processes, resid-
ual annotation noise may persist, given that human
annotators’ subjective interpretations of comic con-
tent can vary.

From an ethical and social perspective, while we
have manually filtered overtly offensive or harm-
ful content, subtle cultural stereotypes or sensi-
tive themes may still remain undetected. Further-
more, our current reliance on English descriptions
and questions may inadvertently marginalize non-
English comic communities.

In future work, we plan to expand the scale and
stylistic diversity of CHROMIC and release mul-
tilingual annotations. Additionally, we will intro-
duce further redundancy checks or expert verifica-
tion processes to continually enhance annotation
quality and reliability.

Ethics Statement

Data Copyright and Licensing. All data sam-
ples used in this work are collected from either
publicly released datasets or publicly accessible
content on social media platforms. To ensure com-
pliance with copyright regulations, we do not redis-
tribute raw comic images. Instead, we provide an-
notations and reference links to the original sources,
allowing readers to access the materials without vi-
olating copyright protections. Before publishing
any samples, we manually review the content to
identify and remove potentially offensive, harmful,
or inappropriate material.

Human Annotation. Our annotation process in-
volved six human annotators who were responsible
for reviewing and refining model-generated outputs.
We ensured fair compensation by paying annotators
an average hourly wage of $9 USD, aligning with
common ethical standards for crowd or contract
work. All annotators participated voluntarily and
were informed of the nature and goals of the task.
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A Annotation details

A.1 Detailes of Panel Segmentation and
Ordering

We observed through extensive experimentation
that existing multimodal large models exhibit sig-
nificant limitations in comic panel recognition.
Common issues include incomplete detection of
speech balloons and misidentification of cover art
as panels, leading to poor generalization across
stylistically diverse comics.

To address these shortcomings, we curated a
representative set of comic images from the Go-
Comics website, annotating panels at a fine-grained
level. We also incorporated two additional datasets:
MangaZero (Wu et al., 2025) and COMICORDA
(Martinek et al., 2024), forming a comprehensive
training set that covers diverse comic styles and
complex cases.

Using this merged dataset, we trained a state-
of-the-art object detection model, YOLOv12 (Tian
et al., 2025), which achieved strong generalization
across different comic styles and accurately seg-
mented panel regions within comic pages.

Following the implementation details from
Sachdeva and Zisserman (2024), we represented
comic layouts as Directed Acyclic Graphs (DAGs)
and utilized topological sorting to establish the
global reading order. Recognizing the distinct dif-
ferences in reading conventions, we designed two
separate rule sets to handle Western (left-to-right)
and Japanese (right-to-left, top-right to bottom-left)
comics. This pipeline facilitates precise detection
and ordering of panels, providing a robust structural
foundation for downstream narrative understanding
and reasoning tasks.

A.2 Details of Image Preprocessing

We adopted different preprocessing strategies based
on the type of comic images. For Western comics,
which typically follow a left-to-right reading order,
we first applied our panel segmentation and order-
ing pipeline described in the main text to identify
each panel and assign it a sequential index. We
then annotated the original comic page by drawing
red bounding boxes around each panel and labeling
them with the corresponding indices.

In contrast, Japanese comics—characterized by
a right-to-left reading order, more complex layouts,
and denser panel arrangements—posed greater
challenges. During data generation, we found that
adding visual prompts directly to full-page images

did not significantly improve the model’s ability to
understand panel relationships. The model often
struggled to capture the logical structure among
panels. To address this, we cropped each panel
as an individual image and sorted the resulting se-
quence according to the correct reading order. This
ordered panel sequence was then used as input to
the model.

A.3 Details of Description Annotation

Given the persistent challenges large-scale mod-
els face in accurately identifying comic panels and
their reading order, we integrated our image pre-
processing techniques with specifically designed
prompts to guide model-based generation of struc-
tured textual descriptions.

For Western comics, we employed GPT-4o as the
generation model; for Japanese comics, we used
Qwen-Max. The input to each model consisted of
the processed images (outputs from the previous
stage) along with customized prompts tailored to
the specific comic style. Each model produced a
structured textual description segmented according
to individual panels.

Following model generation, trained human an-
notators conducted comprehensive reviews of the
generated descriptions. They corrected errors, sup-
plemented missing details, and removed redundan-
cies, ensuring each panel description was accurate,
coherent, and readable.

A.4 Analysis of the Six Chronological
Reasoning Perspectives

The six perspectives capture complementary as-
pects of chronological reasoning in comics. Cross-
panel action tracing targets visually continuous
actions (e.g., a thrown ball’s trajectory), testing
whether models can align events across panels.
Chronological character action sequences assess
whether actions by the same character form a co-
herent timeline, even without visual continuity, re-
quiring causal inference. Inferred motivations
between non-consecutive panels involve linking
distant panels by understanding narrative intent.
Implicit character motives demand recognizing
subtle cues—like expressions or dialogue—to infer
intent. Prediction beyond shown panels evalu-
ates the model’s ability to anticipate next events,
while counterfactual reasoning asks it to imagine
alternate outcomes.
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B Experiment details

B.1 Evaluation Metric Definitions
To comprehensively evaluate model performance,
we employ the following four metrics:

Accuracy Measures the proportion of panels
placed in exactly the correct position:

Accuracy =
1

M

M∑

j=1

1

Nj

Nj∑

i=1

1
(
pi = ci

)
, (5)

where M is the number of samples, Nj is the total
number of panels in the j-th sample, pi and ci are
the predicted and true positions of the ith panel,
and 1(·) is the indicator function.

Mean Absolute Error (MAE) Computes the av-
erage absolute deviation between predicted and
true positions:

MAE =
1

M

M∑

j=1

1

Nj

Nj∑

i=1

∣∣pi − ci
∣∣, (6)

where M is the number of samples, Nj is the total
number of panels in the j-th sample, pi is the pre-
dicted position of the i-th panel, and ci is its true
position.

Spearman Rank Correlation Applies the Spear-
man rank correlation coefficient to the predicted
and true rankings to assess overall ordering consis-
tency:

ρ =
1

M

M∑

j=1

(1 − 6
∑Nj

i=1(ri − si)
2

Nj (N2
j − 1)

), (7)

where ri and si are the ranks of the ith element in
the predicted and true orders, respectively. This can
also be computed via scipy.stats.spearmanr.

NDCG@n Normalized Discounted Cumulative
Gain at rank n, which emphasizes the quality of
the top n panels:

DCGn =
1

M

M∑

j=1

n∑

i=1

reli
log2(i+ 1)

, (8)

IDCGn =
1

M

M∑

j=1

n∑

i=1

relideali

log2(i+ 1)
, (9)

NDCGn =
1

M

M∑

j=1

∑n
i=1

reli
log2(i+1)

∑n
i=1

relideali
log2(i+1)

, (10)

Model Txt-only Multimodal

GPT-4o 0.304 0.507
Moonshot-V1 0.328 0.396
Gemini-2.0 0.322 0.482
Qwen-Max 0.363 0.397
Grok-3 0.360 0.448
Gemma-3 (27B) 0.268 0.408
LLaMA-3.2-VI (90B) 0.255 0.438
Qwen-2.5-VL (32B) 0.316 0.382

Table 11: Results on Multiple-Choice Question Answer-
ing (Task 3) under text-only and full multimodal settings.
Txt-only indicates that visual inputs are removed, while
Multimodal denotes the default setting with both visual
and textual inputs.

where reli is the relevance score of the ith panel in
the predicted order, relideali is its score in the ideal
order, and in our experiment, n is set to the actual
number of panels on each page.

Accuracy directly measures exact panel place-
ments. MAE, Spearman, and NDCG@n comple-
ment it by assessing error magnitude, ordering con-
sistency, and top-n ranking quality for a more com-
plete evaluation.

B.2 Additional Analysis on Multimodal
Necessity

Table 11 compares model performance on the fil-
tered MCQA subset under text-only and full multi-
modal settings, showing consistent improvements
when visual inputs are available.

Figure 5: Distribution of panel counts in comic images
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C Dataset Statistics

Figure 5 shows the distribution of panel counts in
the CHROMIC dataset.

D Guidelines for Human Scoring of
Descriptions

D.1 Task Objective
Given the original comic panels (with and without
text) and the corresponding textual description,
annotators are asked to judge how faithfully the
description reflects the visual content of the panels.

D.2 Instructions
1. Read the panels: Observe character num-

ber, gender/appearance, main actions, scene
elements, dialogue theme, and Chronological
cues.

2. Read the description: Check whether it cor-
rectly captures the above elements.

3. Compare and score: Assign a consistency
score using the 1–5 scale below.

4. Scope: Each description is scored once per
comic instance.

5. Independent annotation: You will not know
the text source, nor discuss with other annota-
tors.

D.3 Scoring Scale (1–5)
• 5 = Highly Consistent: Almost fully aligned

with the panels; only minor omissions or
wording differences.
Example: Image: “boy in red shirt throws a
ball”; Description: “a boy throws a ball”.

• 4 = Mostly Consistent: Core characters and
main actions correct, but some secondary de-
tails missing.
Example: Image: “two boys passing a ball”;
Description: “a boy throws a ball”.

• 3 = Roughly Consistent: Partial alignment,
but noticeable errors (e.g., role confusion).
Example: Image: “boy throws ball to girl”;
Description: “boy throws ball to a friend”.

• 2 = Mostly Inconsistent: Few correct ele-
ments, but main actions or roles are wrong.
Example: Image: “boy throws a ball”; De-
scription: “girl kicks a ball”.

• 1 = Completely Inconsistent: No meaningful
alignment; content unrelated.
Example: Image: “boy throws a ball”; De-
scription: “a car parked on the street”.

D.4 Additional Tag
Annotators may mark “Uncertain” if the panel
is too ambiguous or the description too vague to
judge reliably.

E Annotator Guidelines

E.1 Task Scope
Human annotators receive sentences or short para-
graphs generated by the model and revise factual
errors based on the reference comic image. In ad-
dition, they perform fine-grained edits to improve
the accuracy, clarity, and fluency of the language,
while preserving the original meaning.

E.2 Core Principles
• Ensure that the number and order of comic

panels are consistent.

• Ensure that the description contains no factual
errors that conflict with the original image.

• Ensure that each multiple-choice question has
one and only one correct answer.

• When designing multiple-choice questions, re-
fer to as many panels as possible, and avoid
overly trivial questions.

E.3 Editing Workflow
1. Check whether the panel order is correct.

2. Read the model-generated description.

3. Revise the description based on the comic
panels, following the core principles.

4. Read the model-generated multiple-choice
question and additional candidate options.

5. Revise and filter the multiple-choice question
based on the comic panels and core principles.

6. Select the three most plausible distractors
from the six candidate options.

F Prompts for Data Generation and
Evaluation
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Prompt Template for Comic Description Generation :

Act as a visual storytelling expert.

------

First, generate a detailed comic strip description that:

1. Contains continuous temporal progression

2. Features at least 2 characters with observable physical/emotional changes

3. Includes implicit causal relationships between panels

4. Contains at least one scene transition (time/location change)

5. Uses vivid action verbs and spatial prepositions

------

Format requirements:

- Separate each panel with "Panel X:", but put all the panel descriptions in one paragraph, one line ( "Panel 1: ... Panel 2: ...

Panel N: ... ").

- When quoting a quote from the comic, use single quotes('') instead of double quotes("")

- Describe character positions/expressions in relation to objects

- Note subtle environmental changes between panels

- Avoid explicit explanations of character thoughts

------

### Output Format

{

"description": "panel1 :... ; panel2 :... ; panel3 :... ; ... ; panelx :... ; "

}

Figure 6: This prompt template is designed to guide a large language model in generating structured and coherent
comic panel descriptions.

Prompt for Comic Multiple-Choice Question Generation (A)

[DESCRIPTION]

------

Based on the comic description, create 4 challenging QA pairs focusing on:

A) Character action sequences requiring temporal reconstruction

B) Inferred motivations between non-consecutive panels

C) Prediction beyond shown panels (what happens next?)

D) Counterfactual reasoning (what if X panel changed?)

------

For each question:

1. Make answers require panel cross-referencing

2. Include at least one red herring detail from the text

3. Phrase 40% questions with negative premises ("Which did NOT...")

4. Provide detailed answer explanations identifying required reasoning types

Figure 7: This prompt template directs the model to generate four challenging multiple-choice QA pairs from a
given comic description.

4398



Prompt for Comic Multiple-Choice Question Generation (B)

[DESCRIPTION]

------

Based on the comic description, create 5 challenging QA pairs focusing on:

A) Cross-panel action tracing

B) Inferred motivations between non-consecutive panels

C) Implicit character motives

D) Prediction beyond shown panels (what happens next?)

E) Counterfactual reasoning (what if X panel changed?)

------

For each question:

1. Make answers require panel cross-referencing

2. Include at least one red herring detail from the text

3. Phrase 40% questions with negative premises ("Which did NOT...")

4. Provide detailed answer explanations identifying required reasoning types

5. Requires piecing clues from ≥3 panels

6. The question should take enough details into account and should be difficult enough and even GPT itself can hardly resolve it.

Figure 8: This prompt template directs the model to generate five challenging multiple-choice QA pairs from a
given comic description.

Prompt for Multiple-Choice Distractor Generation

[DESCRIPTION]

[SELECTED QA-PAIR]

------

For the validated QA pair, create 3 distractors that:

1. Use logical fallacies common in temporal reasoning:

- Post hoc ergo propter hoc (false causation)

- Reverse chronology errors

- Positional transposition

2. Incorporate actual elements from different panels

3. Match the grammatical structure of the correct answer

4. Include one "near miss" distractor requiring precise panel sequence recall

------

For each distractor:

- Identify which comic element it draws from

- Explain the cognitive bias it exploits

- Rate its deception level (1-5)

Figure 9: This prompt template guides the model to generate three high-quality distractors for a given, validated QA
pair from a comic description.
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Description Reordering Test Prompt

[IMAGE]

------

The following are shuffled descriptions of comic panels. Each line corresponds to one panel.

[0]. [Panel description 0]

[1]. [Panel description 1]

…

[N-1]. [Panel description N-1]

Now, return a Python list of integers indicating the correct order of these panels (starting from 0).

The list must contain exactly [N] elements—no more, no less—and must include every index shown above, without 

duplicates or omissions.

------

Do NOT return an empty list.

Return only the list of numbers, like this: [3, 0, 2, 1, 4]

Make sure the list includes all [N] panel indices.

Figure 10: This prompt template is designed to test a model’s ability to reconstruct the original panel sequence from
shuffled descriptions.

MCQ Answering Test Prompt

[IMAGE]

------

Question: [The multiple-choice question]

Options:

A. [option A]

B. [option B]

C. [option C]

D. [option D]

------

Just reply with a single letter.

Figure 11: This prompt template evaluates a model’s ability to answer a comic-based multiple-choice question.
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