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“That should give her fatal injuries at
least” He deduced, the sharp-tipped
icicles would easily cut through Elsa’s
body, like the tips of the clear bullets

stained red with blood, “Being hit with
that many ice pillars” Subaru thought,
as there were twenty of them. If any of

them hit their mark it should be lethal.

However...

“Did we finish her off?” said Rom.
“DO YOU REALLY NEED TO SAY THAT
CLICHE LINE!?” Subaru yelled back.
Even though Rom had been quiet all
this time, he had said the worst possible
thing at the worst possible moment.

“Sorry to disappoint you but I've come
prepared”</D> <D>“l hate it since it’s
quite heavy but 'm glad | wore my
mantle today..” Cutting through the
white smoke, Erza leapt out, with her
black hair dancing behind her.
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/" “Yesllas | suspected | have become ™
stronger in this world!” exclaimed
Subaru as he realised his hand more
than he expected. Subaru was now
confident in his fighting form, but he
had never been in a real fight before.
This was going even better than he’d
expected. “But, my hand hurts more
than | expected” he realised. He
guessed in this world his stats are
pretty good! What a rush it was for him!.

“Now you've done it!” cried one of the
men.

“Ah1"” Turning back around, Subaru
bent forward to beat down the last man
standing, when his eyes centered on
what that man was holding in his hand:
aglinting knife.

Immediately Subaru dropped to his
knees, bent over forward, and with a
spectacular single motion prostrated
himself, pressing his forehead against
the ground. “I'm sorry!! Please Forgive
mell” Prostration-it was the most
extreme form of showing absolute
submission to another and the lowest
form of Japanese humility... With a knife
involved, fighting was out of the
question, impossible. No matter how
you might train yourself, if you were /
\,  stabbed, it was all over. All things in life /
N are transient. /

Figure 1. Re:Verse Multimodal Annotation Examples. Two representative examples from our dataset demonstrate the fine-grained
alignment between visual manga content and narrative text. Each example shows the original manga page (left) paired with its correspond-

ing aligned narrative text (right), where <D > <

D> tags indicate spoken dialogue (displayed in cyan) and <T></T> tags indicate internal

thoughts (displayed in red). This precise cross-modal correspondence enables systematic evaluation of vision-language models’ ability to
understand sequential narrative structure, character consistency, and temporal progression. The semantic markup facilitates a comprehen-
sive assessment of both surface-level text recognition and deep narrative comprehension capabilities across extended manga sequences.

Abstract

Current Vision Language Models (VLMs) demonstrate a
critical gap between surface-level recognition and deep
narrative reasoning when processing sequential visual sto-
rytelling. Through a comprehensive investigation of manga
narrative understanding, we reveal that while recent large
multimodal models excel at individual panel interpretation,
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they systematically fail at temporal causality and cross-
panel cohesion, core requirements for coherent story com-
prehension. We introduce a novel evaluation framework
that combines fine-grained multimodal annotation, cross-
modal embedding analysis, and retrieval-augmented as-
sessment to systematically characterize these limitations.

Our methodology includes (i) a rigorous annotation pro-
tocol linking visual elements to narrative structure through



aligned light novel text, (ii) comprehensive evaluation
across multiple reasoning paradigms, including direct in-
ference and retrieval-augmented generation, and (iii) cross-
modal similarity analysis revealing fundamental misalign-
ments in current VLMs’ joint representations. Applying this
framework to Re:Zero manga across 11 chapters with 308
annotated panels, we conduct the first systematic study of
long-form narrative understanding in VLMs through three
core evaluation axes: generative storytelling, contextual di-
alogue grounding, and temporal reasoning. Our findings
demonstrate that current models lack genuine story-level
intelligence, struggling particularly with non-linear narra-
tives, character consistency, and causal inference across
extended sequences. This work establishes both the foun-
dation and practical methodology for evaluating narrative
intelligence, while providing actionable insights into the ca-
pability of deep sequential understanding of Discrete Visual
Narratives beyond basic recognition in Multimodal Models.
Project Page: https://re-verse.vercel.app
Github: https://github.com/eternal-flame/Re-Verse

1. Introduction

Manga represents a rich and distinctive form of multimodal
storytelling that blends expressive artwork, diverse panel
layouts, and text embedded directly within images. Unlike
standard natural images, understanding manga requires fol-
lowing visual and textual cues across multiple panels, in-
terpreting characters’ emotions, and tracking complex sto-
rylines [8]. These narratives often include non-linear time-
lines, inner thoughts, and symbolic visuals, making them
uniquely challenging for computational models [36].

As vision-language models (VLMs) continue to advance
multimodal understanding [16, 19, 23], applying them to
manga opens exciting possibilities for supporting human
creativity. Models that can understand manga could help
creators edit, summarize, or expand their stories, acting as
intelligent assistants that comprehend narrative flow [26].
To be truly useful, such models must follow context over
many panels, recognize characters consistently, and reason
about subtle visual and textual elements in a human-like
manner. However, most existing benchmarks for manga
understanding are limited in scope, focusing primarily on
multiple-choice or classification-based tasks that operate at
individual panel levels [ 1, 3, 12], without capturing broader
narrative understanding or the full complexity of manga sto-
rytelling. This complexity often relies on events spread
across multiple pages, emotional shifts, and implied in-
formation that requires sophisticated reasoning across ex-
tended sequences [9, 13]. To support the next generation
of intelligent systems for manga, there is a critical need for
benchmarks that evaluate models on their ability to follow
long-range context, generate coherent summaries, and make
narrative predictions for this intermediate modality of dis-
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crete visual narratives, sequences or exerpts. [31].

To address this fundamental gap, we introduce Re: Verse,
a comprehensive benchmark for sequential narrative under-
standing in manga, designed to evaluate whether models
can track and interpret story progression across entire chap-
ters. Re:Verse is constructed from Arc 1 of Re:Zero [20,
21], a popular manga known for its intricate storytelling
involving reincarnation loops and temporal resets. These
narrative elements make Re:Zero an ideal testbed for eval-
uating long-range reasoning and panel-to-panel coherence
in non-linear narratives [25]. Our benchmark contains 308
manually annotated panels from 11 chapters, with each
panel including: (i) fine-grained bounding boxes and se-
mantic tags for dialogue, thoughts, and key scene elements,
and (ii) manually curated alignment with corresponding
Re:Zero light novel passages, providing precise grounding
(for detailed schematic procedure refer Figure 2).

We evaluate both open-source and proprietary models
(with major focus on opensourced VLMs) [4, 22, 29, 39]
across a comprehensive set of narrative tasks. Our findings
reveal that while current models can extract surface-level
semantics, they systematically struggle with maintaining
narrative coherence, understanding character motivations,
and handling temporal dependencies—particularly in sto-
ries with non-linear structures like Re:Zero [5, 33].

The contributions of this paper are:

* We introduce Re:Verse, a novel benchmark for manga
narrative understanding, featuring 308 annotated panels
with aligned visual and textual data that enables system-
atic evaluation of long-form narrative comprehension.
We conduct comprehensive evaluation of state-of-the-art
vision-language models across three challenging tasks:
story generation, dialogue grounding, and temporal rea-
soning, revealing current fundamental limitations.

We provide detailed analysis of model performance that
characterizes key gaps in long-range coherence and mul-
timodal narrative comprehension, establishing a founda-
tion for future research in sequential visual storytelling.

2. Related Work

Computational analysis of comics and manga has evolved
from structural detection to narrative comprehension, pro-
gressing through three stages: foundational datasets, task-
specific benchmarks, and modern narrative understanding
with Large Multimodal Models (LMMs).
Foundational Datasets for Structural Analysis

Early research established large-scale datasets for funda-
mental tasks. Mangal09 remains influential, providing 109
volumes with detailed annotations for panels, text, charac-
ters, and faces [1], driving manga-specific structural analy-
sis and computational comic understanding [8]. To diver-
sify artistic styles, datasets like COMICS, eBDtheque [10],
and DCM772 [32] introduced American and European



Table 1. Comparison of Re:Verse with existing benchmarks. Re:Verse provides chapter-length narrative evaluation with aligned textual
grounding, enabling systematic assessment of story comprehension. Task abbreviations: NG = Narrative Grounding, DA = Dialogue
Attribution, TR = Temporal Reasoning. Evaluation types: HE = Human Evaluation, AE = Automatic Evaluation, LLM-Based Evaluation.

Benchmark | Temporal Span Tasks Evaluation Focus Aligned Text  Evaluation Methods
Mangal09 [1] Single SP, OCR Structural Analysis - AE
MangaUB [12] Short-seq VQA, PC Panel Relations - AE (CircularEval)
MangaVQA [3] 2-Page VQA Spread Understanding - AE

CoMix [31] Single Multi-task Integrated Reasoning - AE
Re:Verse (Ours) | Chapter-length NG, DA, TR Narrative Intelligence v HE, AE, LE

yelped Subaru.
The gray cat, which always seemed to
come and go as it pleased, had punched
him in the head with its paw like it was
reenacting a fancy fighting move.
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Figure 2. Re:Verse curation and annotation pipeline. Raw
manga panels and light novel text are aligned via manual bound-
ing box annotation, text classification (<D>, <T>), and seman-
tic grounding, yielding synchronized visual, spatial, and narrative
structure.

comics, though often with automated text extraction qual-
ity issues. COMICS Text+ addressed this with high-quality
OCR benchmarks for Western comics [28]. These efforts
established foundations for parsing visual grammar and un-
derstanding multimodal sequential storytelling [36].
Task-Specific Benchmarks and Integrated Reasoning

Subsequent work developed specialized benchmarks for
integrated tasks. The Comic Onomatopoeia (COO) dataset
extended MangalQ9 for recognizing stylized sound ef-
fects [2], while foundational work on "closure" between
panels [13] established theoretical frameworks for sequen-
tial image comprehension. CoMix introduced comprehen-
sive multi-task evaluation including speaker identification
and dialogue generation [31], notably incorporating Amer-
ican comics to reduce manga over-representation and shift-
ing focus from single-task to multi-task reasoning. Comple-
mentary efforts include M2C for manga complement gener-
ation [11] and MaRU for manga understanding [27].
Towards Narrative Comprehension with LMMs

The advent of LMMs [4, 16, 19, 23, 39] catalyzed deeper
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narrative understanding evaluation. MangaUB performed
fine-grained LMM analysis on single-panel recognition and
multi-panel comprehension, identifying panel connections
as key challenges [12]. MangaVQA advanced this with
VQA tasks on two-page spreads, better emulating human
reading and requiring cross-context synthesis [3]. Recent
work explored sequential image-to-text reasoning [30] and
cross-modal alignment [14, 17].

"From Panels to Prose" represents the most ambitious
goal, generating full literary prose from manga pages in-
cluding dialogue, descriptions, and actions [24]. Paral-
lel developments in story evaluation [5, 33, 37] and narra-
tive coherence assessment [0, 7, 34, 35] provided theoreti-
cal frameworks, while temporal reasoning benchmarks like
TOMATO [25] addressed temporal causality challenges.
The field benefits from cognitive science research on visual
narrative structure [9] and comprehensive surveys of multi-
modal capabilities [15, 18, 38].

While these benchmarks have pushed the field from
structural detection towards contextual reasoning, they pre-
dominantly operate on short sequences or isolated tasks (Ta-
ble 1). A significant gap remains in evaluating the ability
of LMMs to maintain **long-form narrative coherence**
across entire chapters or story arcs. Our work, Re:Verse,
is designed to fill this specific void. By providing a con-
tinuous, chapter-length dataset with aligned narrative text,
it introduces the first benchmark focused on assessing tem-
poral causality, character consistency, and story-level cohe-
sion—aspects not systematically measured by prior work.

3. Re:Verse Benchmark

To address the fundamental limitations in existing bench-
marks for sequential visual narratives, we introduce
Re:Verse, a comprehensive benchmark designed to eval-
uate VLMs’ ability to understand long-form manga narra-
tives. Unlike existing benchmarks that focus on isolated
panels or short sequences, Re:Verse systematically evalu-
ates three critical aspects of narrative intelligence: story
synthesis, character grounding, and temporal reasoning.



‘[ i

s
T —
"i‘s?‘ *

=]
=

VLM

A} SRR R MERATERRRRNAASMANRNNN

STORY GENERATION

(a) Generative Setup: Story and Summary Generation.
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(b) Temporal Reasoning: Page-Predictions and Visual Question-Answering.

Figure 3. Overview of experimental setups used to evaluate narrative understanding. (a) depicts the Generative Tasks, where a Vision-
Language Model (VLM) is prompted to either (i) synthesize detailed narratives (Story Generation) or (ii) produce concise plot summaries
(Summary Generation) (b) shows the Temporal Reasoning Tasks, (i) Next Page Prediction, where VLM selects the correct continuation
of a story, (ii) Intermediate Page Prediction tests inference over missing narrative, and (iii) VQA for overall narrative understanding.

Subaru:
Subaru:

Puck:

Subaru: “Opposite..?”
Subaru: “What did he
mean by that?”

Kid:

TEXT-BOX DETECTION
& CLASSIFICATION

DIALOGUE/THOUGHT
ASSOCIATION

Figure 4. Grounding Setup: Text Detection, Classification, and
Association with characters to evaluate in-page understanding.

3.1. Dataset Construction

We construct our benchmark from Volume 1 of Re:Zero
- Starting Life in Another World, chosen for its complex
narrative structure featuring time-loop mechanics, diverse
character interactions, and sophisticated visual storytelling.
The dataset comprises 308 meticulously annotated manga
pages spanning 11 chapters, with each page containing:

Spatial Annotations. Every text bubble, thought bub-
ble, and scene element is precisely localized with bounding
boxes and semantic tags. This fine-grained spatial ground-
ing enables evaluation of visual-textual integration.

Narrative Alignment. An expert annotator with com-
prehensive series knowledge manually adapted correspond-
ing light novel passages to achieve one-to-one narrative cor-
respondence with manga content. This alignment provides
ground truth for story-level evaluation tasks.

Sequential Structure. Pages are organized to preserve
narrative flow and temporal dependencies, enabling system-
atic evaluation of long-range coherence and causal reason-
ing across extended sequences as in the original work.

3.2. Analysis Framework

Our analysis framework systematically probes narrative un-
derstanding through three task categories (Figure 3):
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Story Synthesis Tasks. We evaluate models’ holis-
tic narrative understanding through two generative tasks.
Story Generation requires models to transform entire manga
chapters into coherent prose narratives. Cross-modal Sum-
marization evaluates models on summarizing both manga
pages and their corresponding light novel text indepen-
dently, quantifying comprehension and inference gaps and
misses introduced in the visual storytelling modality.

Character Grounding Tasks. Dialogue Extraction and
Attribution task requires models to spatially locate text ele-
ments, classify their semantic types (dialogue vs. thoughts),
and correctly attribute them to characters using visual cues.

Temporal Reasoning Tasks. We frame temporal under-
standing through objective measures. Next Page Prediction
(N PP) and Intermediate Page Prediction (I P P) evaluates
models’ ability to infer missing narrative events by predict-
ing pages that bridge non-consecutive sequences. We pre-
dict the 6th and 11th page given the 5 and 10 consecutive
prior pages, respectively, for N PP, and predict the miss-
ing page in a 2-missing-2 page and 3-missing-3 page setup
for IPP. Visual Question Answering employs 55 complex
questions requiring information across multiple pages.

3.3. Evaluation Methodology

Our evaluation protocol builds upon and extends prior
frameworks such as SCORE [37] and AIStorySimilarity [7].
Unlike binary or pass/fail approaches, our methodology
introduces proportional penalty systems, minimum score
thresholds, and state-based incremental evaluation, en-
abling fine-grained differentiation of narrative quality. We
employ both an LLM (GPT-40 [22]) and automated metrics
(BERTScore, ROUGE, STTR, lexical density, NER den-
sity), with statistical significance testing and embedding-
based cross-modal alignment (details in supplementary).
Temporal reasoning tasks use accuracy measures within
VQA frameworks. Cross-modal alignment is assessed
through correlation analysis and embedding quality metrics



using four vision encoders (BLIP, CLIP, SIGLIP, ALIGN).

Data Processing Pipeline. All manga pages undergo
standardized preprocessing: resized to 224 x width pix-
els while maintaining aspect ratio.  Text annotations
preserve dialogue tags (<D></D>) and thought tags
(<T'></T>) to maintain narrative structure distinctions
crucial for evaluation. Character and entity names un-
dergo manual validation using spaCy’s named entity recog-
nition enhanced with Re:Zero story-specific terminology
(pronouns, salutations, honorifics, etc.).

Metric Standardization. NER density calculation uses
character mention ratios to total word count. STTR em-
ploys sliding window approach (window size 50, step size
10) following standard text quality assessment. BERTScore
utilizes bert-base-uncased with default settings for robust
semantic similarity assessment. All results include confi-
dence intervals ensuring statistical reliability.

This comprehensive evaluation framework enables sys-
tematic characterization of current VLM limitations in se-
quential visual narrative understanding, providing action-
able insights for developing models with genuine narrative
intelligence (understanding and generation) capabilities.

4. Analysis

We analyze VLM performance across story synthesis,
visual-textual integration, and temporal reasoning. Our
findings reveal systematic challenges in processing manga’s
discrete temporal structure, where narrative meaning
emerges from discontinuous visual sequences.  This
analysis identifies the inferent gap—narrative discontinu-
ity between pages requiring inference of missing story
elements—as a fundamental bottleneck for current VLMs.
Model Selection Rationale. We focus on open-source
VLMs rather than proprietary models for several critical
reasons: (1) Data contamination prevention—Re:Zero’s
popularity likely exposes proprietary models to extensive
training data contamination, making unbiased evaluation
impossible; (2) Reproducibility requirements—academic
benchmarks require stable, accessible models that enable
reproducible research; (3) Evaluation scale and cost—
comprehensive assessment across 308 pages with multi-
ple tasks would be prohibitively expensive with proprietary
APIs; and (4) Democratization of comics understanding—
as open-source VLMs excel in video understanding, it is
essential to democratize sequential visual narrative capabil-
ities. This focus enables actionable insights for the broader
research community while ensuring evaluation integrity.

4.1. Story Synthesis: Consistency Failures

Our story generation evaluation reveals systematic narrative
coherence limitations across all models. Table 2 summa-
rizes performance across six metrics, showing consistent
gaps compared to human-authored narratives.
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Table 2. Story generation performance across VLMs showing
systematic character consistency failures and quality degradation
compared to human narratives. NER density measures character
mention frequency; STTR measures narrative tone and style.

‘ Model NER Density STTR  Length F1 ROUGE-1  Lexical Density ‘
InternVL3-2B 0.023 0.71 89.4 0.803 0.143 0.54
Ovis2-2B 0.012 0.72 102.7 0.765 0.135 0.55
Qwen2.5-VL-3B 0.027 0.78 96.8 0.814 0.152 0.55
InternVL3-8B 0.012 0.81 95.1 0.817 0.151 0.56
Ovis2-8B 0.010 0.78 98.3 0.805 0.149 0.56
Qwen2.5-VL-7B 0.015 0.80 101.2 0.823 0.156 0.55
InternVL3-14B 0.009 0.81 97.6 0.819 0.165 0.57
Ovis2-16B 0.019 0.79 93.4 0.831 0.173 0.56

Gold Standard 0.087 0.82 156.2 1.000 1.000

0.61 \

Table 3. Character dialogue extraction and attribution performance
demonstrating the critical disconnect between spatial text detec-
tion and character-dialogue grounding across VLMs.

‘ Model Recall  Precision F1-Score Character Accuracy ‘
Qwen2.5-VL-3B  23.75% 21.84% 22.25% 1.11%
Ovis-8B 17.47% 9.89% 9.84% 0.85%
InternVL-14B 29.17% 20.65% 23.08% 0.00%

The most critical finding is systematic character consis-
tency failure. Named Entity Recognition (NER) density
ranges from 0.009 to 0.027 across VLMs, representing a 3-
10x gap compared to the gold standard of 0.087. Even the
best performing model (Qwen2.5-VL-3B) falls 69% short
of human performance, indicating models cannot maintain
character references across extended sequences. Quality
metrics reveal additional degradation: Surface-form Type-
Token Ratio (STTR) values range from 0.71 to 0.81 com-
pared to 0.82 for human narratives, while generated con-
tent is systematically shorter (89-102 vs. 156 words) with
lower lexical density. These patterns indicate models gen-
erate repetitive, formulaic content rather than nuanced nar-
ratives capturing rich character interactions.

Cross-modal Processing. Our cross-modal analysis
(Table. 4 Summarization) compares corresponding content
processing through text versus manga pages, revealing con-
sistently close scores for automated metrics with gaps of
just ranging from 1.1-3.2% BERTScore F1 points. Evi-
dently, the close vicinity of the two scores establishes that
automated metrics alone are nonsensical in the evaluation
of narrative summarisation from visual content.

4.2. Character Grounding: Attribution Failures

We conducted a two-stage evaluation of dialogue extrac-
tion and character affiliation, revealing a critical break-
down in character-dialogue relationships. Table 3 shows
volume-wide performance across all models, aggregated
from chapter-level evaluations.

The results reveal a catastrophic disconnect between
dialogue extraction and character understanding. While
models achieve modest Fl-scores for dialogue extraction
(9.84%-23.08%), character attribution accuracy is near-zero



(0.00%-1.11%). Most strikingly, InternVL-14B completely
fails to correctly attribute any dialogue to characters despite
achieving the highest extraction F1-score of 23.08%, while
Qwen2.5-VL-3B manages only 1.11% character accuracy.

These character attribution failures provide direct mech-
anistic evidence for the systematic character consistency
gaps observed in our story generation experiments. The
near-zero character accuracy scores demonstrate that cur-
rent VLMs cannot establish the integrated visual-textual
understanding necessary to ground dialogue in character
identities—a fundamental requirement.

4.3. Visual-Textual Integration

We evaluate VLM performance on visual-textual integra-
tion and temporal reasoning tasks. Manga represents a
unique middle modality where visual and textual informa-
tion are spatially integrated, requiring simultaneous pro-
cessing across multiple cognitive dimensions (Table 4).

Table 4 reveals critical patterns across all evaluation di-
mensions. For visual-textual integration, all models achieve
reasonable spatial localization (IoU 0.580-0.630) but suf-
fer severe text extraction failures with F1 scores below
0.25. This visual-textual integration bottleneck explains
the visual processing penalties observed in summariza-
tion experiments. For temporal reasoning, InternVL3-
8B shows remarkable improvement with longer context
(43.2%—50.0% top-1 accuracy) while most models de-
grade, and the intuitive narrative constraint emerges where
models consistently perform better on 3-missing-3 page
scenarios than 2-missing-2 page ones.

4.4. Temporal Reasoning: The Inferent Gap

Our temporal reasoning experiments directly probe the in-
ferent gap through next-page and intermediate-page predic-
tion tasks. The results reveal architecture-dependent pro-
cessing differences and counterintuitive patterns that illu-
minate fundamental challenges in narrative understanding.
Architecture-Dependent Processing Differences. Our
analysis reveals that architecture design impacts comics un-
derstanding more significantly than parameter count. The
InternVL3-8B model’s superior performance over larger
models from other architectures suggests specialized tem-
poral processing mechanisms are crucial. Notably, the
Ovis2 series demonstrates dramatic scale-dependent im-
provement (16B model shows only 1.1 point cross-modal
penalty vs. 2.2 points for 2B model), while Qwen2.5-VL
maintains consistent 2.7-2.8 point penalties across scales,
indicating architecture-specific scaling behaviors for visual
narrative processing, even in non-performant scores.

4.5. Semantic Discontinuity in Narratives

Our retrieval experiments using four vision encoders (BLIP,
CLIP, SIGLIP, ALIGN) provide quantitative evidence for
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Figure 5. (a): Mean Reciprocal Rank (MRR) across all chap-
ters (x-asis: chapter number; y-axis: average MMR Scores), high-
lighting the cosistent overall poor scores on retrieving the visual
counterpart provided the text. (b): Mean Reciprocal Rank (MRR)
across pages of Chapter 7 (x-asis: page index; y-axis: MMR
Score), highlighting the poor scores on retrieving the visual coun-
terpart provided the text within the confines of a specific chapter.

semantic discontinuity in comics. Chapter-wise similarity
analysis reveals highly variable semantic patterns demon-
strating the inferent gap within and over the chapters.
Figure 6 shows that vision encoders struggle to maintain
semantic continuity between consecutive pages. SIGLIP
similarity scores range from -0.088 to 0.230, with nega-
tive scores indicating semantically orthogonal sequential
pages. Volume-wide retrieval performance is consistently
poor across all embedding methods (0.047-0.076 normal-
ized similarity). CLIP achieves the highest performance at
0.076, representing less than 8% of theoretical maximum.
Chapter-Specific Embedding Patterns. Our analysis
reveals systematic patterns in semantic discontinuity: early
chapters (1-3) show highest semantic discontinuity with
similarity ranges of 0.1-0.3 across all encoders, particularly
challenging during character introduction sequences; mid-
chapters (4-7) demonstrate moderate discontinuity (0.2-0.4
ranges) during plot development; while late chapters (8-11)
achieve best coherence (0.3-0.5 ranges) in action-oriented



Table 4. Comprehensive Performance across Visual-Textual Integration and Temporal Reasoning tasks. Cross-modal penalties
reveal processing degradation (TI = Text Input, VI = Visual Input), spatial localization succeeds but text extraction fails, while InternVL3-
8B uniquely benefits from longer context and larger context gaps improve intermediate prediction.

| | Summarization | Bubble Detection | Next-Page Pred. | Inter-Page Pred. |
| Model | TI VI | IoUt Prect Rect F11 |5p@11 10p@1t 5pMRRT 10pMRR? | 2p@11 3p@11 2pMRRT 3pMRR? |
InternVL3-2B 0.834 0.802 | 0.610 0.394 0218 0.281 4.0% 89%  0.350 0.378 13.6% 182%  0.285 0.332
Ovis2-2B 0.833 0811 | 0580 0.065 0.054 0.059 | 409% 273%  0.581 0.477 227% 31.8%  0.398 0.477
Qwen2.5-VL-3B | 0.837  0.810 | 0.630 0.088 0.051 0.064 | 20.0% 15.6%  0.479 0.411 159% 20.5% 0318 0.367
InternVL3-8B 0.835 0.808 |0.609 0.472 0.255 0.331 | 43.2% 50.0% 0.716 0.750 364% 432%  0.523 0.614
Ovis2-8B 0.844 0.820 | 0.608 0.057 0.049 0.053 | 355% 318%  0.531 0.477 250% 34.1% 0432 0.523
Qwen2.5-VL-7B | 0.845 0817 | 0.611 0221 0263 0240 | 250% 22.7%  0.544 0.511 182% 25.0%  0.356 0.432
InternVL3-14B | 0.842  0.823 | 0.607 0335 0.352 0.343 47%  13.6% 0423 0.439 205% 273% 0367 0.455
Ovis2-16B 0.844 0.833 | 0.609 0234 0231 0233 | 35.0% 29.5% 0.567 0.523 29.5% 364% 0477 0.550
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Figure 6. Chapter 7 similarity heatmap demonstrating semantic
discontinuity patterns between manga pages and corresponding
text using SIGLIP encoder. Irregular patterns reveal the inferent
gap challenge in sequential narrative understanding.

sequences, suggesting current vision encoders are more
amenable to visual action than narrative dialogue.

4.6. VQA: Temporal Reasoning Degradation

Our comprehensive Visual Question Answering evaluation
across all 11 chapters provides direct evidence of systematic
temporal reasoning failures (Table 5). The results demon-
strate severe temporal reasoning limitations, with overall
performance averaging only 1.43/5.0 (28.5% accuracy).
The results demonstrate severe temporal reasoning lim-
itations, with overall performance averaging only 1.43/5.0
(28.5% accuracy). Critically, 7/9 models show performance
degradation from early to late chapters (0.20-0.65 point
drops). Chapter 11°s narrative climax proves most challeng-
ing, with 8/9 models achieving lowest performance (0.80-
1.20/5.0). This systematic temporal degradation provides
direct evidence that VLMs struggle as narrative complex-
ity accumulates across discrete visual sequences. High

3826

Table 5. VQA performance across narrative progression stages
(0-5 scale). Later chapters reveal consistent degradation in rea-
soning ability. Bold-underline marks top 2 models overall.

‘ Model

InternVL3-2B
Ovis2-2B
Qwen2.5-VL-3B
InternVL3-8B
Ovis2-8B
Qwen2.5-VL-7B
InternVL3-14B
Ovis2-16B

| Ch12t Ch3-47 Ch5-67 Ch7-87 Ch9-10f Ch1if | Overall |

1.50 1.50 1.30 1.10 1.20 1.00 1.29
2.00 1.50 1.30 1.40 1.00 1.20 1.42
1.80 1.30 1.60 1.00 1.20 1.20 1.36
1.20 1.30 1.70 1.50 1.40 0.80 1.36
1.80 1.60 1.40 1.40 1.50 0.80 1.47
2.10 1.20 1.30 1.80 2.50 1.00 171
1.90 1.40 1.50 1.60 1.45 0.80 150
1.80 1.50 1.50 1.50 1.20 0.80 1.44

chapter-wise variance (standard deviations 0.207-0.616) re-
veals inconsistent temporal understanding, indicating mod-
els process pages independently.

RAG Enhancement Analysis. To investigate whether
external knowledge retrieval could mitigate these limita-
tions, we evaluated models with and without retrieval-
augmented generation (RAG). While RAG reduces com-
plete failures (score 0) from 70% to 40% for models
like Qwen2.5-VL-7B, high-quality responses (scores 4-5)
remain extremely rare across all models. This demonstrates
that temporal reasoning failures persist even with external
knowledge augmentation, confirming that the core limita-
tions stem from architectural inability to process discrete
temporal structures rather than knowledge gaps.

These findings demonstrate that current VLMs cannot
effectively process the discrete temporal modality defining
comics as a unique narrative medium.

4.7. Novel Narrative Evaluation Methodology

To comprehensively assess VLM narrative generation qual-
ity, we introduce a dual-framework evaluation system
building upon prior work (SCORE [37], AlStorySimilar-
ity [7]) but with several key innovations. Unlike binary or
pass/fail approaches, we introduce proportional penalty sys-
tems, minimum score thresholds, and state-based incremen-
tal evaluation, enabling fine-grained differentiation of narra-
tive quality. We systematically evaluate four core narrative
dimensions on a 0-100 scale: Character Development, Plot



Table 6. Best narrative evaluation achieved by Ovis2-16B.
Higher values indicate better performance except for StdDev ().

| Task | Overallt
Task 1 ‘ 28.36

Character?

31.27
32.00
32.00

31.76

Plott

27.27
28.00
28.00

27.76

SettingT

20.64
19.09
21.64

20.46

Best?

31.25
31.25
31.25

31.25

‘Worst

19.50
27.50
25.00

StdDev] |

3.44
153
2.44

247 |

Task 2 28.34
Task 3 28.70

28.47

| Average | 24.00

Structure, Setting/Atmosphere, and Thematic Coherence.
Score ranges provide clear quality differentiation from 90-
100 (Exceptional) to 0-9 (Completely inadequate), enabling
fine-grained comparison between models and revealing per-
formance gradients invisible to binary evaluation systems.
This represents the first penalty and score-based state met-
ric for narrative quality assessment.

4.8. Narrative Coherence Breakdown

We conducted comprehensive narrative analysis using
SCORE (Story Coherence and Retrieval Enhancement)
framework and strict narrative similarity analysis. Table 6
presents OVIS2-16B evaluation results across all three tasks
using our brutal narrative analyzer with penalties for narra-
tive inconsistencies as parameterized in the framework.

Results reveal systematic narrative failures across all
dimensions. With average overall score of 28.47/100,
OVIS2-16B demonstrates fundamental limitations in con-
structing coherent long-form narratives. Character develop-
ment (31.76/100) marginally outperforms plot construction
(27.76/100), while setting development shows severe defi-
ciencies (20.46/100). These findings confirm the discrete
temporal processing bottleneck identified earlier. SCORE
framework evaluation reveals VLMSs process manga pages
as isolated units rather than unified temporal narrative ele-
ments. Consistently low scores indicate current VLMs lack
architectural components for maintaining narrative coher-
ence across extended sequential contexts.

Narrative Depth Penalties. Our strict analyzer applies
harsh penalties for insufficient story development. Ob-
served scores reflect both poor narrative quality and fun-
damental inability to generate content with sufficient depth
for meaningful story construction. This aligns with char-
acter attribution findings, suggesting VLMs struggle with
hierarchical binding across multiple temporal contexts—a
core manga understanding requirement.

5. Conclusion

We present Re:Verse, a comprehensive benchmark for
evaluating VLMs on manga narrative understanding.
Through systematic analysis across story synthesis, char-
acter grounding, and temporal reasoning, we demonstrate
that current VLMs face fundamental challenges in process-
ing the discrete temporal structure of visual narratives.
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5.1. Key Contributions

Novel Benchmark Design. We introduce Re:Verse, the
first benchmark for chapter-length manga narrative under-
standing. Unlike existing benchmarks focusing on iso-
lated panels, Re:Verse features 308 annotated pages from
11 chapters with aligned narrative text, enabling systematic
evaluation of long-form story comprehension.

Comprehensive Evaluation. We conduct extensive
evaluation of 8 SOTA opensource VLMs across story syn-
thesis, visual-textual integration, and temporal reasoning.

Identification of Fundamental Limitations. We iden-
tify three critical bottlenecks: (i) character consistency
failures with 3-10x gaps in named entity recognition, (ii)
visual-textual integration bottlenecks with F1 scores below
0.34, and (iii) temporal reasoning degradation with 28.5%
accuracy on sequential understanding tasks.

Novel Evaluation Methodology. We introduce the first
penalty and score-based state metric for narrative quality
assessment, building upon SCORE [37] and AIStorySim-
ilarity [7] frameworks. Our dual-framework system pro-
vides quantitative differentiation between poor-quality out-
puts rather than binary assessment.

Quantification of the Inferent Gap. First quantitative
evidence for the inferent gap problem through intermediate-
page prediction, showing models paradoxically perform
better on 3-missing-page than 2-missing-page scenarios.

5.2. Impact and Future Directions

The systematic temporal reasoning degradation demon-
strates models lack discrete temporal processing mecha-
nisms necessary for narrative understanding. The Re:Verse
benchmark provides a foundation for future research in se-
quential visual narrative understanding, extending beyond
comics to other visual storytelling forms.

Broader Impact. This work represents a significant step
towards enabling contextual understanding of manga and
comics—culturally significant visual media that have been
underserved by the vision community. Our benchmark en-
ables development of context-aware applications for digi-
tal humanities research, creative assistance, and educational
tools that may meaningfully engage with visual narratives.

* Re:Verse will be distributed under the CC BY-NC 4.0 li-
cense, permitting use for strictly non-commercial purposes.
Access will be conditioned on explicit and mandatory ac-
ceptance of the license terms via a permission gate.

6. Limitations

While Re:Verse establishes a new frontier, primary con-
straint is the scarcity of source material, given the high de-
gree of narrative alignment between the Re:Zero manga and
its light novel, the labor-intensive process required to create
a high-fidelity dataset, ensures quality but limits its scale.
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