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Abstract

Panel layout plays a crucial role in how manga
pages convey narrative structure, influencing
pacing, emphasis, and reading flow. Despite its
importance, page-level layout has rarely been
the primary modeling target in computational
research. This paper investigates whether lay-
out structure can be inferred from panel con-
tent representations and how it supports geo-
metric layout generation. We compare visual
features extracted from panel images with tex-
tual descriptions generated by a large multi-
modal model, using a unified framework to pre-
dict hierarchical layout. Our analysis reveals a
consistent modality gap: visual representations
enable more reliable layout inference, while
textual descriptions provide weak structural
cues. Based on these findings, we propose
a two-stage framework: first predicting a lay-
out tree and then generating panel bounding
boxes conditioned on the predicted structure.
This structure-conditioned generation improves
geometric accuracy and degrades gracefully
when using predicted rather than ground-truth
trees. We also introduce Mangal09Caption, a
new dataset extending Mangal09 with panel-
level captions for 109 titles.Our programs and
datasets are available from [anonymous link].

1 Introduction

Manga are a multimodal medium where images,
text, and spatial composition shape narrative mean-
ing. A manga page is a organized sequence
that controls pacing, emphasis, and reader atten-
tion. Previous studies (McCloud and Martin, 1993;
Cohn, 2013) have shown that the layout of pan-
els—how they are spatially organized—plays a cru-
cial role in shaping narrative experience, influenc-
ing temporal progression, causality, and emphasis.

Despite its importance, panel layout has re-
ceived limited attention in computational research.
Most existing work on comic analysis focuses
on local tasks, such as speech balloon detec-

tion (Dubray and Laubrock, 2019), character iden-
tification (Sachdeva and Zisserman, 2024), or
speaker identification (Li et al., 2024), treating
page-level layout as a given rather than a mod-
eling target. Feng et al. (2025) shows that manga
can often be identified from its layout alone, in-
dicating that panel layout encodes work-specific
characteristics. Recent advances in manga gener-
ation have concentrated on panel-level image syn-
thesis (Wu et al., 2025). Even systems generating
full pages (Chen et al., 2024) treat layout genera-
tion implicitly, making it difficult to analyze how
page-level structure is determined. Most genera-
tion pipelines rely on textual descriptions that fo-
cus on narrative content—describing what happens
within panels or across a page. This raises the ques-
tion: do such descriptions provide sufficient cues
to determine how panels should be spatially orga-
nized—that is, whether page-level layout can be
recovered from panel content descriptions alone?

Recent advances in large multimodal models
(LMMs), such as LLaVA (Liu et al., 2023), GPT-
4V (Achiam et al., 2023), and Qwen-VL (Yang
et al., 2025), have significantly improved image-
to-text generation. These models produce detailed
captions for individual images. However, it re-
mains unclear whether such descriptions capture
the structural information necessary to organize
multiple panels into a coherent layout. Manga pro-
vide an ideal testbed for this issue, as their meaning
arises not only from panel content but also from
spatial relationships. If textual descriptions could
encode this structure, page organizations should
be recoverable from the text. We investigate this
by comparing how visual and textual modalities
support the inference of hierarchical organization
in manga page layouts.

Our experiments reveal a clear difference be-
tween visual and textual modalities in their ability
to support layout generation. Neither visual fea-
tures nor textual descriptions alone can directly



reproduce the spatial coordinates of a manga page.
However, when using visual features extracted
from panel images, even relatively lightweight
models can reliably infer an intermediate struc-
tural organization of the page, which in turn en-
ables the generation of geometrically coherent
and accurate layouts. In contrast, textual descrip-
tions that primarily focus on panel content—even
when produced by powerful large multimodal mod-
els—appear insufficient to reliably determine how
panels should be arranged within a page, which
makes direct text-to-layout generation challenging
in this setting.

Motivated by these observations, we propose a
two-stage framework for hierarchical manga lay-
out generation. In the first stage, the model pre-
dicts an intermediate structural representation from
visual features, capturing how panels are hierarchi-
cally organized on the page. In the second stage,
this structure guides the realization of concrete
page geometry, producing coherent panel arrange-
ments that respect the inferred organization. To
facilitate further research on the relationship be-
tween narrative modality and spatial composition,
we also introduce a new dataset derived from the
MangalQ9 corpus (Matsui et al., 2017; Aizawa
et al., 2020), which provides descriptive captions
for every panel and enables controlled comparison
between visual and textual modalities.

Our contributions are threefold:

* We empirically demonstrate that visual fea-
tures are more effective than content-oriented
textual descriptions in supporting the infer-
ence of manga page structure, highlighting
differences in how visual and linguistic modal-
ities encode narrative organization.

* We propose a structure-guided framework that
generates manga page layouts from sequences
of panel images through an explicit intermedi-
ate structural representation.

* We present Mangal(09Caption, a dataset
based on the Mangal09 corpus with panel-
level descriptive captions to support future
research on multimodal narrative and layout
understanding.

2 Related Work

2.1 Comics Computing

Research on computational approaches to comics
has expanded rapidly in recent years. Much of this

work has addressed low-level perception tasks such
as speech balloon detection (Rigaud et al., 2021;
Dubray and Laubrock, 2019) and optical character
recognition (Baek et al., 2022), which provide the
basic elements for higher-level analysis. At the nar-
rative level, studies have investigated key entities
in comics, including character recognition across
panels (Li et al., 2021) and speaker attribution for
dialogue balloons (Sachdeva and Zisserman, 2024;
Li et al., 2024). These tasks link visual and textual
elements to narrative entities, forming the basis
for modeling character interactions and story pro-
gression. While such directions have advanced the
analysis of existing comics, they remain primar-
ily concerned with decomposition and understand-
ing rather than the generation of new content. In
particular, layout generation—the mechanism that
controls pacing and visual flow—has received little
attention and remains largely unexplored.

2.2 Manga Generation

Recent advances in manga generation have
achieved impressive results in synthesizing high-
quality illustrations (Wu et al., 2025; Chen et al.,
2024). However, page-level layout is often not
explicitly modeled.

For example, Wu et al. (2025) demonstrates vi-
sually appealing manga generation and releases
the MangaZero dataset with panel-level captions.
However, their method requires users to manually
specify panel number, sizes, and positions, leaving
layout design outside the scope of the model.

Similarly, Chen et al. (2024) introduce the
Mangal09Story dataset and propose an end-to-end
story-to-manga generation framework based on dif-
fusion models. While their system generates full
manga pages, it does not explicitly represent layout,
making it difficult to analyze how layout decisions
are made. Additionally, the Mangal09Story dataset
is not publicly available.

Taken together, these works highlight that, de-
spite substantial progress in manga generation,
page-level layout has not been explicitly treated
as a primary generation target. In this work, we
focus on single-page manga layout generation as
an explicit objective, bringing panel arrangement
into direct modeling and evaluation.

2.3 Layout Generation in Other Domains

Layout generation has been extensively stud-
ied in domains such as user interfaces, docu-
ments, and posters. For example, the RICO
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Figure 1: Overview of the proposed two-stage manga page layout generation framework. Given an ordered sequence
of panels, the model first predicts a hierarchical layout tree that captures the global page structure, and then generates
panel bounding boxes conditioned on the predicted tree. (Love Hina © Ken Akamatsu)

dataset enables UI layout modeling from struc-
tured widget specifications (Deka et al., 2017),
and PubLayNet and DocBank provide large-
scale document layout annotations for template-
based or learned mappings (Zhong et al., 2019;
Li et al, 2020). In text-to-layout, models
like LayoutTransformer (Gupta et al., 2021),
Text2Layout (Takahashi and Kuriyama, 2024), and
two-stage pipelines that parse text before place-
ment (Liang et al., 2023; Lin et al., 2023) have
shown strong results on COCO, RICO, and Web5K.
More recently, LLM-based methods such as Lay-
outGPT (Feng et al., 2023), PosterLLaVA (Yang
et al., 2024), LayoutCoT (Shi et al., 2025), and
PosterO (Hsu and Peng, 2025) have achieved
state-of-the-art results on poster and advertising
benchmarks by generating content-aware layouts
through multimodal reasoning and exemplar re-
trieval. While these works demonstrate effective
layout modeling in constraint-rich domains, they
rely on explicit structural cues, which are often pro-
vided in document and UI generation. In manga,
however, layout structure emerges implicitly from
narrative progression and visual composition, mak-
ing the inference problem qualitatively different.

3 Method

3.1 Overview

We formulate manga page layout generation as a
two-stage problem: (i) structural induction and
(ii) geometric realization. Given an ordered se-
quence of N panels, we first predict a layout tree
that represents the page’s recursive partitioning,
and then generate bounding boxes conditioned on
the predicted tree. An overview of this process is
shown in Figure 1.

This separation enables the model to (a) capture
global page organization and (b) generate stable
panel coordinates, while allowing flexibility for
local refinement.

Let X = (x1,...,xy) denote panel-level input
features, where each x; is either a visual embedding
extracted from the i-th panel image or a textual
embedding derived from its caption. The model
outputs (1) a layout tree T for the full page and (2)
a set of panel bounding boxes B = {b;}¥,, where

b; = (xmim Ymin, Tmax, ymax)-

3.2 Layout Tree Representation

Following prior work (Cao et al., 2012) on manga
layout modeling, we represent a page layout as a
hierarchical structure induced by recursive spatial
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Figure 2: An example of recursive spatial subdivision
of a manga page (left) and the corresponding layout tree
representation (right). In this figure, only the right half
of the manga page is shown. The page is first divided
into left and right regions, and is then recursively parti-
tioned using vertical splits (R) and horizontal splits (C),
where each leaf node (P) corresponds to an individual
panel. (Love Hina © Ken Akamatsu)

subdivision. As shown in Figure 2, the root node
ROOT splits the page into two major regions, RIGHT
and LEFT, reflecting the organization of manga
pages. Within each region, the layout is recursively
partitioned by two types of internal nodes: R (row
split) and C (column split). Leaf nodes correspond
to panels, denoted by the token P.

To enable sequence modeling, we linearize
the layout tree as a bracketed pre-order traver-
sal, i.e., an S-expression over the vocabulary V =
{ROOT, RIGHT, LEFT,R, C,P, (,)}. The resulting to-
ken sequence is denoted as Y = (y1,...,yr). Un-
der our layout tree definition, leaf nodes are ordered
according to the panel reading order. As a result,
the k-th P token in Y corresponds to the k-th panel
in X, without requiring any additional alignment.
This enables seamless transfer of structural infor-
mation to the coordinate generation stage.

3.3 Sequence-to-Sequence Tree Generation

Problem formulation. We predict a layout tree
token sequence Y conditioned on the ordered panel
sequence X:

T
p(Y | X) =[] | y<t. X). (1
t=1
Encoder. We encode the panel sequence using a

bidirectional recurrent encoder. Each input feature
X; is projected into a shared hidden space, and a
BiLSTM produces contextualized representations
H = (hy,...,hy), which summarize both local
and global panel context.

Decoder. An autoregressive Transformer decoder
generates the tree token sequence by attending to
the encoder representations H at each step. The
model is trained using standard cross-entropy loss:

T

Liee ==Y logp(y; | v2, X), ()
t=1

where Y* denotes the ground-truth tree sequence.

Grammar-constrained decoding. To ensure
that predicted sequences correspond to valid layout
trees, we apply grammar-constrained decoding at
inference time. Specifically, we enforce: (i) well-
formed bracket structure (balanced parentheses),
and (ii) subtree-wise leaf-count consistency, such
that the number of P tokens assigned to each page
half (LEFT and RIGHT) matches the correspond-
ing number of input panels. These constraints are
implemented as a dynamic hard mask over the de-
coder’s next-token distribution, restricting gener-
ation to a finite-state grammar. As a result, every
decoded sequence can be deterministically parsed
into a valid layout tree.

3.4 Tree-Conditioned Coordinate Generation

Model. Given a predicted layout tree 7, we gen-
erate panel bounding boxes in a structure-guided
manner, followed by content-based refinement.

For each leaf panel, we derive a structural repre-
sentation that encodes its position in the recursive
subdivision hierarchy, including its split path and
relative structural attributes. These structural repre-
sentations are combined and processed by a Trans-
former encoder to model cross-panel dependencies
and produce a set of base bounding boxes:

Bbase _ festruct(z]-)’ (3)

where BPase — {B?ase}i]\il captures the global page
structure implied by the layout tree.

To account for local geometric variation, we
further apply a content-based refinement module.
Given panel content features X = (x1,...,Xn),
a second Transformer encoder predicts panel-wise
adjustments:

AB — fgontent(X)' (4)

The final panel bounding boxes are obtained by
combining the structure-based predictions with the
content-based adjustments:

B = B"*° + AB. (5)



This design allows the model to preserve global lay-
out consistency imposed by the predicted structure,
while flexibly adapting panel geometry to local
content cues.

Training objective. We train the model using a
regression loss based on intersection-over-union,
augmented with auxiliary losses:

Ecoord - )\iouﬁloU + )\11£Sm00thLl + /\resﬁresiduab
(6)

Using predicted vs. ground-truth trees. To iso-
late the effect of structural induction quality, we
evaluate coordinate generation under two condi-
tions: conditioning on ground-truth layout trees
and conditioning on predicted trees. This compar-
ison quantifies how errors in structure prediction
propagate to geometric realization.

4 Dataset: Mangal09Caption

4.1 Overview and Motivation

To investigate how visual and textual modalities
differ in their ability to support manga layout gen-
eration, we require a dataset that aligns panel im-
ages with descriptive textual captions. Such paired
data are scarce in existing public resources. While
the MangaZero dataset (Wu et al., 2025) provides
both panel bounding boxes and descriptive text, its
bounding boxes are automatically detected using
the Magi model (Sachdeva and Zisserman, 2024;
Sachdeva et al., 2024; Sachdeva and Zisserman,
2025), and often fail to precisely delineate the
true panel boundaries. In contrast, the Manga109
dataset (Matsui et al., 2017; Aizawa et al., 2020)
offers human-annotated panel bounding boxes, pro-
viding more reliable spatial information that better
suits our analysis. Although the Mangal(09Story
dataset (Chen et al., 2024) has enriched Mangal109
with panel-level captions generated by large multi-
modal models, it is not publicly available. There-
fore, to enable systematic study of how visual and
textual inputs relate to manga layout structures, we
construct a new dataset named Mangal09Caption,
which augments Mangal09 with automatically gen-
erated descriptive captions for every panel.

4.2 Dataset Construction

To pair panel images with textual descriptions, we
automatically generate narrative captions for the
Mangal(9 dataset. Specifically, we use LLaVA-
v1.6-34B (Liu et al., 2024) to describe the visual

content of each panel image. For each panel, the
model receives only the cropped panel image as
input and outputs a descriptive sentence in English
that focuses on depicted characters, actions, and
settings, while deliberately excluding any explicit
spatial or layout information.

We exclude four-panel (yonkoma) manga, as
their fixed layout structure differs substantially
from general manga pages.

In total, we generate captions for 109 manga
titles, covering 10,602 pages and 103,849 pan-
els, resulting in a large-scale paired collection of
panel images and textual descriptions. We split the
dataset at the title level into training, development,
and test sets with an 8:1:1 ratio.

S Experiments

We evaluate the proposed two-stage framework on
two tasks: (1) layout structure prediction and (2)
layout coordinate generation.

5.1 Experimental Setup

All  experiments are conducted on the
Mangal09Caption dataset introduced in Sec-
tion 4. Unless otherwise specified, textual
features are extracted using Sentence-BERT
all-MiniLM-L6-v2 (Wang et al., 2020), and visual
features are extracted using CLIP ViT-B/32 (Rad-
ford et al., 2021). Implementation details and
hyperparameters are provided in the appendix.

5.2 Evaluation Metrics

Layout structure prediction is evaluated using Tree
Edit Distance (TED) (Zhang and Shasha, 1989),
which measures the minimum number of edit oper-
ations required to transform a predicted layout tree
into the corresponding ground-truth tree. Lower
TED indicates closer structural similarity.

Layout coordinate generation is evaluated using
mean Intersection over Union (mIoU) (Evering-
ham et al., 2010), computed between predicted and
ground-truth panel bounding boxes. Higher mloU
indicates better geometric alignment.

5.3 Layout Structure Prediction

Task. Given an ordered sequence of panels on
a page, the task is to predict a hierarchical layout
tree that represents the recursive spatial subdivi-
sion of the page. We compare our sequence gener-
ation model against non-parametric baselines that
retrieve an existing layout tree from the dataset,
including random selection and k-nearest neighbor



Table 1: Main results for layout structure prediction.

Method  Input Modality TED |
Random - 0.40
kNN Text 0.40
kNN Visual 0.39
Ours Text 0.33
Ours Visual 0.21

Table 2: Analysis of input representations for layout
structure prediction.

Category  Input Variant TED |
Text Weak prompt 0.33
Visual CLIP ViT-L/14 0.20
Visual MAE ViT-B/16 0.20
Visual MAE ViT-L/16 0.18
Visual High-frequency only 0.19
Visual Low-frequency only 0.15

(kNN) retrieval based on either textual or visual
feature similarity. For fairness, both baselines re-
trieve candidate trees only from pages that have the
same number of panels in the left and right page
regions as the target page, rather than from the en-
tire dataset. These baselines assess whether layout
structure can be recovered from feature similarity
alone, without explicit structural modeling.

Main Results. We find that layout structure can
be inferred more reliably from visual features than
from textual descriptions, even when using the
same model architecture. Table 1 reports the quanti-
tative results. Text-based models achieve a limited
improvement over non-parametric baselines, indi-
cating that captions encode some weak structural
signals. However, this improvement remains sub-
stantially smaller than that obtained using visual
features, which lead to a much larger reduction in
tree edit distance.

5.4 Analysis of Input Representations

To better understand what types of information
support layout structure prediction, we analyze
different input representations while keeping the
model architecture fixed. In particular, we examine
whether the observed performance gap between vi-
sual and textual inputs is attributable to limitations
of the textual descriptions, or to the nature of layout
structure itself.

Caption Degradation. To assess whether the
limited performance of text-based models stems
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Figure 3: TED obtained using different layers of CLIP
ViT-B/32.

Figure 4: Examples of frequency decomposition applied
to a panel image: (a) original image, (b) low-frequency
component, and (c) high-frequency component. (Love
Hina © Ken Akamatsu)

from the quality or style of the captions, we eval-
uate a degraded caption setting in which captions
are generated using a weak prompt without summa-
rization constraints. Results are reported in Table 2.
Details of the degraded caption prompting strategy
are provided in Appendix A.2.

Visual Encoder Variants. To examine how dif-
ferent visual pretraining objectives affect layout
structure prediction, we compare alternative vi-
sual encoders, including CLIP ViT-L/14, which
is trained with contrastive objectives, and MAE-
based models (He et al., 2022) trained via masked
reconstruction (Table 2). We further analyze repre-
sentations extracted from different layers of CLIP
ViT-B/32 (Figure 3).

Frequency Decomposition. To disentangle
global geometric cues from local visual details, we
apply 2D Fourier decomposition to panel images
and evaluate models using only low-frequency or
high-frequency components (Table 2). Examples
of the resulting low- and high-frequency images
are shown in Figure 4.

Overall, these analyses indicate that the observed
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Figure 5: Coordinate generation results under three
settings: without layout tree conditioning, with ground-
truth layout trees (GT Tree), and with predicted layout
trees (Pred. Tree).

performance gap between visual and textual in-
puts cannot be explained solely by caption qual-
ity. Performance varies substantially across visual
representations—including different encoders, dif-
ferent CLIP layers, and low- vs. high-frequency
inputs—whereas the degraded-caption setting does
not materially change the text-based result.

5.5 Layout Coordinate Generation

Having established that layout trees can be reliably
predicted, we next evaluate panel coordinate gener-
ation conditioned on the inferred layout structure.

Quantitative Results

Figure 5 reports mloU under different conditioning
settings. Conditioning on ground-truth layout trees
yields a substantial performance gain, highlighting
the importance of explicit structural information
for coordinate generation. When predicted trees
are used at inference time, performance degrades
gracefully, indicating that errors in structural induc-
tion propagate to geometry.

Qualitative Analysis of Tree-Conditioned
Layouts

Figure 6 illustrates qualitative differences in pre-
dicted layouts. Without layout trees, global spatial
relationships between panels often collapse. In
contrast, tree-conditioned generation produces lay-
outs that respect page-level partitioning and yield
structurally coherent arrangements.

Figure 7 compares layouts generated using
ground-truth versus predicted layout trees. Errors

et

Figure 6: Qualitative comparison of panel coordinate
generation results for the same page: ground-truth lay-
out, prediction without layout tree conditioning, and
prediction conditioned on a layout tree.
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Figure 7: Comparison of coordinate generation results
conditioned on ground-truth layout trees and on pre-
dicted layout trees, for the same input page.

in structure prediction propagate directly to coordi-
nate generation, as the model follows the predicted
tree faithfully.

Failure Case Analysis

Figure 8 shows a representative failure case involv-
ing inset panel structures, where multiple small
panels are embedded within a larger one. The
current layout tree representation assigns identi-
cal structural paths to panels under the same parent
node, preventing explicit modeling of containment
and relative scale differences.

Beyond quantitative evaluation, the proposed
framework also enables page composition by ar-
ranging generated panel images according to the
predicted layout structure. An illustrative example
is shown in Appendix D.2.

6 Discussion

What information supports layout structure pre-
diction. A central finding of this study is that lay-
out structure prediction relies much more strongly
on visual representations than on content-oriented
textual descriptions. The caption degradation ex-
periment shows that weakening caption quality has
a limited impact on tree edit distance, suggesting
that panel content provides weak cues for recover-
ing page-level layout structure. This indicates that
layout organization is not strongly determined by
narrative content alone.

This observation is further supported by anal-
yses of visual representations. In the CLIP layer-



Ground Truth BBox Pred with Pred Tree

i T

10
00 02 04 06 08 10 00 02 04 06 08 10

Figure 8: Failure case of an inset panel layout. Green
regions mark inset panels in the ground-truth layout.
Due to the presence of inset panels, the predicted layout
fails to preserve the overall page structure observed in
the ground truth.

wise comparison, intermediate layers achieve lower
tree edit distance than higher layers, even though
higher layers are stronger for semantic alignment
between images and language. If semantic con-
tent were a primary factor in determining layout
structure, one would expect higher-layer features to
perform better; however, this trend is not observed
(Figure 3). Similarly, MAE-based visual features,
which are learned through masked image recon-
struction rather than contrastive vision—language
objectives, achieve performance comparable to or
slightly better than CLIP features, despite using
smaller model variants. These results suggest that
the effectiveness of visual features for layout struc-
ture prediction is not primarily driven by semantic
understanding of panel content.

The frequency decomposition analysis provides
complementary evidence. Low-frequency im-
age components consistently outperform high-
frequency components, indicating that layout struc-
ture prediction depends more on coarse visual in-
formation than on fine-grained details such as lo-
cal edges or textures. Taken together, these anal-
yses suggest that the information supporting lay-
out structure prediction is systematically present in
certain visual representations, but is only weakly
reflected in textual descriptions that focus on narra-
tive content.

Structure as an intermediate representation for
layout realization. The coordinate generation ex-
periments clarify the role of layout structure in
page-level layout modeling. Directly predicting
panel coordinates from visual or textual features
alone results in limited geometric accuracy, sug-
gesting that raw content representations are insuffi-
cient for reliable coordinate regression. In contrast,
conditioning coordinate generation on an explicit

layout tree substantially improves mloU, highlight-
ing the importance of an intermediate structural
representation.

These results indicate that layout trees provide
an effective interface between perceptual input and
geometric realization. By explicitly representing
how a page is recursively partitioned, the layout
tree constrains global panel organization while al-
lowing local geometric refinement during coordi-
nate prediction. The comparison between ground-
truth and predicted trees further shows that errors
in structure prediction propagate systematically to
geometry, underscoring the tight coupling between
structural induction and coordinate generation.

Implications for multimodal manga understand-
ing. Our findings have implications for multi-
modal modeling of manga and other visual narra-
tive media. While textual descriptions are effective
for conveying narrative content, they appear in-
sufficient for capturing page-level layout structure,
which plays an important role in how visual nar-
ratives are organized and read. For layout-centric
tasks in manga, representations that preserve spa-
tial organization and structural relations are there-
fore also crucial, in addition to representations op-
timized for semantic correspondence.

7 Conclusion

This paper studied manga page layout as a key
component of manga understanding. We explored
whether page-level layout structure can be inferred
from panel content representations and how this
structure supports geometric layout generation.

Our experiments show that layout structure pre-
diction relies much more on visual features than
on content-oriented textual descriptions. Analy-
ses, including caption degradation, visual encoder
variants, and frequency decomposition, reveal that
layout is weakly reflected in textual descriptions
but captured by visual representations.

We also demonstrated that explicit layout struc-
ture serves as an effective intermediate represen-
tation for coordinate generation. While direct re-
gression from content features is unreliable, con-
ditioning on a predicted layout tree significantly
improves layout realization.

Overall, our findings indicate that layout struc-
ture is a crucial intermediate representation for
manga page modeling and is primarily encoded
in visual features.



8 Limitations & Ethics

Limitations in Textual Representation Our
analysis of textual inputs primarily focuses on
content-oriented panel descriptions, which sum-
marize what happens within each panel. While this
approach reflects common captioning pipelines, it
does not exhaust the space of possible textual rep-
resentations. Textual descriptions that explicitly
encode spatial relations, layout cues, or authorial
intent may provide stronger signals for layout struc-
ture prediction, and we leave the exploration of
such representations to future work.

Limitations in Layout Tree Representation
The layout tree representation adopted in this study
has limited expressive power. In particular, it can-
not explicitly represent inset or nested panel struc-
tures, leading to characteristic failure cases in coor-
dinate generation. Extending the representation to
model containment, relative scale, or more complex
panel relations remains an open challenge.

Generalization to Other Comic Styles Our ex-
periments are conducted on the Mangal(09 dataset,
which reflects the conventions of manga—Japanese
comics. Whether the observed findings generalize
to other comic styles, such as Western comics or
web-based formats with different layout conven-
tions, requires further investigation.

Limitations in Evaluation Methodology Fi-
nally, while we demonstrate an end-to-end appli-
cation by composing generated panel images into
full pages, this demonstration is qualitative and
not systematically evaluated. A more comprehen-
sive assessment of page-level generation quality
and narrative coherence is beyond the scope of this
work.

Ethics We strictly adhere to the usage guidelines
set forth by the Mangal09 dataset, ensuring that the
manga used in this work is for academic purposes
only, with proper attribution to the authors. We
also do not redistribute the dataset to third parties
and comply with all terms of the usage agreement.
Furthermore, Al tools, such as those for translation
and writing assistance, have been employed to aid
in the composition and refinement of this paper.
We acknowledge these contributions transparently
to ensure the integrity of the research process.
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A Dataset Details

A.1 Mangal09Caption Construction

We construct Mangal09Caption by augmenting
the Mangal(09 dataset with panel-level captions.
Each caption describes the visual content of a panel
and is generated automatically using LLaVA-v1.6-
34B. No manual correction or post-editing is ap-
plied, ensuring that the captions reflect local panel
content without encoding page-level layout infor-
mation. These captions are used solely to derive
textual input features and do not contribute to any
language generation component.

A.2 Caption Prompting and Degradation
Strategy

To investigate the role of textual descriptions in
layout prediction, we generate captions under two
prompting conditions: normal and degraded.

(

Normal prompt: “Describe the scene in
one concise English sentence. Focus on
the actions of the characters, their sur-
roundings, and the overall atmosphere,
without unnecessary details.”

~

Degraded prompt: “Describe this panel
from a Japanese manga.”

The degraded prompt tests whether the lim-
ited performance of text-based models arises from
caption quality or from a fundamental mismatch
between content-oriented descriptions and layout
structure prediction.

Specific examples of captions generated under
the two conditions are illustrated in Figure 9. The
caption generated by the normal prompt includes
more context about the scene, including actions and
atmosphere, while the degraded prompt provides
only a brief description of the main elements.

B Layout Tree Construction

In constructing the layout tree of a manga page, the
main goal is to recursively partition the page into
distinct regions based on the panel bounding box
coordinates. This hierarchical structure is created
through a series of divisions based on the spatial
relationships between panels.

12

First, the page is divided into two major sections:
the RIGHT and LEFT regions, based on the center-
line of the page. Panels are recursively subdivided
based on their spatial relationships, first along rows
and then along columns, depending on their rela-
tive positions and overlap. This process generates
a layout tree that reflects the spatial organization of
the panels.

Inset panels, which are small panels contained
within larger ones, inherit the layout path of their
parent panel, ensuring that the hierarchy is main-
tained. Each panel’s layout path is recorded, which
allows the tree structure to be traversed and used
for coordinate generation.

C Model and Training Details

C.1 Model Architecture Diagram

Figure 10 shows the model architecture, detailing
the flow from input panels to bounding boxes via
the two-stage framework. The first stage predicts a
hierarchical layout tree, and the second generates
the panel coordinates.

The Base BBox Prediction stage takes two key
inputs: Tree Structure and Leaf Paths. Tree Struc-
ture encodes the panel’s position in the layout
tree as a three-dimensional vector, representing its
depth, sibling index, and sibling count. Leaf Paths
are strings indicating the panel’s exact location in
the tree, e.g., Root-RIGHT-R1-C2 for a panel in the
second column of the first row within the right sec-
tion. These inputs are passed into the transformer
encoder, which models the global structure and spa-
tial relationships to generate accurate coordinates.

C.2 Model Hyperparameters

Table 3 and table 4 the hyperparameters used for the
layout tree prediction model and panel coordinate
generation model.

Table 3: Hyperparameters for Layout Tree Prediction
Model.

Hyperparameter Default Value
Hidden dimension 256
Encoder layers 2
Decoder layers 4
Attention heads 8

FFN dimension 1024
Dropout 0.1




/
== Normal prompt: A person stands in front
of a large building with a traditional architectural
style, under a cloudy sky.

J

2¢ Degraded prompt:This panel from a
Japanese manga depicts a scene with a
character standing in front of a traditional
Japanese building. The building has a
distinctive architectural style, with a curved roof
and wooden structure, which is characteristic of
Japanese temples or shrines. The character is
facing the building, and there is a speech
bubble with Japanese text, which suggests that
the character is speaking or thinking. The
overall atmosphere of the panel is calm and
contemplative, with the character appearing to
be in a moment of quiet reflection or
anticipation. The art style is typical of manga,
with clean lines and a focus on the characters
and their environment.

Figure 9: Example of captions generated from normal and degraded prompts. The provides a concise
and accurate description, while the degraded prompt gives an overly detailed description, which can lead to the
inclusion of incorrect or unnecessary information. (Love Hina © Ken Akamatsu)

Table 4: Hyperparameters for Panel Coordinate Genera- 15 epochs and a minimum improvement threshold

tion Model. of 0.001. All experiments are conducted using a
Hyperparameter Default Value random seed of 42.
Structure encoder layers 4 C.4 BIiLSTM vs Transformer Encoder
Content encoder layers 2 Comparison
Hidden dimension 256
Attention heads (structure) 8 In the main experiment, the Layout Tree Prediction
Attention heads (content) 4 task used a BiLSTM encoder. However, we also
FFN dimension (structure) 1024 tested the performance of a Transformer encoder
FFN dimension (content) 512 for comparison. The BiLSTM encoder has approx-
Path encoder layers 2 imately 3.0M parameters, whereas the Transformer

encoder has around 4.5M parameters. Despite the
Transformer encoder having more parameters, it

C.3 Training Details

For the Panel Coordinate Generation model, the
training objective is based on a regression loss us-
ing intersection-over-union (IoU), augmented with
auxiliary losses. The full objective function is given
by Equation 6, where the loss weights used during
training are: Ajoy = 1.0, A;; = 0.5, and A\ = 0.5.
Both models use the AdamW optimizer with an
initial learning rate of 1le — 4. The learning rate for
the layout tree generation model is decayed using
a weight decay of 1le — 5, while for the bounding
box adjustment model, weight decay is set to 0.01.
Gradient clipping is applied with a threshold of 1.0.
Early stopping is implemented with a patience of
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showed a slight decrease in performance compared
to the BiLSTM encoder.

Table 5 summarizes the results of our compari-
son between the two encoders under various exper-
imental conditions:

We also tested the impact of CLIP layer-wise
features on the layout tree prediction, as shown in
Figure 11.

As shown in Table 5 and Figure 11, while the
Transformer encoder has more parameters, it per-
formed slightly worse than the BILSTM encoder
across most settings. This suggests that the BiL-
STM encoder, with its smaller architecture, might
be better suited for this task.
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Figure 10: Detailed architecture of the proposed two-stage framework. Left: layout tree prediction. Middle:
tree-conditioned base bounding box prediction. Right: coordinate refinement.

Table 5: Comparison of BiLSTM and Transformer En-
coder for Layout Tree Prediction. The values represent
TED results.

Setting BiLSTM  Transformer
Text(Base) 0.33 0.34
Visual(Base) 0.21 0.22
CLIP ViT-L/14 0.20 0.22
MAE ViT-B/16 0.20 0.20
MAE ViT-L/16 0.18 0.19
High-frequency 0.19 0.20
Low-frequency 0.15 0.15

D Additional Experimental Results

D.1 Additional Qualitative Results on
Mangal09

Figure 12, Figure 13, and Figure 14 illustrate the ap-
plication of the proposed manga layout generation
method on the Mangal09Caption test set. These
figures show two examples each from the top 20,
middle 20, and bottom 20 test instances with 6 or
more panels per page, selected based on their mIoU
scores. They demonstrate the framework’s perfor-
mance across different levels of accuracy in layout
generation.
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Tree Edit Distance (})

CLIP Layer

Figure 11: Comparison of TED performance using BiL-
STM and Transformer encoders across different layers
of the CLIP model for layout tree prediction.

D.2 Examples of Single Page Manga from
Generated Panels

Figure 15 presents a single-page manga created by
composing panels generated using BluePencilXL
3.10, based on the Stable Diffusion XL (SDXL)
architecture (Podell et al., 2023). It demonstrates
the application of our framework to synthetic panel
images. While not quantitatively evaluated, it high-
lights the framework’s ability to generate structured
manga layouts. The figure shows that our layout
generation method can be effectively combined
with existing image generation models to create
single-page manga.
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Figure 12: Two examples from the top 20 cases with the highest mIoU. The layout tree prediction results of
these examples match the ground truth exactly. As seen in these cases, the predicted layouts are very close to the
ground truth, confirming the effectiveness of our layout tree generation method. (Right: HinagikuKenzan ©Minene
Sakurano, Left: DollGun ©Tatsumasa Deguchi)

Ground Truth

Ny

Figure 13: Two examples from the middle 20 cases with moderate mloU. The layout tree prediction results of these
examples do not match the ground truth exactly, but the errors are relatively small. As seen in these cases, the
predicted layouts show some differences from the ground truth, but the overall panel structure is still recognizable.
(Right: HinagikuKenzan ©Minene Sakurano, Left: SonokiDeABC ©Kimi Takishiro)

Ground

Figure 14: Two examples from the bottom 20 cases with the lowest mIloU. The layout tree of the left example
deviates significantly from the ground truth, resulting in a low mloU, but the overall manga panel structure is still
recognizable. The right example is a typical inset panel case, where many small panels are embedded within a
large panel in the right half of the page. The current layout tree representation treats the paths of these panels as
identical, unable to capture the inherent relationship, leading to very poor coordinate prediction results. (Right:
YoumaKourin ©Jo Shimazaki&Tsukasa Takatsu, Left: Eval.ady ©Shii Gomi)

Figure 15: A single-page manga generated using BluePencilXL 3.10 based on the Stable Diffusion XL (SDXL)
architecture. The image illustrates how our layout generation framework can be applied to synthetic panel images
for creating structured manga layouts.
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