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Abstract

As the number of scientific papers continues to grow, there
is a demand for approaches that can effectively convey re-
search findings, with posters serving as a key medium for
presenting paper contents. Poster layouts determine how
effectively research is communicated and understood, high-
lighting their growing importance. In particular, a gap re-
mains in understanding how papers correspond to the lay-
outs that present them, which calls for datasets with paired
annotations at scale. To bridge this gap, we introduce Sci-
PostGen, a large-scale dataset for understanding and gen-
erating poster layouts from scientific papers. Our analy-
ses based on SciPostGen show that paper structures are
associated with the number of layout elements in posters.
Based on this insight, we explore a framework, Retrieval-
Augmented Poster Layout Generation, which retrieves lay-
outs consistent with a given paper and uses them as guid-
ance for layout generation. We conducted experiments un-
der two conditions: with and without layout constraints typ-
ically specified by poster creators. The results show that
the retriever estimates layouts aligned with paper struc-
tures, and our framework generates layouts that also sat-
isfy given constraints. The dataset and code are publicly
available at https://omron—-sinicx.github.io/
paper2layout/.

1. Introduction

The volume of research output has been increasing glob-
ally across disciplines, with the number of scientific pa-
pers continuing to grow over the long term [7, 8]. For
example, the number of monthly submissions to arXiv,
an open-access repository for scientific papers, increased
from 7,983 in August 2015 to 21,825 in August 2025",
As an enormous volume of research findings continues
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Figure 1. Overview of Retrieval-Augmented Poster Layout Gen-
eration: (a) Concept of our framework, where the layout retriever
searches the SciPostGen dataset for poster layouts aligned with a
given paper and provides them to the layout generator. (b) Exper-
imental conditions, automatic and semi-automatic generation. In
the semi-automatic setting, poster creators can optionally specify
partial layouts as layout constraints.

to be published each day, it has become difficult to keep
track of individual papers, highlighting the growing need
for systems that can efficiently summarize research out-
put [4, 5, 11, 14, 15, 36, 57]. One representative medium
is the scientific poster, which visually summarizes key re-
search findings and facilitates the communication of its
main points within a limited time [41, 45, 46, 56].

Generating posters from scientific papers has the po-
tential to help researchers keep up with the growing vol-
ume of research outputs. Achieving this requires address-
ing two complementary challenges: (i) a multimodal sum-
marization problem, which concerns deciding what paper
content should be included [23, 41, 49], and (ii) a lay-
out generation problem, which concerns deciding how pa-



per content should be arranged [45, 46]. Recent work
has mainly focused on (i) and determines poster layouts
using templates [23] or rules derived from paper struc-
tures [40, 52, 60]. As layouts play an important role in how
effectively the contents of papers are communicated and un-
derstood [26, 37], the value of generating and evaluating
layouts that align with papers has been recognized [53, 62].
In particular, a gap remains in understanding how papers
correspond to the layouts that present them, which calls for
datasets with paired annotations at scale.

To bridge this gap, we introduce SciPostGen, a large-
scale dataset that enables comprehensive analyses and
learning of relationships between scientific papers and
poster layouts. Existing poster generation datasets contain
only a few hundred paper—poster pairs, which are insuffi-
cient for studying such relationships in a data-driven man-
ner [45, 46, 52, 53, 56]. In contrast, SciPostGen has 18,097
paper-poster pairs. Each paper is annotated with OCR text
and bounding boxes of figures and tables, while each poster
includes layout annotations for elements such as text blocks,
figures, and captions. We created these annotations through
a combination of automatic processing and manual layout
correction, ensuring both scalability and quality.

Our analyses based on SciPostGen show that paper struc-
tures are associated with the number of layout elements in
their corresponding posters. In particular, the amount of text
and the number of figures and tables in a paper are moder-
ately related to the number of text and figure elements in the
layout. These layout elements show slight correlations with
the numbers and area coverage of their associated caption
and section elements. These findings suggest the possibility
of generating poster layouts from papers.

Building on this insight, we explore a framework,
Retrieval-Augmented Poster Layout Generation, which re-
trieves multiple layouts consistent with a given paper to
accommodate the diversity observed in poster layouts, as
shown in Figure la. The layout retriever searches for
layouts aligned with paper structures by learning relation-
ships between papers and layouts through contrastive learn-
ing [10, 47]. Following recent work on layout gener-
ation [18, 31, 50], we employ a large language model
(LLM) [38] as the layout generator to flexibly integrate
diverse information, including retrieved results and paper
structures.  Additionally, our framework supports user-
specified partial layouts used as layout constraints, as in [ 16,
30].

We evaluated our framework under two experimental
conditions: automatic and semi-automatic poster genera-
tion settings, in which poster creators can provide layout
constraints, as shown in Figure 1b. In the semi-automatic
setting, we simulate a practical workflow in which a creator
places the main layout elements, and the system completes
the remaining elements. To implement these constraints,
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we take the two largest elements from a gold layout and

use them as layout constraints. Our experiments show that

the layout retriever alone can estimate layouts aligned with
paper structures. Furthermore, our qualitative analysis sug-
gests that our framework can refine retrieved layouts and
produce layouts that are both consistent with paper struc-
tures and faithful to layout constraints.

The main contributions of this paper are as follows:

. We introduce the SciPostGen dataset, which surpasses
existing datasets in scale and provides detailed annota-
tions for paper and poster layout.

. Through analyses using SciPostGen, we clarify that pa-
per structures are associated with the number and types
of poster layout elements.

. We explore the Retrieval-Augmented Poster Layout
Generation framework as a use case of SciPostGen.

. Our technical contribution lies in introducing a layout re-
triever that reflects the paper-to-layout relationships sug-
gested by our analyses.

2. Related Work

Scientific Poster Generation. Driven by recent advances
in LLMs, research on automatic poster generation from sci-
entific papers has focused on LLM-based frameworks for
generating poster content [23, 40, 52, 60]. For instance,
[40] incrementally generates poster content, yet its layout
generation still relies on pre-defined rules. This tendency
is also observed in other studies [23, 52, 60]. Our study
focuses on generating poster layouts from scientific papers
and highlights aspects less explored in existing work, which
primarily emphasizes the multimodal summarization task.

Several datasets linking scientific papers with their cor-
responding posters have been developed, which can be used
for poster layout generation [45, 46, 52, 53, 56, 62]. Early
studies annotated correspondences between section, figure,
and table counts in papers and coarse panel arrangements
in posters [46, 56]. More recently, [53] has provided fine-
grained annotations of poster layouts and a scheme. How-
ever, because of the high labor cost of such annotations,
the number of paper—poster pairs with comprehensive pa-
per and layout annotations remains limited to only a few
hundred®. To address this limitation, we constructed Sci-
PostGen, a dataset that combines automatic annotation with
manual layout correction to achieve both high-quality lay-
out evaluation and scalable data collection.

Layout Generation. Previous studies have explored lay-
out generation in design domains such as web user in-
terfaces [12], advertising posters [19], and document lay-
out [61]. The layout generation task is typically categorized

2 Although [49] contains around 16k paper—poster pairs, only poster
images and paper abstracts are available.



[E OCR Text
- +
[« Fig. / Tab. BBoxes

Ql

Paper Annotations

-)

Poster Silver Layout Gold Layout

1. Automatic Annotation 2. Manual Correction

Figure 2. Annotation pipeline of SciPostGen: Paper and poster
from [13], licensed under CC BY-SA 4.0.

based on whether user-specified layout constraints [1, 27,
30], such as the number of layout elements [27] or partial
layouts [30]. Across both settings, typical layout genera-
tion methods — based on GANs [25, 27, 28], Transform-
ers [16, 24], or Diffusion models [9, 21, 22] — take explic-
itly defined input representations to generate layouts. In
contrast to these methods, recent LLM-based approaches
have demonstrated the ability to flexibly interpret unstruc-
tured inputs [18, 31, 50]. Motivated by these developments,
we employ an LLM to integrate retrieved layouts and paper
structures within our framework.

Retrieval-Augmented layout generation approaches have
also been explored, where existing layout designs are re-
trieved and used to guide or constrain layout generation [17,
55]. For instance, [17] retrieves advertising poster layouts
by treating the background image as a key cue that deter-
mines layout structure. Such approaches leverage the diver-
sity of existing layouts by retrieving multiple designs and
conditioning a subsequent layout generator on them. In the
context of scientific poster layout generation, we view a pa-
per as an implicit factor that conditions its layout. Build-
ing on these perspectives, we explore a retrieval-augmented
framework. SciPostGen enables this through large-scale
paired annotations of papers and poster layouts.

3. SciPostGen Dataset

We constructed SciPostGen, a large-scale dataset consisting
of 18,097 pairs of scientific papers and their correspond-
ing posters. SciPostGen includes pairs collected from ma-
jor computer science conferences and covers both landscape
and portrait poster formats. The copyrights of collected pa-
pers and posters belong to the respective conferences and/or
authors. To avoid copyright issues, we release only down-
load scripts for original paper PDFs and poster images, to-
gether with corresponding annotation files.

3.1. Annotation Overview

SciPostGen provides comprehensive annotations for both
papers and posters. Each paper is annotated with OCR
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text and bounding boxes (BBoxes) for figures and tables,
while each poster is annotated with BBoxes for its layout
elements. We created these annotations through automatic
processing for dataset scalability, followed by manual cor-
rection applied to a subset of layout annotations to ensure
the quality of the evaluated layouts.

Following previous work [53], we defined eight cate-
gories of poster layout elements as follows:

* Title: main title area of a poster.

* Author Info: areas of author names and affiliations.
Section: section title areas.

Text: paragraph areas merged into one BBox.

List: list areas including bullet and numbered items.
Table: table body areas.

Figure: figure body areas.

Caption: caption text areas for tables and figures.

We excluded advertising information and institutional
logos from the layout annotations, since they are not related
to the content of papers.

3.2. Data Construction

We collected paper—poster pairs from the official websites
of four major computer science conferences, CVPR, ICLR,
ICML, and NeurIPS. Figure 2 illustrates the annotation
pipeline of SciPostGen, which consists of two stages: an au-
tomatic paper—poster annotation process and a manual lay-
out correction process.

Automatic Paper-Poster Annotation. We generated pa-
per and poster annotations using Nougat [6], an OCR
model for scientific documents, and Azure Document In-
telligence’, a commercial document analysis system. For
papers, we used an OCR model to convert PDF files into
Markdown text and obtained figure and table BBoxes from
Azure Document Intelligence. For posters, we used Azure

3https : / / azure . microsoft . com / products / ai —

services/ai-document-intelligence
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Figure 4. Correlation analyses between paper structures and poster layouts in SciPostGen test split: Higher absolute Spearman’s coefficients
(|p|) indicate stronger correlations. “List” was merged into the “Text,” as they represent continuous textual content. “Title” and “Author
Info” were excluded since each usually appears only once per poster.

Document Intelligence to detect layout elements. We then
applied rule-based post-processing, such as merging adja-
cent text regions and removing noisy areas. At this stage,
we annotated five categories: Title, Section, Text, Table,
and Caption, which we denote as the silver layouts*.

As aresult of these processes, we obtained a dataset con-
sisting of 15,710 training pairs and approximately 2,400
pairs for validation and testing. To reduce bias across con-
ferences, validation and test splits were randomly selected
to maintain balance among conferences.

Manual Poster Layout Correction. We manually col-
lected the silver layouts for the validation and test splits by
professional annotators. During this process, the silver lay-
outs were refined to produce gold layouts, where layout el-
ements that had been automatically detected as “Text” were
further divided into “Author Info,” “List,” and “Text.” After
excluding a few samples that were difficult to correct, we
obtained 399 validation pairs and 1,988 test pairs.

3.3. Statistics and Analysis

Gold Layout vs. Silver Layout. We confirmed the differ-
ences between the silver and gold layouts using statistics of
poster layout elements. As shown in Figure 3, section ele-
ments occupy a larger proportion in the train split, while fig-
ures and tables are more frequent in the valid and test splits.
Captions are more common in the train split, whereas text
elements appear more often in the valid and test splits.

4Azure Document Intelligence could not detect “Author Info” and
“List” categories.
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Reliability of Silver Layout Annotations. To verify
the consistency between the silver and gold layouts, we
grouped layout elements into three categories: figures, ta-
bles, and other text elements. We then computed the mean
Average Precision across IoU thresholds between 0.50 and
0.95 at intervals of 0.05. The resulting score was 0.53,
which corresponds to a moderate level of agreement com-
monly observed in object detection benchmarks [32, 48].
Based on this result, we consider that the layouts in the Sci-
PostGen train split have sufficiently high annotation quality
for training purposes.

Assessing Paper Structure and Layout Relationships.
We quantitatively evaluated how paper structures relate to
poster layouts using structural element-level features ex-
tracted from each pair. On the paper side, we used features
derived from OCR text length and the number and size of
figures and tables. On the layout side, we used those derived
from the number and size of sections, figures, captions, and
text—list elements. We then computed Spearman rank cor-
relation coefficients between the paired features using the
SciPostGen test split, which provides manually corrected
annotations and a sufficient number of samples for reliable
correlation analysis.

Figure 4a shows that paper structures, including text
amount and the number of figures and tables, are moder-
ately associated with the number of text, figure, and table
elements in poster layouts. For instance, papers with more
text are commonly associated with layouts containing fewer
figure elements, and vice versa, reflecting negative corre-
lations between paper text amount or figure count and the
corresponding layout figure or text area (p < —0.40).
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Figure 5. Overview of the Retrieval-Augmented Poster Layout Generation framework under the automatic setting.

Co-occurrence Patterns Among Layout Elements. As
shown in Figure 4b, caption elements show moderate pos-
itive correlations with figures (p > 0.40), while section
counts exhibit weak positive correlations with textual ele-
ments (p = 0.19) and weak negative correlations with fig-
ure area (p = —0.20). Taken together with the results in
Figure 4a, these patterns indicate that sections and captions
show no clear associations with paper structures. However,
they exhibit slight to moderate correlations with major lay-
out elements such as text and figures. This suggests that
paper characteristics may influence sections and captions
indirectly through those major elements.

4. Methodology

Figure 5 shows our Retrieval-Augmented Poster Layout
Generation framework, which consists of a layout retriever
that searches for layouts aligned with a given paper and an
LLM-based layout generator that produces a layout. In this
section, we describe the automatic poster generation setting,
where a layout is generated directly from a given paper. The
semi-automatic setting with layout constraints is introduced
in Section 5.1.

4.1. Task Definition

We address the task of generating poster layouts from sci-
entific papers. Given a paper, the goal of this task is to
output a poster layout L = {(c1,by) - - - }, where ¢ denotes
a layout element category and b € [0, 1]* represents a nor-
malized BBox. The input to the retriever is a sequence of
n, page images converted from a paper PDF. Each page is
represented as an RGB image XP € R *H*XWX3 \where
H and W denote the height and width of each page. Paper
structure can serve as auxiliary input to the layout gener-
ator, providing constraints such as the number of sections
and the aspect ratios of figures and tables.
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4.2. Our Framework

We first train the layout retriever with a contrastive learning
objective [10, 47], where corresponding paper and layout
pairs are treated as positives and other samples within the
batch as negatives. During inference, the retriever uses a
paper in test split to retrieve the top-3 layouts L from train
split using cosine similarity. The layout generator then takes
the retrieved layouts along with their corresponding paper
structures as input to generate a layout.

4.2.1. Layout Retriever

The layout retriever consists of a paper encoder and a layout
encoder, which are trained to retrieve layouts L aligned with
given paper pages XP.

Paper Encoder. Given a sequence of paper pages X?, the
paper encoder outputs a d-dimensional paper embedding
xP € R? for layout retrieval, where d denotes the embed-
ding dimension. Each page is first processed by a docu-
ment image transformer, DiT [29], pretrained on document
images, to extract patch-level features’. We apply attention
pooling twice: the first stage aggregates patch-level features
within each page, and the second stage aggregates the page-
level features across the entire paper. Finally, we pass the
aggregated features through a two-layer MLP to obtain the
paper embedding xP.

Layout Encoder. Given a layout RGB image X! ¢
RIXWX3 the layout encoder outputs a layout embedding
x! € R4 for layout retrieval, where H and W are the same
as for paper pages®. The layout encoder is designed with

SWe tested LayoutLMv3 [20], which jointly encodes document images
and OCR tokens. However, we found it computationally inefficient for
contrastive learning.

SFollowing existing work [20], we experimented with using layout an-
notations L directly as input. However, this approach showed lower re-
trieval performance compared to using images, such as X*.



an architecture similar to that of the paper encoder, con-
sisting of a DiT backbone, attention pooling, and an MLP.
While both encoders follow a similar processing flow, the
paper encoder uses two-stage attention pooling for multi-
page aggregation, whereas the layout encoder applies one-
stage pooling to a single layout image to obtain x'.

Loss Fuction. We train the layout retriever using a con-
trastive loss. Given a batch of N paper embeddings x? and
layout embeddings xé, the loss is defined as follows:

Z log

=1

exp(sii)

p (sij)

(D
Zj:l €xp

_ cos(x? ,x;)

where s;; - denotes the cosine similarity be-
tween x! and xé-, scaled by a temperature parameter 7, and
_ )7

Pl
cos(xf,x%) = FATAR

J

4.2.2. Layout Generator

The layout generator uses an LLM [38] to generate a layout,
taking as input the retrieved layouts and the corresponding
paper structures. In particular, these inputs are converted
into HTML format [31, 43, 50] to construct prompts for the
LLM, which then produces three layout candidates. Fol-
lowing prior work [31], we select the top-1 layout based
on reference-free metrics [28], including overlap and align-
ment, as well as maximum IoU [25] (Max. IoU).

5. Experiments

5.1. Experimental Setup

Experimental Conditions. We consider two conditions:
Automatic poster generation, where no layout constraints
are given and a poster layout is generated directly from a
paper; and Semi-automatic poster generation, where lay-
out constraints are additionally provided as input to our
framework. The semi-automatic setting simulates a prac-
tical workflow in which a creator places the main layout
elements and the system completes the remaining elements.
To define these constraints, we take the two largest elements
from a gold layout and use them as layout constraints.

Compared Approaches. We compare our retriever to two
baselines under the automatic and semi-automatic settings.
In the automatic setting, we randomly select three layouts
from the retrieval pool without using the layout retriever,
referred to as Random 3-Samples. This baseline reflects
the behavior of our framework when the retriever is dis-
abled. In the semi-automatic setting, we retrieve 15 layouts
from the retrieval pool based on Max. IoU similarity to the
partial layouts and use the top three layouts as a baseline,
referred to as Max. IoU Top-3. We compare this baseline
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with re-ranking by the retriever of Max. IoU top-15 layouts
to examine whether the retriever improves layout quality.

We compare our framework, including the generator, to
examine the role of paper structures as auxiliary inputs. In
particular, we examine how these inputs influence the gen-
erated layouts compared to predictions obtained from the
retriever alone. Note that a partial layout is additionally pro-
vided to the generator in the semi-automatic setting.

Evaluation Metrics. We evaluate predicted layouts by
measuring BBox overlap and element count consistency,
as poster layouts often contain many elements, for which
count matching provides an insight into layout quality. For
BBoxes, we use mean IoU (mloU), which is commonly
used in layout generation tasks [2, 34] to measure the agree-
ment between predicted and gold layouts’.

For element counts, we use LTSim [39], which partially
captures element type-level count consistency through IoU
matching. However, since LTSim does not provide an in-
tuitive interpretation of element count consistency, we in-
troduce two complementary metrics, T'Cyeqn and TCgq,
where T'C' stands for type-count. These metrics quantify
the mean and standard deviation of per-category differences
in element counts, which we formalize below.

Let K be the set of element categories, and let ci(’ld and
c",;md denote the number of elements in category k € K
for a gold layout and a predicted layout, respectively. We
define T'Cheqn and T'Cyiq as follows:

1

T mean — J1-| A 0y 2
Cmean = T > A )

kK

1
Tcstd = ﬁ Z (Ak - Tcmean)Q; (3)
keK

where Ay = 7?4 — 27 denotes the difference between

the number of elements in the gold and predicted layouts for
each category. A positive T'C,,., indicates that the gold
layout contains more elements than the predicted layout on
average, whereas a negative value means that the predicted
layout contains more. 1'Cy;4 captures how uniformly these
differences are distributed across element categories.

5.2. Results under the Automatic Setting

Table | shows results under the automatic setting, where
(a) and (b) correspond to results obtained using GPT-5 and
GPT-5-mini as the layout generator, respectively.

We focus on the case where paper structures are not pro-
vided as input (Approaches 2, 4, 6, and 7). When the re-
trieved layouts were used as prompts for the generator, the

7 Although Max. ToU is also widely used in layout generation tasks [31,
53]. We use mean IoU for fairness, since the generator uses Max. IoU.



# Approach ‘ mloU1 LTSimT TC,can — TCsial
1 Random 3 Samples (Avg.) | 0.122 0.637 -0.548 3.643
2 < w/o Paper Structures 0.140 0.651 0.446 2.905
3 Retrieved Top-3 (Avg.) 0.145 0.651 -0.057 2.965
4 — w/o Paper Structures 0.151 0.655 0.619 2.794
5 < w/ Paper Structures 0.159 0.642 0.228 3.128
(a) GPT-5
# Approach | mIoUt  LTSim? TCpan — TCota |
1 Random 3 Samples (Avg.) 0.122 0.637 -0.548 3.643
6 — w/o Paper Structures 0.138 0.640 0.384 2.958
3 Retrieved Top-3 (Avg.) 0.145 0.651 -0.057 2.965
7 < wlo Paper Structures 0.145 0.645 0.609 2.832
8 <> w/ Paper Structures 0.148 0.630 -0.759 3.638

(b) GPT-5-mini
Table 1. Comparison of approaches under the automatic gener-
ation setting. Highlighted values show improvements over re-
trieved results.

generated results outperformed those obtained with Ran-
dom 3-Samples in terms of mloU, LTSim, and T'Cl;4. This
finding suggests that, in LLM-based poster layout genera-
tion, higher-quality example layouts in prompts lead to bet-
ter generated layouts.

We then compare results from the retriever alone with
those obtained when its top-3 layouts are used as prompts
for GPT-5-based generation (Approaches 3 and 4). Com-
bining the retriever with GPT-5 produces layouts that are
closer to the gold layouts and show smaller variance across
element categories, resulting in improvements in mloU, LT-
Sim, and T'C;4, as shown in Table 1a. However, TC},can
shows a degradation, indicating that generated layouts tend
to include more elements than gold layouts.

When paper structures were additionally provided as
auxiliary inputs to the generator (Approaches 4, 5, 7, and 8),
GPT-5 achieved further improvements in mloU compared
with the setting without paper structures, as shown in Ta-
ble la. In contrast, Table 1b shows that this improvement
was not clearly observed when using GPT-5-mini. These re-
sults suggest that a more capable LLM used as the generator
can more effectively leverage paper structures.

5.3. Results under the Semi-Automatic Setting

Table 2 shows results under the semi-automatic setting. We
compare Max. IoU Top-3 and the case where layouts are
re-ranked by the retriever (Approaches 1 and 3). When the
Max. IoU top-15 layouts were re-ranked by the retriever all
evaluation metrics improved. In particular, the notable im-
provements in 7'Cl,cqr and T'Cyyq indicate that the retrieval
module tends to select layouts that are more balanced across
element categories and have a more appropriate number of
elements similar to the gold layouts.

We compare the conditions where layout constraints are
provided with and without additional paper structures (Ap-

# Approach ‘ mloU7T LTSim7T TC,ean — TCsal
1 Max. IoU Top-3 (Avg.) 0.192 0.658 0.297 3.003
2 <> w/ Paper Structures | 0.235 0.668 0.717 2.931
3 Retrieved Top-3 (Avg.) 0.196 0.662 0.194 2.873
4 < w/o Paper Structures | 0.231 0.670 1316 2.824
5 < w/ Paper Structures | 0.238 0.668 0.664 2.941
(a) GPT-5
# Approach ‘ mloU7T LTSim7T TC,can — TCsal
1 Max. IoU Top-3 (Avg.) 0.192 0.658 0.297 3.003
6 < w/ Paper Structures | 0.211 0.642 -0.712 3.558
3 Retrieved Top-3 (Avg.) 0.196 0.662 0.194 2.873
7 < w/o Paper Structures | 0.225 0.659 1.526 2.836
8 < w/ Paper Structures | 0.215 0.643 -0.659 3.527

(b) GPT-5-mini
Table 2. Comparison of approaches under the semi-automatic
generation setting, where allows layout constraints as inputs.
Highlighted values show improvements over retrieved results.
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mloU: 0.13, TC std: 2.26 mloU: 0.04, TC std: 2.21

Max. loU Top-1 Retrieved Top-1 Gold Layout

(b) Top: from [33]; Bottom: from [3]

Figure 6. Examples of retrieved results under the (a) automatic
and (b) semi-automatic settings

proaches 4, 5, 7, and 8). As shown in Table 2, a notable
improvement in mIoU was observed only when GPT-5 was
used as the generator. This trend is consistent with the pat-
tern observed under the unconditional setting.
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Figure 7. Examples of generation results under the (a) automatic
and (b) semi-automatic settings

5.4. Qualitative Analysis and Discussions

Retrieved Results. Figure 6 presents examples of the re-
trieved layouts. As shown in Figure 6a, the retrieved layouts
are largely consistent with the gold layouts in terms of the
number of text, figure, and table elements. Notably, even
for CVPR papers, which tend to include more figures than
papers from other conferences, the retrieved layouts show
a comparable number of layout elements to the gold ones.
This example suggests that the retriever is not significantly
affected by biases inherent to specific paper formats.

When a single-authored paper was used as input, the gold
layout showed a small proportion of the poster canvas oc-
cupied by the “Author Info” category. In this case, two out
of the top-3 retrieved layouts were consistent with the gold
layout. These findings from Figure 6a indicate that the re-
triever alone can appropriately retrieve layouts that re-
flect the structures of input papers.

We compare examples between Max. IoU Top-3 and
layouts re-ranked by the retriever. The upper part of Fig-
ure 6b shows a successful example of re-ranking. Owing
to the characteristics of the retriever mentioned above, the
retriever selected a layout consistent with the input paper
and satisfying the given layout constraint, leading to im-
provements in both mloU and T'C;4. Specifically, the re-
trieved layout corresponds to a gold layout that contains a
few figures and a single table. The lower part of Figure 6b
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shows an error case of re-ranking, where applying the re-
triever caused the layout constraints to be violated. This
type of layout, which allows greater flexibility in element
arrangement, rarely appears in the retrieval pool, which cor-
responds to the SciPostGen train split, making it difficult for
the retriever alone to select an appropriate layout.

Generation Results. Figure 7 presents examples of
poster layouts generated by our framework. The upper part
of Figure 7a shows a case where the retrieved layouts con-
tributed to the generator, resulting in improved quality of
the generated layouts. At the retrieval stage, the text block
in the upper-left and the table on the right closely matched
those in the gold layout. When the paper constraints were
additionally provided, multiple figures with aspect ratios
consistent with the gold layout were added in the center.

The lower part of Figure 7a shows an error case where
adding the paper constraints degraded the generation qual-
ity. At the retrieval stage, results included regions like the
title and author information that matched those in the gold
layout. However, when the paper constraints were provided,
these elements were excluded from the generated layout.

Figure 7b demonstrates examples where the generator
successfully produced layouts that satisfied the given lay-
out constraints. Although the re-ranked layouts from the re-
triever did not fully meet the specified constraints, reapply-
ing the constraints to the generator resulted in final outputs
that reflected them appropriately. These results suggest that
the generator complements the retrieved layouts, thereby
enabling our framework to produce layouts aligned with
paper structures and faithful to layout constraints.

6. Conclusion

We addressed the problem of understanding and generating
poster layouts from scientific papers by constructing Sci-
PostGen, a large-scale dataset of paired papers and poster
layouts. SciPostGen enables systematic analysis and learn-
ing of relationships between papers and layouts, as well
as reliable evaluation of poster layout generation. Build-
ing on this dataset, we explored a Retrieval-Augmented
Poster Generation framework. Our analyses and experi-
ments showed that paper structures are associated with the
number of layout elements in posters, and that the layout
retriever can estimate layouts aligned with these structures.
Furthermore, our qualitative analysis suggested that our
framework can refine retrieved layouts according to layout
constraints typically specified by poster creators. By intro-
ducing SciPostGen, we aimed to bridge data-driven under-
standing and the generation of poster layouts from scientific
papers. We hope that our work will serve as a foundation
for future studies on the generation of scientific posters.
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