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Abstract

Academic poster generation is a crucial yet challenging task in scientific commu-
nication, requiring the compression of long-context interleaved documents into a
single, visually coherent page. To address this challenge, we introduce the first
benchmark and metric suite for poster generation, which pairs recent conference
papers with author-designed posters and evaluates outputs on (i) Visual Qual-
ity—semantic alignment with human posters, (ii) Textual Coherence—language
fluency, (iii) Holistic Assessment—six fine-grained aesthetic and informational
criteria scored by a VLM-as-judge, and notably (iv) PaperQuiz—the poster’s
ability to convey core paper content as measured by VLMs answering generated
quizzes. Building on this benchmark, we propose PosterAgent, a top-down, visual-
in-the-loop multi-agent pipeline: the (a) Parser distills the paper into a structured
asset library; the (b) Planner aligns text–visual pairs into a binary-tree layout
that preserves reading order and spatial balance; and the (c) Painter–Commenter
loop refines each panel by executing rendering code and using VLM feedback to
eliminate overflow and ensure alignment. In our comprehensive evaluation, we find
that GPT-4o outputs—though visually appealing at first glance—often exhibit noisy
text and poor PaperQuiz scores, and we find that reader engagement is the primary
aesthetic bottleneck, as human-designed posters rely largely on visual semantics to
convey meaning. Our fully open-source variants (e.g., based on the Qwen-2.5 series)
outperform existing 4o-driven multi-agent systems across nearly all metrics, while
using 87% fewer tokens. It transforms a 22-page paper into a finalized yet editable
‘.pptx’ poster — all for just $0.005. These findings chart clear directions for the
next generation of fully automated poster-generation models. The code and datasets
are available at https://github.com/Paper2Poster/Paper2Poster.

1 Introduction

Academic posters play a pivotal role in scientific communication, enabling rapid dissemination of key
findings at conferences where attendees have only minutes to grasp core insights from the full papers.
Despite significant progress in automated slide generation – with systems such as PPTAgent [37] and
D2S [29] pioneering text-to-slide pipelines – poster creation [33, 30, 3] remains an underexplored
and substantially more challenging task. Unlike slide decks, which distribute content across multiple,
single-message slides, academic posters must condense an entire paper into a single, visually coherent
page. This requires (i) handling a much longer multi-modal context [24], (ii) tightly interleaving
text and graphics to convey complex ideas at a glance [33, 3], and (iii) respecting stringent spatial
constraints to avoid text overflow or layout collapse [10, 30]. These factors make VLM- or LLM-only
approaches insufficient: without explicit visual feedback like humans, it is difficult to reason about
spatial layouts, maintain logical flow within a confined canvas, ensuring legibility and aesthetic.

To systematically evaluate poster generation, we propose the Paper2Poster Benchmark, the first
benchmark and metric suite for this novel task. Our benchmark comprises recent conference papers
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Figure 1: Overview of this work. We address two core challenges in scientific poster generation:
Left: How to create a poster from a paper—we propose PosterAgent (Sec. 4), a framework that
transforms long-context scientific papers (20K+ tokens) into structured visual posters; and Right:
How to evaluate poster quality—we introduce the Paper2Poster benchmark (Sec. 3), which enables
systematic comparison between agent-generated and author-designed posters.
paired with author-designed posters, along with a human-and-model evaluation protocol that measures
(i) Visual Quality — how well the generated poster aligns visually with the human-designed version.
(ii) Textual Coherence — the clarity and fluency of the poster’s language. (iii) Holistic Assessment
— the overall aesthetic and informational quality, rated across six fine-grained dimensions by VLM
as Judge. Notably, (iv) PaperQuiz — motivated by the poster’s role as a bridge between authors
and readers, this metric evaluates how effectively the poster alone conveys core paper content by
simulating diverse reader comprehension using VLMs to answer questions derived from the paper.

To tackle multimodal context compression in Paper2Poster, we introduce PosterAgent, a multi-
agent framework that first globally organizes document content and then performs panel-level
refinements—while weaving visual feedback into every stage. Starting with the Parser, we ingest
the full paper PDF and transform it into an asset library of section-level text summaries and extracted
figures and tables. Next, the Planner semantically matches each synopsis to its corresponding
visual asset and generates a binary-tree layout, allocating panels by estimated content length while
preserving reading order and spatial balance. Finally, the Painter–Commenter loop refines each
panel: the Painter distills section-figure pairs into concise bullet points and renders draft panels
via python-pptx code, and the Commenter—a VLM with zoom-in reference prompts—provides
targeted feedback to correct text overflow and spatial alignment. This top-down, visual-in-the-loop
design produces concise, coherent posters without manual tuning.

Using Paper2Poster, we comprehensively evaluate human-designed (oracle) posters, state-of-the-
art generative models (e.g., GPT-4o), and multi-agent solutions, revealing several key insights: (i)
GPT-4o’s outputs, though visually appealing at first glance, suffer from noisy or incoherent text,
yielding high perplexity and poor PaperQuiz performance; (ii) VLM-based judging shows the primary
aesthetic bottleneck is Engagement rather than informational content, since human posters convey
meaning predominantly through visual semantics; (iii) PaperQuiz proves a reliable metric—VLM
reader scores correlate closely with human evaluations, and more capable VLMs achieve higher
scores on well-designed posters; and (iv) our Paper2Poster pipeline, built on a fully open-source
toolbox (e.g., Qwen-2.5-VL-7B), surpasses existing GPT-4o–based multi-agent approaches on nearly
all metrics while consuming 87% fewer tokens. Our findings illuminate pathways for the next
generation of models and agent systems aimed at fully automated poster generation.

2 Related Work

2.1 Visual Design Automation

Recent advances in multi-modal learning have driven significant progress in automating visual design
tasks. These tasks commonly fall into two broad categories: (i) Text-rich Image Generation. Tasks
such as poster generation [3, 17, 11, 33] have greatly benefited from diffusion-based approaches [11,
10, 31], which enable the synthesis of detailed visuals conditioned on natural language descriptions.
However, ensuring the quality and fidelity of embedded textual content via an end-to-end pixel
generative model remains a major challenge, as generated text at the pixel level appears blurry and
hard to read. (ii) Complex Visual Layouts. Tasks like website designing [7, 27, 16, 23] or slide
generation [37, 2, 8, 18, 26, 29] involve intricate visual structures and require integrating diverse
components. To handle such complexity, mainstream approaches [37, 5] often employ agentic
workflows that rely heavily on code generation and tool usage to assemble complete visual outputs.
In contrast, our Paper2Poster addresses a more demanding yet highly practical setting: scientific
visual design based on academic papers. This involves long-context, interleaved multi-modal, inputs
and outputs, posing substantial challenges in both effectiveness and computational efficiency.
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2.2 Vision-Language Agents

Recent progress has revealed the promising potential of LLMs beyond pure language understanding.
Techniques such as ReAct [36, 35] have demonstrated that LLMs can serve as autonomous agents,
capable of solving complex tasks through step-by-step reasoning and dynamic interaction via coding
[32, 34], API function calling [25, 15], or UI interface interaction [13, 22, 19]. Despite these advances,
general-purpose agents still struggle with professional tasks [12] as they require serious, accurate
interaction and domain-specific knowledge. One closely related application is slide automation [5, 37],
where agents translate brief textual queries into executable Python code (e.g., via python-pptx)
to render presentation slides. However, our Paper2Poster setting is significantly more challenging:
instead of a text prompt, we take full-length academic papers as inputs and generate compact, well-
structured posters as output. This novel task requires careful design of both evaluation metrics and an
effective, practical automation workflow.

3 Paper2Poster Benchmark

3.1 Task Definition

Given a scientific paper composed of interleaved text, figures, and tables, the goal is to automatically
generate a single-page academic poster that faithfully conveys the paper’s core content in a visually
coherent and spatially efficient format. This task presents several unique challenges: a. Long-Context
Long-Horizon Task: Scientific papers span multiple pages and thousands of words. Summarizing
key insights while preserving coherence demands hierarchical understanding and selective abstraction.
The complexity further necessitates long-horizon reasoning and multiple iterative interactions, making
the task especially challenging. b. Interleaved Multimodal Inputs: Papers integrate numerous
figures, tables, and charts, each semantically linked to the surrounding text. Successful poster
generation demands the ability to extract, interpret, and align these multimodal elements in a
contextually appropriate manner. c. Layout-Aware Multimodal Outputs: Unlike tasks focused
solely on text (e.g., blog) or vision, poster generation requires producing interleaved text–image
outputs within a constrained spatial layout. This necessitates joint reasoning over language, visual
content, and layout to prevent overflow, imbalance, and logical misalignment.

3.2 Data Curation

Data Source. We focus exclusively on AI papers for three key reasons: (1) they are relatively recent
and undergo rigorous peer review, ensuring high scientific quality; (2) they offer diverse content
across subfields—such as image-rich computer vision, text-centric NLP, and theory papers with
numerous equations—providing a broad range of input modalities. To support this, we adopt the
POSTERSUM dataset [24], which contains a large collection of paper–poster pairs from recent AI
conferences including ICML, NeurIPS, and ICLR (2022–2024). We specifically use the test split to
reduce the risk of overlap with training data.

Diverse Sampling. Based on the initial candidate set, we apply two filtering criteria to curate high-
quality data: (1) Length Control: We deliberately include longer papers, including supplementary
material, selecting PDFs that exceed 15 pages and extend up to 50 pages. (2) Latest Version:
We manually retrieve the most recent PDF version for each paper to ensure the dataset reflects
final camera-ready submissions. From the filtered set, we construct the final Paper2Poster dataset
consisting of 100 paper–poster pairs, stratified by publication year to ensure temporal balance: 33
pairs from 2022, 33 from 2023, and 34 from 2024. To further enhance diversity, we also stratify by
source venue—selecting 35 papers from NeurIPS, 37 from ICML, and 28 from ICLR, ensuring broad
coverage across these leading conferences.

Data Statistics. Overall, Paper2Poster comprises 100 paper-poster pairs spanning 280 distinct
topics across domains such as Computer Vision (19%), Natural Language Processing (17%), and
Reinforcement Learning (10%), ensuring comprehensive coverage across subfields. As illustrated
in Fig. 2 (a-b), the input papers contain an average of 12155.7 words across 22.6 pages, amounting
to approximately 20370.3 tokens, with an average of 22.59 figures per paper. In Fig. 2 (c-d), the
corresponding author-designed posters include an average of 774.1 words (1416.2 tokens) and 8.7
figures. This reflects a textual compression ratio of approximately 14.4� and a figure reduction ratio
of about 2.6� from paper to poster.
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(a) Word cloud of topics (b) # of tokens (c) # of �gures

Figure 2: Data Statistics of Paper2Poster. (a) Word cloud illustrating the diversity of research
topics. (b) Textual Token statistics and Figure count statistics for input papers vs. posters provided by
authors. Overall, these statistics highlight that Paper2Poster is a multimodal context compression
task, requiring effective abstraction of both textual and visual content.

3.3 Evaluation Metrics

To systematically measure the quality of generated posters, we establish a comprehensive evaluation
framework that covers four essential dimensions as shown in Fig. 3 (left): (i) visual quality, (ii)
textual coherence, (iii) quality assessment via VLM (i.e.,VLM-as-judge), and notably our proposed
(iv) PaperQuiz which measures how effectively the poster conveys the paper's core knowledge.

Figure 3: Left: Overview of the evaluation framework in Paper2Poster. Middle: We automatically
generate multiple-choice questions from each paper using an LLM (o3), forming the our PaperQuiz
evaluation. Right: In PaperQuiz, we simulate multiple reader by allowing VLMs—representing
different expertise levels (e.g., student, professor)—to read each generated poster and answer the
quiz. The poster that achieves the highest average score is considered the most effective in conveying
the paper's content.

(i) Visual Quality. The visual presentation of a poster directly impacts reader comprehension
and engagement. To evaluate visual quality from both global and local perspectives, we employ
two metrics: (1) We measure "Visual Similarity" between the generated and the author-designed
posters as ground-truth using CLIP image embeddings. This metric captures high-level visual–textual
correspondence to assess whether outputs are truly "poster-like" rather than article-like layouts,
though it is not a direct measure of aesthetic quality. This approach is favored over traditional
distribution-based metrics (such as FID used in prior works [5, 37]), as it assesses instance-level
semantic consistency. (2) We measure "Figure Relevance" by computing the average CLIP similarity
between �gures and their corresponding text sections in the original paper. This metric ensures
�gures are contextually appropriate and effectively integrated, assigning zero relevance to posters
lacking visual content. For both metrics, we employ AltCLIP [4] due to its robustness in handling
longer sequences alignment. We complement CLIP with aspect-level VLM-as-Judge evaluation (see
below) to capture �ne-grained visual quality that CLIP may not fully capture. Detailed de�nition of
both metrics can be found in Appendix F.1.

(ii) Textual Coherence. Clear and �uent text is essential for poster readability and comprehension.
We therefore quantify textual coherence by computing the standard "Perplexity" (PPL) of the entire
poster text underLlama-2-7b-hf . Lower PPL indicates more predictable, coherent language.
Importantly, PPL assesses �uency and local coherence rather than semantic similarity to a reference,
making it well-suited for our abstractive poster generation task where content should be reorganized
and compressed rather than copied. A detailed de�nition is provided in Appendix F.2.
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Figure 4: Illustration of the PosterAgent pipeline. Given an input paper, PosterAgent generates a
structured academic poster through three modules: 1. Parser: Extracts key textual and visual assets
using a combination of tools and LLM-based summarization, resulting in a structured asset library. 2.
Planner: Matches assets and arranges them into coherent layouts, iteratively generating panels with
a zoom-in operation. 3. Painter–Commenter: The Painter generates panel-level bullet-content along
with executable code, and renders the visual output, while the Commenter—a VLM with in-context
reference—provides feedback to ensure layout coherence and prevent content over�ow.

(iii) Holistic Assessment (VLM-as-Judge). To evaluate overall poster effectiveness in �ne-grained
dimension, we prompt a VLM (e.g., GPT-4o) as an automated judge by outputting score (1–5). For
each poster image, the model assigns6 criterion-level scores:3 under “Aesthetic Score”—{Element
Quality, Layout Balance, Engagement}, and3 under “Information Score”—{Clarity, Content Com-
pleteness, Logical Flow}. This direct, image-centric evaluation preserves �delity to both visual
design and content, while also capturing informativeness. It provides �ne-grained feedback to guide
future poster design. Full prompt templates and scoring protocols are detailed in Appendix F.3.

(iv) PaperQuiz. Given the poster's central role in communicating the content of its source pa-
per—serving as a bridge between authors and readers—we design an evaluation protocol that simu-
lates this communication scenario. As shown in Fig. 3 (middle), each paper PDF is �rst submitted to
o3 as examiner to generate 100 multiple-choice questions per paper: 50 verbatim questions (directly
answerable from the text, spanning 13 content aspects) and 50 interpretive questions (targeting
high-level comprehension across 10 conceptual dimensions). Next, as illustrated in Fig. 3 (right),
we present each poster image to six VLMs (both open- and closed-source), simulating a range of
reader standards from casual to expert. These models then answer the quiz based solely on the poster
content. By comparing their quiz scores across different poster variants, we identify which poster
best conveys the original paper content. Given that a poster is a visual medium rather than plain
text like a note, we further adjust the raw Quiz scoressr 2 [0; 100]by incorporating a length-based
penalty, resulting in a penalized score sa 2 [0; 200]:

sa = s r

�
1 + 1

max(1; L=W )

�
;

whereL denotes the total text length of the poster, andW is the median text length of human-designed
(ground-truth) posters. This penalty function is designed with three goals: (i) discourage overly long
posters (L � W yieldssa ! s r , losing the bonus), (ii) avoid harsh punishment (asL ! 1 , sa
remains atsr , not approaching zero), and (iii) prevent rewarding extreme brevity (whenL � W , the
bonus is capped atsa = 2s r , so further shortening provides no additional gain). By anchoring the
penalty to human-designed poster lengths, we ensure that posters are neither excessively verbose
nor sacri�ce informative content for brevity. Further details on metric design, question curation,
evaluation work�ow, and scoring procedures can be found in Appendix F.4.
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4 PosterAgent
Overview. Identifying the challenges posed by the Paper2Poster, we formulate it as a problem of
multimodal context compression, and introduce PosterAgent, a multi-agent pipeline that adopts
a “Top-down” design philosophy: it �rst globally restructures the entire document into concise,
coherent sections, followed by local re�nements for �ne-grained, panel-level control. As shown in
Fig. 4. The pipeline consists of three key components: 1. Parser: Extracts key textual and visual
content by tools and LLM-based summarization to build an asset library. 2. Planner: Aligns assets
and arranges them into coherent layouts, generating panels iteratively with a zoom-in mechanism.
3. Painter–Commenter: The Painter produces panel-level bullet points and executable code for
rendering, while a VLM as Commenter—ensures layout coherence and avoids over�ow.

4.1 Parser: global organization

Given a paper, the �rst step is to globally organize the information into a structured format to support
subsequent processing. This is handled by the Parser, which performs a coarse-grained compression
by ingesting the raw PDF and producing an asset library across two modalities: (1) Text assets
that capture the document hierarchy like human �rst glance focus on section heading—each key
is a section heading and the associated value a paragraph-level synopsis; (2) Visual assets built in
parallel, where �gure or table captions serve as keys and the extracted image �les are stored as values.
We leverage MARKER[21] and DOCLING[14] to convert each page into Markdown, which is then
processed by an LLM to generate a structured, JSON-like outline. This transformation compresses the
raw text into a compact asset library that preserves essential semantics while signi�cantly reducing
size, enabling more ef�cient downstream iteration and layout generation.

4.2 Planner: local organization

With the visual and text assets collected by the Parser, the next step is to select the relevant content
and begin constructing the poster. Rather than generating the entire poster in one shot, we empha-
size the importance of layout con�guration and adopt an iterative, section-by-section completion
process—mirroring how humans typically start with a template and sequentially �ll in each section.

Asset matching. This step aims to associate visual assets with corresponding textual content—for
example, matching a teaser image to the introduction paragraph. We employ an LLM to semantically
align each visual asset with its most relevant section from the asset library, resulting in a set of
(section; �gure) pairs.

Layout generation. An essential step is determining the panel-level layout, which requires precise
absolute coordinates while accounting for the relative informativeness of each section. We found
that directly predicting numerical coordinates using an LLM was unstable. Therefore, we adopt the
binary-tree layout strategy [30], which reliably translates hierarchical constraints into panel bounding
boxes by estimating content length (e.g.,, word number, �gure size), maintaining reading order, and
preserving aspect ratio—ensuring each poster section corresponds to a well-de�ned panel.

Panel iteration. Once the paper layout is con�gured, the next stage is to populate each panel with
content. To ensure precise control, the Planner iterates over each section's synopsis and condenses it
into concise, hierarchically structured bullet points—creating a compact format well-suited for poster
panels. Inspired by how humans design posters—initially �lling in content and iteratively re�ning
it based on visual feedback—we introduce the Painter-Commenter loop (Sec. 4.3), which mimics
this process while maintaining visual clarity and appeal. After all panels undergo this process, the
�nalized poster is produced.

4.3 Painter–Commenter: local re�nement

For each panel, the Painter converts its asset pair i.e.,(section; �gure) into executable code instruc-
tions and invokes the runtime environment to render a draft panel image. Particularly, the Painter
comprises two modules: (i) an LLM that ingests the section synopsis and distills it into a concise set of
bullet points, and (ii) a deterministic code generator that leverages thepython-pptx library together
with prede�ned helper functions to generate presentation code, which is subsequently executed and
rendered into an image of the current panel.

However, in practice, a single pass rarely produces a �awless panel. To address this, we pair the
Painter with a Commenter—a VLM that evaluates the quality of the rendered panel image. While
VLMs are promising, they often hallucinate in visual design tasks, leading to unreliable judgments. To
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mitigate this, we employ a Zoom-in strategy that focuses attention on the panel region. Additionally,
we enhance the Commenter with an in-context reference prompt containing two examples: one with
severe over�ow and one with an ideal layout. Guided by these references, the Commenter provides
targeted visual feedback—such as “over�ow,” “too blank,” or “good to go”—which informs the
Painter's next revision. This loop continues until the Commenter signals success or a maximum
number of iterations is reached, ensuring each panel is accurate, readable, and visually well-balanced.

5 Experiments

5.1 Baselines and Settings

We evaluate four categories of baselines: (i) Oracle methods, which serve as upper bounds—"Paper"
(the original PDF with maximum informativeness) for content �delity, and "GT Poster" (the
author-designed poster from Paper2Poster) as the best possible presentation in terms of human
understanding and layout quality; (ii) End-to-end methods, where GPT-4o directly generates
posters either through text-based rendering—"4o-HTML" (Markdown-to-HTML)—or image genera-
tion—"4o-Image" (poster graphics produced via GPT-4o's web interface); (iii) Multi-agent work-
�ows, which decompose the task using specialized toolkits—"OWL"[6], a general-purpose PDF-to-
HTML converter, and "PPTAgent"[37], a Python-pptx-based slide generator, where candidate posters
are selected via manual inspection; (iv) PosterAgent, our proposed approach—PosterAgent-4o
uses GPT-4o for both internal LLM and VLM commenter, whilePosterAgent-Qwen is a purely
open-source solution, employs Qwen-2.5-7B for text generation and Qwen-2.5-VL-7B for commenter.
Additional backbones are evaluated to study the generalizability of our method, which is detailed in
Appendix E.4.

5.2 Main Results

Visual Quality & Text Coherence. In the left part of Tab. 1, we evaluate visual quality
and textual coherence. Interestingly, while4o-Image achieves the highest visual similarity,
it also records the worst perplexity, suggesting that although the generated posters may ap-
pear visually appealing at �rst glance, they often contain noisy or incoherent text. As ex-
pected, the original paper performs best in terms of textual coherence. Notably, the author-
designed poster (GT) still shows relatively high PPL, indicating that authors often prioritize vi-
sual appeal and reader engagement by conveying information through visual rather than tex-
tual means. OurPosterAgent achieves the highest �gure relevance compared toPPTAgent,

Figure 5: PaperQuiz's Avg. scores
across different Reader VLMs (x-axis)
for each poster type (legend lines). Refer
to Append. Tab. 3 for full model names.

primarily due to our visual-semantic-aware asset library
construction and asset matching. It also ranks second in vi-
sual similarity, closely following the human-designed poster.
Above results highlight that each metric captures only a spe-
ci�c aspect of quality and has its limitations. Therefore, we
turn to the VLM-as-Judge and PaperQuiz next.

VLM as Judge Metrics. In the right part of Tab. 1, we
conduct a comprehensive evaluation using a suite of metrics.
We �nd that both the Paper and GT Poster achieve the high-
est aesthetic and information scores. In contrast,4o-Image
performs poorly in terms of information, aligning with �nd-
ings from previous PPL studies. Overall,PosterAgent-4o
achieves an average score of3:72, reaching a level compa-
rable to that of human-designed posters. Variants of Poster-
Agent that use GPT-4o as the visual commenter outperform

those usingQwen2.5-VL-7B, highlighting the superior visual perception capabilities of4o, particu-
larly in panel re�nement tasks such as preventing text over�ow.

PPTAgentfrequently fails to replace placeholder content or �ll templates properly, leading to mean-
ingless text or large blank areas, and thus receives low scores in both aesthetics and informativeness.
Despite not generating images,4o-HTMLyields the highest aesthetic score among baselines, ow-
ing to its clean and structured layout. Overall, we found that the primary bottleneck in existing
poster generation lies in Engagement, where all variants score below 3. In contrast, most variants
achieve good Information scores, likely due to the robust long-context handling capabilities of
GPT-4o. All PosterAgent variants—even those using Qwen2.5-7B—surpass baselines in information
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Model

Vis. quality & Txt. coherence VLM-as-Judge

Vis. Sim. " PPL # Fig. Rel. "
Aesthetic score " Information score "

Overall "
Element Layout Engage. Avg. Clarity Content Logic Avg.

Oracle methods
Paper 0.53 4.60 0.22 4.05 3.89 2.80 3.58 4.00 4.68 3.98 4.22 3.90

GT Poster 1.00 11.26 0.21 4.07 3.90 2.70 3.56 4.09 3.96 3.89 3.98 3.77

End-to-end methods
4o-HTML 0.52 9.86 – 3.53 3.82 2.72 3.36 3.94 3.64 3.47 3.68 3.52

4o-Image 0.76 77.13 0.21 2.93 3.02 2.75 2.90 1.05 2.04 2.22 1.77 2.33

Multi-Agent methods
OWL-4o 0.54 11.46 – 2.76 3.62 2.56 2.98 3.92 2.89 3.36 3.39 3.19

PPTAgent-4o 0.50 6.20 0.16 2.49 3.05 2.45 2.66 2.05 1.26 1.38 1.56 2.11

PosterAgent variants
PosterAgent-4o 0.75 8.31 0.24 3.95 3.86 2.93 3.58 4.03 3.96 3.60 3.86 3.72

PosterAgent-Qwen 0.75 8.81 0.24 3.93 3.67 2.89 3.50 3.95 3.85 3.68 3.83 3.66

Table 1: Detailed evaluation of Paper2Poster across four categories of baselines, including Visual
Quality & Text Coherence and VLM-as-Judge for �ne-grained assessments. Oracle methods together
(Paper or author-designed poster) serve as upper bounds in theory and strong baselines empirically.

quality, demonstrating the effectiveness of our content planning and generation framework in miti-
gating limitations of less capable LLMs. AlthoughPPTAgentis also powered by GPT-4o, its rigid
template-�lling mechanism often fails to properly populate content, leading to poor performance.

PaperQuiz. As shown in Tab. 2, we draw several key observations: (i) Verbatim questions are
generally more challenging than those assessing broader understanding and interpretation. (ii)
Without textual brevity penalties,Paper achieves the highest overall score. When the penalty is
applied, theGT Poster performs best. This highlights both the comprehensiveness of the full paper
and the value of concise, well-designed posters. It also reinforces how the PaperQuiz setup re�ects
poster generation as a process of effective context compression, where careful condensation rather
than sheer content volume is rewarded. (iii) GPT-4o supplies strong base ability. Its4o-HTMLvariant
outperformsOWL-4o, and even its purely visual4o-Image generation surpassesPPTAgent-4o.
Our proposedPosterAgent variants consistently achieve the best scores. (iv) Across all methods,
performance on open-source reader models is consistently lower than on closed-source ones. This
suggests that stronger perceptual ability correlates with better poster comprehension. (v) Notably,
both4o-HTMLandOWL-4o, despite leveraging GPT-4o and generating lengthy, �gure-free, blog-style
outputs, are outperformed in raw accuracy by ourPosterAgent-Qwen variant, even though they are
exempt from brevity penalties. This result further af�rms that PaperQuiz evaluates more than content
volume; presentation quality matters. OurPosterAgent-Qwen surpasses more resource-intensive
baselines despite relying on the relatively weakerQwen-2.5-VL-7B, due to two key design choices:
(a) a structured, multi-step compression process that enables even weaker LMs to distill information
with minimal loss; and (b) a layout that presents information clearly and with a logical reading order,
making it easy for VLM-based readers to locate and interpret key points, similar to how clear visual
structure supports ef�cient comprehension for human poster readers.

Figure 6: PaperQuiz's Avg scores
across different types of posters
(x-axis) for readers (colored lines)
on human evaluation subset.

PaperQuiz readers comparison. In Fig. 5, we compare the
PaperQuiz scores of different readers on four baseline posters.
On GT and PosterAgent's posters, we observe that as model
reasoning capabilities improve, their ability to interpret struc-
tured content also increases, leading to higher QA accuracy.
In contrast, this trend is not evident for4o-Image andPaper,
suggesting that more capable models bene�t more from poster
layouts and condensed information than from information-dense
papers, thereby improving their comprehension and response
quality.

Human evaluation. To assess our method with human judgment,
we recruited a PhD student to complete the PaperQuiz on5
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Raw Accuracy Density-Augmented Score

Model Verbatim " Interpretive " Overall " V-Avg " I-Avg " Overall "
open-source closed-source V-Avg open-source closed-source I-Avg

Oracle methods
Paper 51.45 82.95 67.20 48.48 81.61 65.05 66.12 72.69 70.34 71.52

GT Poster 51.75 58.10 54.93 49.19 77.55 63.37 59.15 103.56 120.00 111.78

End-to-end methods
4o-HTML 52.45 48.00 50.23 50.78 75.14 62.96 56.59 95.72 120.55 108.13

4o-Image 48.97 30.89 39.93 50.19 70.67 60.43 50.18 79.86 120.86 100.36

Multi-Agent methods
OWL-4o 47.87 31.96 39.92 49.94 74.38 62.16 51.04 78.69 122.91 100.80

PPTAgent-4o 39.63 11.99 25.81 36.22 37.15 36.68 31.25 51.62 73.37 62.49

PosterAgent variants
PosterAgent-4o 52.95 49.17 51.06 52.29 78.42 65.35 58.21 101.87 130.39 116.13

PosterAgent-Qwen 51.81 48.79 50.30 52.57 76.66 64.62 57.46 100.35 128.94 114.65

Table 2: PaperQuiz Evaluation on Paper2Poster based on 6 different Readers, including open-
source and closed-source VLMs. Both Raw Accuracy and Density-Augmented Score are included for
Verbatim and Interpretive settings. Oracle methods together (Paper or author-designed poster) serve
as upper bounds empirically.

randomly selected papers from the Paper2Poster dataset, covering4 baselines,2 ground-truth variants,
and2 PosterAgent variants, following the setup in Section 5.1. Details of the human evaluation
protocol are provided in Appendix G. Figure 6 demonstrates the average PaperQuiz scores across
different types of posters (x-axis) for each reader (colored lines). PaperQuiz scores across different
posters exhibit good consistency across both human and VLMs evaluations. This alignment
supports the use of reader models as effective proxies to simulate human judgment.

5.3 Qualitative Analysis

Figure 7: Average token consumptions
for different methods. Details are pro-
vided in Appendix E.1.

In Figure 8, we present a quantitative comparison across
different poster baselines for a paper [20]. GPT-4o's pixel-
based generation produces visually acceptable layouts at
�rst glance, but closer inspection (zoom-in region) reveals
impaired text rendering, leading to poor readability of
�ne-grained details.4o-HTMLandOWLgenerate blog-like,
text-dense posters that suffer from low visual readability.
PPTAgentstruggles with layout control, often resulting in
missing panels. In contrast, our PosterAgent generates struc-
turally coherent and readable posters, achieving the highest
scores while using signi�cantly fewer words than (c) and (f).
However, there is still room for improvements compared to
human-designed versions.

5.4 Ef�ciency Analysis

Figure 7 presents the average token cost per poster across different methods. OurPosterAgent
achieves great token ef�ciency, using only101:1K (4o-based) and47:6K (Qwen-based) to-
kens—reducing cost by60%–87%compared toOWL-4o[6]. This translates to just$0:55for 4o and
$0:0045for Qwen per poster, highlighting its effectiveness. Additionally, through parallelization
of panel generation, we further reduced runtime by 40.7%, makingPosterAgent-4o-Parallel
even more competitive in speed (see Append. E.1 for token details and Append. E.1.1 for runtime
breakdown).

6 Conclusions

We present a new benchmark, Paper2Poster, for poster generation from academic papers, and we high-
light the challenges and limitations of current generative models or agents in handling long-context,
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Figure 8: Illustration of poster variants for the paper generated by different methods, including
(a) Author designed, (b) Our PosterAgent, multi-agent methods (c) OWL [6] and (d) PPTAgent [37],
pixel generative method (e)4o-Image and website generative method (f)4o-HTML. We provide the
PaperQuiz's augmented score for each method.

layout-sensitive tasks. Our proposed solution, the PosterAgent framework, leverages structured
parsing, hierarchical planning, and visual feedback to enhance generation quality signi�cantly. Poster-
Agent not only narrows the performance gap with human-designed posters but also establishes a new
ef�ciency standard, offering a practical and scalable approach to scienti�c communication.
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