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Abstract

Automatic presentation slide generation can greatly stream-
line content creation. However, since preferences of each user
may vary, existing under-specified formulations often lead to
suboptimal results that fail to align with individual user needs.
We introduce a novel task that conditions paper-to-slides gen-
eration on user-specified preferences. We propose a human
behavior-inspired agentic framework, SlideTailor, that pro-
gressively generates editable slides in a user-aligned manner.
Instead of requiring users to write their preferences in detailed
textual form, our system only asks for a paper-slides exam-
ple pair and a visual template—natural and easy-to-provide
artifacts that implicitly encode rich user preferences across
content and visual style. Despite the implicit and unlabeled
nature of these inputs, our framework effectively distills and
generalizes the preferences to guide customized slide gener-
ation. We also introduce a novel chain-of-speech mechanism
to align slide content with planned oral narration. Such a de-
sign significantly enhances the quality of generated slides and
enables downstream applications like video presentations. To
support this new task, we construct a benchmark dataset that
captures diverse user preferences, with carefully designed in-
terpretable metrics for robust evaluation. Extensive experi-
ments demonstrate the effectiveness of our framework.

Project website — https://github.com/nusnlp/SlideTailor

1 Introduction

Presentations, usually delivered through slides, are a widely
used medium for effectively communicating information
in a visually engaging and accessible way (Bartsch and
Cobern 2003). Crafting high-quality presentations, however,
demands considerable effort, requiring the author to put in
informative and focused content, craft a coherent and com-
pelling narrative, and create an appealing visual design.
Given the time and expertise required, there is a growing
interest in developing automated systems that can generate
presentation slides to reduce the manual workload involved.

Recent works (Fu et al. 2022; Zheng et al. 2025; Xu
et al. 2025) have exploited the inherent multimodal nature
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Figure 1: Preference-guided paper-to-slides generation.
Based on user preferences inferred from a paper-slides sam-
ple pair and a visual template, the system produces person-
alized slides accompanied by a speech script, supporting
downstream applications such as video presentations.

of the academic document-to-slides generation task, show-
ing promising results in both content quality and visual lay-
out. Despite the effectiveness, they typically treat slide gen-
eration as a straightforward document-to-slides conversion
task. This overlooks a crucial aspect: the user. We argue
that presentation design is inherently subjective. Users have
different preferences in terms of narrative structure, empha-
sis, conciseness, and aesthetic choices. Consequently, under-
specified or one-size-fits-all generation frameworks often
yield outputs that do not align well with individual needs.
To enable more personalized, user-aligned presentations, it
is essential to incorporate individual preferences.

Motivated by this, we shed light on this under-explored
research problem: preference-guided paper-to-slides gener-
ation, where the generation process is explicitly guided by
user-specified preferences. We categorize such preferences
into two main aspects: (1) Content preferences, which af-
fect narrative flow and the level of emphasis or conciseness
applied to specific topics or sections; and (2) Aesthetic pref-
erences, which govern layout structure, background design,
decorative elements, and overall stylistic choices.

Instead of asking users to articulate their preferences
in detailed textual instructions, we propose a more user-
friendly way. The system takes (1) a paper-slides sample
pair, which implicitly encodes the user’s content structuring-
related preferences, and (2) a . pptx slide template, which
reflects aesthetic choices. These inputs are natural to pro-



vide and align with how users often prepare slides—by ref-
erencing prior slide decks and reusing templates. Besides,
these two types of inputs are relatively orthogonal, offering
greater clarity and flexibility by enabling customized slide
generation along separate content and aesthetic dimensions.
However, while these inputs are convenient for users to pro-
vide, they pose nontrivial challenges for the slide genera-
tion model: the embedded preferences are implicit, entan-
gled, and unlabeled, making them difficult for the model to
extract and apply effectively.

To tackle this challenge, we propose a human behavior-
inspired agentic framework termed SlideTailor. It progres-
sively constructs editable slides aligned with user prefer-
ences. The process begins with preference distillation, simi-
lar to a human that summarizes and learns multi-aspect user
preferences from both the given sample pair and .pptx
template file, forming an internalized preference profile.
Guided by this profile, the system performs a preference-
guided and presentation-oriented summarization process. It
extracts and reorganizes salient content from the input pa-
per, while adjusting the level of detail, emphasis, and narra-
tive flow to align with the user’s preferred presentation style.
The resulting content is then structured into a coherent out-
line across slides, specifying the intended message and sup-
porting points for each slide.

As a novel component of our framework, we introduce
a chain-of-speech mechanism during the outline construc-
tion. Inspired by how human presenters plan their speech
alongside slide design, this mechanism prompts the system
to simulate narrative when outlining each slide. As a result,
slide content can better align with the anticipated speech,
improving coherence and clarity. It also enables downstream
applications such as full video presentations (Fig. 1).

Based on the constructed outline, the system proceeds to
template planning, selecting the most appropriate layout for
each slide based on its semantic content and intended visual
emphasis. This step ensures that the slide structure and aes-
thetics are jointly optimized in line with user preferences.
Finally, the system generates slides by editing the selected
templates and exporting them in standard .pptx format,
which enables flexible user refinement and downstream use.

To facilitate research on this new task, we construct a
benchmark dataset that captures and simulates diverse user
preferences to comprehensively evaluate customized paper-
to-slides generation methods. We also carefully craft inter-
pretable metrics for robust evaluation of preference align-
ment and presentation quality. Experimental results demon-
strate that our method not only better aligns with user intent,
but also produces slides with higher overall quality com-
pared to existing approaches.

2 Related Work
2.1 Document-to-Slides Generation

Prior works primarily considered slide generation as a text
summarization problem (Li et al. 2021; Sun et al. 2021;
Costa, Amaro, and Gongalo Oliveira 2023; Maheshwari
et al. 2024; Cachola et al. 2024), overlooking layout de-
sign and the inherent multimodal nature of engaging pre-
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sentations. Some works (Xu and Wan 2021; Fu et al. 2022;
Bandyopadhyay et al. 2024), especially recent and contem-
poraneous studies (Zheng et al. 2025; Pang et al. 2025;
Shi et al. 2025; Zhu, Lin, and Shou 2025), began integrat-
ing visual and layout elements for multimodal presenta-
tion. Despite their effectiveness, most methods treat slide
generation as a direct document-to-slides process, lacking
constraints that capture diverse user preferences. Persona-
Aware-D2S (Mondal et al. 2024b) considers customization,
but restricts preferences to four fixed categories. PPTA-
gent (Zheng et al. 2025) enables flexible template input,
but focuses solely on layout aspects, overlooking content-
related preferences. In contrast, we explore the subjective
nature of slide generation in a more realistic formulation,
with essential contributions on definition, methodology, and
dataset, aiming to facilitate future research on personalized
slide generation.

2.2 Conditional Summarization

This task generates summaries conditioned on auxiliary in-
puts beyond the source itself, such as queries (Yu and Han
2022; Xu et al. 2023b; Cao et al. 2024), topic cues (Li et al.
2021; Mukherjee et al. 2022), timeline (Hu, Moon, and Ng
2024; Qorib, Hu, and Ng 2025), diagram (Mondal et al.
2024a), and user preferences (Xu et al. 2023a). The subarea
most relevant to our work concerns user preferences. Within
this subarea, different studies focus on different facets—for
example, review summarization with personalized recom-
mendations (Li, Li, and Zong 2019; Cheng et al. 2023; Xu
et al. 2023a; Ghodratnama and Zakershahrak 2024) and con-
trollable abstractive summarization where users specify at-
tributes like style or length (Fan, Grangier, and Auli 2018).
In contrast to these tasks, we focus on the conditional sum-
marization of scientific papers for presentation slide genera-
tion. The work most similar to ours is (Mondal et al. 2024b).
However, it is limited to four predefined preferences (i.e.,
expert/non-expert, long/short), which fail to capture the di-
verse and fine-grained nature of real user needs. Our formu-
lation instead models diverse and fine-grained user prefer-
ences in a more realistic, open-ended setting.

3 Task Formulation

We now formulate the preference-guided paper-to-slides
generation task. We begin by defining the key components
that constitute user preferences in the context of presentation
slide generation. We distinguish two preference dimensions:
(1) Content preferences, which shape how a paper is mapped
into presentation—affecting the narrative flow, level of de-
tail, emphasis placed on certain sections (e.g., highlighting
results over methodology), and decisions about what content
to omit or elaborate; (2) Aesthetic preferences, which re-
flect the user’s visual and stylistic inclinations—governing
choices such as slide layout (e.g., text-only vs. text-image
combination), background themes, color palettes, typogra-
phy, and the use of decorative elements like icons or logos.
Next, we explore what forms of user input can both ef-
fectively capture expressive user preferences and align well
with real-world presentation creation workflows. Rather
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Figure 2: The conceptual pipeline of our proposed preference-guided paper-to-sildes generation framework.

than requiring users to explicitly articulate their preferences
through detailed textual instructions—which can be unnat-
ural and burdensome—we adopt a more user-friendly and
example-driven setting. Specifically, the system takes two
types of input: (1) a paper-slides sample pair, which cap-
tures the content preferences; and (2) a . pptx slide tem-
plate, which conveys aesthetic preferences such as layout
style and visual theme. These inputs are natural for users
to provide and mirror common practices in presentation au-
thoring, where individuals often reference previous slide
decks and reuse institutional or personal templates. More-
over, the two preference types are relatively orthogonal, en-
abling modular flexibility—any aesthetic template can, in
principle, pair with any content preference profile. In prac-
tice, we assume users have a general sense of their de-
sired outcomes, yielding self-consistent preferences, while
the designed model is expected to exhibit adaptive capabil-
ity to achieve preference harmony across different prefer-
ence sources during slide generation.

Formally, given a paper D in PDF format, the goal is to
synthesize the corresponding slides S that (i) satisfy the gen-
eral quality requirements of slide production from D, and
(ii) follow the subjective preference embodied by the afore-
mentioned two types of conditional user inputs: a paper-
slides sample pair (Dief, Srer) for content preferences, and
a template .pptx file Simp for aesthetic preferences. This
can be formally defined as:

S=F (D» (Drefa Sref)a Stmpl) 5 (1)

where F' is the function that jointly performs conditional pa-
per summarization and slide generation.

4 Method

In this section, we introduce our proposed framework Slide-
Tailor for personalized paper-to-slides generation. We begin
by analyzing the core challenges of this newly introduced
task, which in turn motivate our design. We then present the
framework’s components.

4.1 Key Challenges

While the aforementioned setup in Sec. 3 eases the burden
on users and better reproduces real-world authoring practice,
it poses two key challenges:
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C;: Learning from implicit, unlabelled preference sig-
nals. Although the user-supplied sample pair (Dyef, Sref)
and template Symp provide rich preference signals, they are
implicit and entangled without structured labels. Thus, the
system must distill diverse content and aesthetic preferences
without fine-grained supervision, making preference extrac-
tion inherently ambiguous and under-constrained.

C,: Multi-aspect alignment. Guided by the distilled pref-
erences, slide generation should achieve harmonious align-
ment across content and aesthetic dimensions.

To address C; and C,, we introduce a human behavior-
inspired agentic framework SlideTailor that progressively
models and applies user preferences in slide generation. As
illustrated in Fig. 2, the overall process involves three stages:
(1) implicit preference distillation from unlabeled user in-
puts, (2) preference-guided slide planning from the distilled
profile, and (3) slide realization via appropriate template
editing. This modular design mirrors slide preparation by
humans: starting from internalizing personal style, then or-
ganizing content, and finally creating slides for presentation.

4.2 TImplicit Preference Distillation

The first stage extracts user preferences from two types
of example-driven inputs: a paper-slides sample pair
(Dret, Sref), and a template . pptx file Sympi. These inputs
are unlabeled, with no explicit annotation of what the user
prefers, but still carry rich preference cues across content
structure and visual design. We approach this preference in-
ference by designing a dual-branch distillation process that
aims at converting them into explicit, structured, and inter-
pretable preferences for subsequent slide generation. Our
key insight is to treat the sample pair (Dief, Sref) as an im-
plicit demonstration of how the user transforms source con-
tent into a presentation, while treating the template Simp1 as
a reflection of their aesthetic inclinations. These two sources
are complementary: the former governs what and how to
present; the latter specifies how it should look.

Content preference as a latent mapping. We model the
transformation feonent : Dt — Sref @s a latent function
that captures the user’s personal preferences for abstrac-
tion and organization. Instead of aligning exact sentences or
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keywords, we leverage a large language model (e.g., GPT-
4.1 (OpenAl 2025b)) to infer how the content is selected,
emphasized, omitted, or reordered, beyond surface form.
This yields a structured content preference profile Po com-
prising: (1) narrative flow (e.g., Title — Background & Mo-
tivation — ... — Future Work), and (2) section-level em-
phasis or omission, as well as formatting preferences (e.g.,
use of bullet points). The LLM is also encouraged to provide
additional comments when deemed helpful, allowing the ex-
tracted structure to remain flexible and adaptive to context.
An illustration example is shown in Fig. 3.

Aesthetic preference from the template. In parallel, we
distill layout-related aesthetic preferences from the provided
template Simpi. We employ a vision-language model (VLM)
to infer the functional roles of both slide-level components
(e.g., title, main content, conclusion) and element-level com-
ponents (e.g., text boxes, image regions) within each slide.
In addition, we incorporate fine-grained metadata directly
parsed from the raw .pptx file, such as precise bound-
ing box/image positions and sizes. The resulting structured
schema P4, as shown in Fig. 4, serves as a layout grounding
mechanism that facilitates subsequent template understand-
ing and selection.

Finally, the union P = Po U P4 constitutes a modu-
lar, symbolic representation of user preferences. Subsequent
stages use P as the conditioning context, ensuring that the
generated slides simultaneously reflect the sample’s struc-
tural style and the template’s aesthetics.
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4.3 Preference-Guided Slide Planning

Guided by distilled preferences P, the system progressively
plans the presentation by deciding what to say, structuring
it into slides, and assigning visual formats. This process is
handled by three LLM-powered agents: a paper reorganizer
that restructures an input paper based on preferences, a slide
outline designer that segments content into slides and drafts
narration, and a template selector that assigns a suitable tem-
plate for each planned slide.

Conditional paper reorganizer. Unlike generic summa-
rization, our LLM agent reorganizes the input paper to re-
flect user-specific priorities encoded in Pc—adjusting the
narrative flow and the level of detail based on presentation
preferences. The result is a presentation-oriented document
that forms the content for subsequent slide generation, as
shown in the left part of Fig. 5.

Slide-wise outline generation with chain-of-speech. Next,
the reorganized content is segmented into a coherent slide-
wise outline, where each slide plan specifies the intended
message and visual cues (e.g., images, tables from the pa-
per). Inspired by how presenters rehearse during slide cre-
ation, we introduce a chain-of-speech mechanism that si-
multaneously drafts speech for each slide. This encourages
alignment between visual content and anticipated oral deliv-
ery, improving the coherence and usability of the final out-
put. The resulting slide outline and speech script (as shown
in the middle part of Fig. 5) will jointly guide both content
realization and layout selection. This design also facilitates
downstream applications, as illustrated in Sec. 4.5.
Template-aware layout selection. Once the content outline
is finalized, the system selects an appropriate layout for each
slide by matching it with one slide from the user-provided
template, based on the slide-level aesthetic schema Pj4, as
shown in the right part of Fig. 5. This per-slide matching
aligns with real-world authoring practices and enhances co-
herence between slide content and visual presentation.

4.4 Slide Realization

Finally, the system realizes each slide by editing the selected
template layout using the outline and corresponding speech
draft. A layout-aware agent maps planned content (e.g., ti-
tles, text, visuals) to specific elements (e.g., text boxes, im-
age placeholders) in the assigned template. This structured
mapping may involve modifying, replacing, or inserting el-
ements for coherence. A code agent then generates exe-
cutable code to apply these edits directly to the . pptx file.
This editing-based strategy preserves the original layout and
theme while producing fully editable slides suitable for fur-
ther user refinement.

4.5 Downstream: Video Presentations

Beyond slide generation, our framework could poten-
tially support downstream applications such as automated,
speaker-aware video presentations. Thanks to the proposed
chain-of-speech mechanism, each slide is paired with a gen-
erated speech script 7', which can be directly transformed
into personalized narration using existing zero-shot text-to-
speech systems (Qin et al. 2023; Jiang et al. 2025). With just
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a short voice sample, the synthesized speech could preserve
the user’s vocal identity (Qin et al. 2023). Combined with the
visual slides S, this could enable the automatic creation of
synchronized, personalized presentation videos, offering a
scalable solution for remote teaching or pre-recorded confer-
ence talks. In addition, other compelling extensions can be
integrated. For example, an identity-preserving talking head
can be synthesized using existing audio-driven generation
methods (Zheng et al. 2024; Hong et al. 2025) and incorpo-
rated into the video to further enhance realism and audience
engagement. In this work, we also take a step toward realiz-
ing this downstream extension. The implementation details
can be found in our project website.

5 The PSP Dataset

To facilitate research on the proposed new task, we con-
struct a dedicated benchmark dataset, PSP (Paper-to-Slides
with Preferences), with effort on both data and evaluation
protocol. Unlike prior datasets that focus on direct paper-to-
slides conversion with limited consideration of user prefer-
ences, PSP explicitly incorporates diverse user preferences,
covering both content structuring and aesthetic presentation,
thereby paving the way for comprehensive evaluation of cus-
tomized paper-to-slides generation methods.

We manually curated data from the public proceedings
of leading AI and scientific venues, including top confer-
ences such as AAAI, ACL, CVPR, NeurIPS, as well as
high-impact journals like Nature, Science, The Lancet, and
Chemical Reviews Letters. The source corpus encompasses
papers spanning a broad spectrum of research fields, in-
cluding general Al, machine learning, natural language pro-
cessing, computer vision, chemistry, and medicine, ensur-
ing both topical and stylistic diversity. To capture variation
in user presentation preferences, we collected 50 distinct
and high-quality paper-slides pairs that reflect diverse struc-
turing and stylistic preferences across presenters and disci-
plines. Additionally, we curated a set of 10 academic slide
templates representative of common research-oriented lay-
out and aesthetic conventions. Finally, we gathered 200 sci-
entific papers to serve as target input papers for slide gener-
ation. Altogether, this yields a pool of 200 target papers, 50
sample paper-slides pairs, and 10 layout templates, resulting
in up to 200 x 50 x 10 = 100,000 unique input combina-
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tions for conditional slide generation. As shown in Table 1,
our dataset is the largest among existing paper-to-slides gen-
eration benchmarks, offering significantly more input com-
bination possibilities and uniquely supporting open-ended
preference modeling.

6 Evaluation Metrics

To support proper evaluation, we introduce two complemen-
tary sets of metrics: preference-based metrics, which as-
sess how well the generated slides can follow user prefer-
ences, and preference-independent metrics, which evaluate
the overall slide quality independent of those preferences.

Preference-Based Metrics We propose four metrics to
evaluate a system’s ability to follow user preferences across
different aspects.

1. Coverage. It evaluates whether the generated slides cover
a similar set of high-level subtopics (e.g., introduction, moti-
vation, method) as the sample slides. We use an LLM to ex-
tract these structural topics from both S and S,..; and com-
pute the intersection-over-union (IoU) between them.

2. Flow. It assesses whether the subtopics are presented
in a similar order. Using the same LLM-based extraction
method, we obtain the subtopic sequences from both the
generated and sample slides, and compute the Normal-
ized General Levenshtein Distance (NGLD) (Yujian and
Bo 2007) between them. The similarity score is defined as
1 — NGLD(S, Sief), where NGLD lies in [0, 1].

3. Content Structure. We assess how well the generated
slides align with the structural presentation style of the input
paper—slides sample pair. Using an LL.M-as-a-judge frame-
work, the model is instructed to focus on content organi-
zation such as pace, level of detail, visual formatting, and
slide transitions—while ignoring the actual subject matter.
A score from 1 to 5 is assigned based on the degree of struc-
tural and stylistic alignment.

4. Aesthetic. It evaluates how well the generated slides visu-
ally align with the given template, focusing on layout, back-
ground, color scheme, fonts, and recurring elements (e.g.,
headers or logos). The assessment targets visual design only,
ignoring textual or semantic content. We feed slide screen-
shots into a VLM to produce a 1-5 score.



Benchmark # Test Papers  # Preference Types # Combinations | Open-Ended Preference? Source Domain
SciDuet (Sun et al. 2021) 81 - 81 - 3 Al Conferences
DOC2PPT (Fu et al. 2022) 595 595 - 9 Al Conferences
Persona-Aware-D2S (Mondal et al. 2024b) 50 4 200 No Subset of SciDuet
PSP (Ours) 200 500 100,000 Yes 7 Al Con'ferences, 3 Biomedical Journals,
1 Chemistry Journal, 1 General Journal
Table 1: Comparison among existing paper-to-slides generation benchmarks.
Preference-based Preference-independent
Method Coverage Flow Content Structure Aesthetic Content Aesthetic Overall
ChatGPT 62.62 56.84 61.60 80.80 47.00 68.32 62.86
AutoPresent (GPT-4.1) 72.84 59.58 49.60 22.40 28.05 60.20 48.78
PPTAgent (GPT-4.1) 64.41 54.24 57.60 97.20 58.36 71.96 67.30
Ours (Qwen2.5+Qwen2.5VL) 70.19 62.16 68.41 92.80 48.84 72.84 69.21
Ours (GPT-4.1) 74.47 66.65 72.80 98.00 67.64 75.24 75.80

Table 2: Performance on the PSP dataset. Comparison of our framework (two backbone variants) against three state-of-the-art

baselines. Scores are averaged over 50 target papers.

Preference-Independent Metrics While capturing user
preferences is central to our system, the generated slides
should also be of high quality regardless of those prefer-
ences. To support a more holistic evaluation, we also in-
troduce a set of metrics that assesses the presentation qual-
ity independent of user-specific preferences. Each metric is
scored using an MLLM-as-a-judge framework, where the
model rates specific aspects of the slides from 1 to 5 fol-
lowing a defined rubric.
1. Content. It evaluates how clearly and accurately the slides
convey the key information of the target paper. The model
considers the relevance and depth of the content and clarity.
The goal is to assess whether the slides provide a coherent,
focused, and informative summary of the original work.
2. Aesthetic. It assesses the overall visual appeal of the gen-
erated slides. An MLLM is instructed to focus on the presen-
tation’s design elements—such as layout, color choices, font
consistency, visual balance, and spacing—without consider-
ing content semantics. The model reviews the slides holisti-
cally to determine their professional and aesthetic quality.
Note that all metrics are normalized to a 0—100 scale for
consistent comparison across evaluation dimensions. We use
GPT-4.1 as the MLLM for all evaluations. Detailed grading
rubrics are provided at our project website. We also report
the average of these metrics, denoted as “Overall”.

7 Experiments
7.1 Experimental Setup

For the primary evaluation, we randomly sampled 50 papers
from the PSP dataset as target input papers. Each paper was
independently paired with one paper—slides sample pair and
one .pptx template file as preferences, both randomly se-
lected from the benchmark dataset.

We benchmarked our framework against three state-of-
the-art slide generation baselines: (1) ChatGPT (OpenAl
2025a): We manually upload all input components (target
paper, paper-slides sample pair, and template) via its web
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interface and prompt it to generate slides of the target pa-
per based on the supplied preferences. (2) AutoPresent (Ge
et al. 2025): As a text-to-slides generation method, AutoP-
resent takes only raw text as input. To simulate preference
conditioning, we adapted it to our setting by concatenating
the plain-text versions of the paper-slides pair with the target
paper. (3) PPTAgent (Zheng et al. 2025): Since PPTAgent
does not accept a paper-slides pair as preferences, we only
provide the target paper and template as input. For all meth-
ods (including ours), we constrain the generation to 10 slides
by embedding the instruction into the prompt for a fair com-
parison.

All compared systems were evaluated in a zero-shot
setting powered by MLLMs. Unless otherwise noted, we
employed and evaluated each system with the proprietary
GPT-4.1 (checkpoint gpt -4 .1-2025-04-14) serving as
both vision and language model. We also instantiated and
evaluated our system with the open-source Qwen2.5-72B-
Instruct (Yang et al. 2024) and Qwen2.5-VL-72B-Instruct
models (Bai et al. 2025) to demonstrate its adaptability
and robustness across base LMs. These open-source models
were served through the LMDeploy (LMDeploy Contribu-
tors 2023) framework and ran on NVIDIA H200 GPUs.

7.2 Experimental Results

Quantitative results. From Tab. 2, it can be observed that:
(1) No method achieves an overall average score above 80%,
highlighting the inherent difficulty of the preference-guided
paper-to-slides generation task. (2) Our method (GPT-4.1)
achieves the highest overall score (75.8%) and consistently
outperforms all baselines across both preference-based and
preference-independent metrics, suggesting that our frame-
work produces slides that are not only well-aligned with user
intent but also more informative and coherent from a gen-
eral perspective. (3) Our approach also performs competi-
tively when using the open-source Qwen2.5 + Qwen2.5VL
models, demonstrating strong adaptability across different
MLLM backbones without requiring model-specific tuning.



Setting Preference-based Preference-independent Overall
Coverage Flow Content Structure Aesthetic Content Aesthetic

Without content preference 65.80 56.83 54.67 94.67 65.73 73.93 68.61

Without chain-of-speech 73.60 63.99 66.00 94.00 47.33 74.53 69.91

Full system 74.82 68.38 66.00 96.67 66.40 73.60 74.31

Table 3: Ablation results on key model components. Results on a 30-sample subset of the PSP dataset.

Cost analysis. We sample five instances, each generating a
10-slide deck, with an average cost of $0.665 (GPT version)
or $0.016 (Qwen version), based on OpenRouter (Open-
Router Team 2025) API pricing as of October 13, 2025.
Qualitative analysis. Due to space limitations, detailed vi-
sualizations are included at our project website. Here we
summarize key observations: AutoPresent (Ge et al. 2025)
fails to reflect aesthetic preferences due to its text-only in-
put format. Although it can generate interleaved image-text
output, the generated images are not faithfully derived from
the paper, leading to weaker informativeness and potentially
misleading content. ChatGPT supports multi-modal inputs
but still struggles to consistently capture the desired visual
style, and often omits figures and tables from the original
paper, likely due to long context and the difficulty of ex-
tracting meaningful visuals from the paper. PPTAgent bet-
ter preserves layout templates but still lacks alignment with
the content structure. It also has a higher failure rate for
image-related content extraction compared to our method.
It frequently produces slides with large areas of unreason-
able blank space and sometimes retains placeholder ele-
ments from the template that should have been removed.
These observations highlight the challenge of slide gener-
ation and the effectiveness of our method.

Human evaluation. We recruited four graduate students
with over two years of Al research experience to compare
our method with PPTAgent, the strongest existing approach.
Each participant completed 15 case studies. For each study,
they were given the full input context (i.e., the target pa-
per, the paper-slides sample pair, and the . pptx template),
as well as anonymized outputs from both systems. They
were asked to score each case on metrics mirroring those
in our MLLM-based evaluation, covering two preference-
based and two preference-independent metrics, as well as
selecting an overall preferred output. The scoring rubric and
instructions were identical to those used in the automatic
evaluation. In total, we collected 60 independent human rat-
ings, with each of the 30 unique cases evaluated by two eval-
uators. Our method achieved an 81.63% win rate when com-
pared to PPTAgent, demonstrating its superiority and con-
sistent with evaluation by MLLMs. We also examined the
agreement between human ratings and MLLM-based eval-
uations, observing an average Pearson correlation of 0.64
(with 0.5 generally considered a strong correlation). Further
details are provided at our project website.

7.3 Ablation Studies

To assess the effectiveness of different components, we ran-
domly sampled 30 cases and conducted ablations on two
variants: (1) removing content preference guidance, and (2)
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disabling the chain-of-speech mechanism.

From Tab. 3, we highlight two key observations: (1)
Removing content preference distillation notably degrades
performance across all preference-based metrics, especially
coverage, flow, and content structure (by around 10%). This
not only validates the core hypothesis that modeling user-
specific content preferences, even from implicit and unla-
beled examples, is essential for generating slides aligned
with communicative intent, but also demonstrates the effec-
tiveness of our preference distillation module in capturing
and leveraging such nuanced user signals. (2) Disabling the
chain-of-speech module results in a clear drop in overall per-
formance, especially in general content quality (66.4% —
47.3%). This underscores the importance of aligning slide
planning with anticipated narration to improve clarity and
informativeness.

8 Conclusion and Limitations

In this paper, we explore the subjective nature of paper-
to-slides generation. We propose a practical yet challeng-
ing task conditioned on user preferences captured through
natural, real-world inputs. We introduce a human-like agen-
tic framework that distills implicit preferences and progres-
sively generates editable slides. A novel chain-of-speech
mechanism bridges slide planning with oral narration, en-
hancing coherence and enabling downstream applications
like video presentation. We also construct a benchmark
dataset that simulates diverse user preferences and design in-
terpretable metrics for robust evaluation. Experiments show
the superiority of our method in both preference alignment
and overall generation quality, paving the way for more per-
sonalized and flexible slide generation.

However, several limitations remain. First, our bench-
mark focuses exclusively on scientific papers. Extending it
to broader domains (e.g., business reports, educational ma-
terials, advertising content) could benefit more fields. Sec-
ond, while our training-free framework offers strong flex-
ibility and adaptability, exploring end-to-end multimodal
training for preference-guided slide generation is a promis-
ing direction. Third, although our MLLM-based evaluation
shows general alignment with human judgment, a notice-
able gap remains. We observe that MLLMs lack the fine-
grained perception of humans and exhibit inherent self-bias,
whereas cross-judge evaluations (e.g., Qwen judging GPT-
based models) tend to yield results more consistent with hu-
man ratings. Designing more human-aligned evaluation pro-
tocols remains a valuable direction for future research.
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