Under review as a conference paper at ICLR 2026

Presenting a Paper is an Art: SELF-IMPROVEMENT
AESTHETIC AGENTS FOR ACADEMIC PRESENTATIONS

Anonymous authors
Paper under double-blind review

ABSTRACT

The promotion of academic papers has become an important means of enhancing
research visibility. However, existing automated methods struggle limited story-
telling, insufficient aesthetic quality, and constrained self-adjustment, making it
difficult to achieve efficient and engaging dissemination. At the heart of those
challenges is a simple principle: there is no way to improve it when you cannot eval-
uate it right. To address this, we introduce EvoPresent, a self-improvement agent
framework that unifies coherent narratives, aesthetic-aware designs, and realistic
presentation delivery via virtual characters. Central to EvoPresent is PresAesth,
a multi-task reinforcement learning (RL) aesthetic model that provides reliable
aesthetic scoring, defect adjustment, and comparative feedback, enabling iterative
self-improvement even under limited aesthetic training data. To systematically
evaluate the methods, we introduce EvoPresent Benchmark, a comprehensive
benchmark comprising: Presentation Generation Quality, built on 650 top-tier Al
conference papers with multimodal resources (slides, videos and scripts) to assess
both content and design; and Aesthetic Awareness, consisting of 2,000 slide pairs
with varying aesthetic levels, supporting joint training and evaluation on scoring,
defect adjustment, and comparison. Our findings highlight that (i) High-quality
feedback is essential for agent self-improvement, while initial capability alone does
not guarantee effective self-correction. (ii) Automated generation pipelines exhibit
a trade-off between visual design and content construction. (iii) Multi-task RL
training shows stronger generalization in aesthetic awareness tasks.

1 INTRODUCTION

As scholarly communication increasingly moves online, the promotion of academic papers has
become a crucial means of enhancing research visibility. Among various formats, presentation videos
stand out for their efficiency and intuitiveness. Despite recent progress in automatic generation, in-
cluding paper-to-slide (Ge et al., 2025;|Zheng et al., 2025) generation and text-to-video synthesis (Shi
et al.| [2025; Xue et al.| 2025)), existing methods still present several notable limitations. Specifically,
current approaches, as illustrated in Figure[1|(b—c), suffer from limited narrative coherence due to di-
rect extraction; restricted design flexibility from fixed templates; and the absence of self-improvement
mechanisms that leave systems overly dependent on manual intervention in academic communication.
Second, presentation aesthetic evaluation remains underdeveloped, with existing methods lacking
both adequate aesthetic awareness (Zhou et al.| |2024b) and dedicated metrics, which limits the
comprehensiveness and reliability of evaluation. Moreover, current evaluation methods largely rely
on VLM-as-judge methods (Hwang et al., [2025)), further reducing their consistency and robustness.

To address the limitations of generation quality, we propose EvoPresent, as shown in Figure[I[a), a
self-improving agent framework that follows a draft—feedback-refinement iterative loop to produce
academic presentations with both narrative coherence and aesthetic awareness. First, the Storyline
Agent extracts core text and figures from papers to construct structured scripts. Next, the Scholar
Agent expands the narrative and enriches content through tool selection (e.g., image generation),
while the Design Agent handles layout design and visual rendering to produce slides and video
frames. Finally, the Checker Agent evaluate the presentation’s content and design while providing
targeted feedback until it reaches the desired visual standard. In this process, the framework integrates
PresAesth, a multi-task reinforcement learning-based aesthetic model to support the agents’ iterative
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Figure 1: Comparison between EvoPresent and other methods. (a) EvoPresent achieves high quality with
fewer iteration through its self-improvement framework, supporting multiple formats (videos, scripts, slides)
for a more realistic presentation. (b) PPTAgent (Zheng et al.| [2025) and PresentAgent (Shi et al., 2025
lack content expressiveness and are limited by fixed templates. (c) Paper2Poster (Pang et al., [2025) lacks
flexibility and an effective visual checker, leading to poor visual design and requiring extensive adjustments.

self-improvement. Trained on limited aesthetic preference data, PresAesth leverages Group Relative
Policy Optimization (GRPO) (Shao et al.,|2024) for joint multi-task learning. It consistently performs
aesthetic scoring, defect correction, and pairwise comparison, ensuring reliable aesthetic perception
and reasoning for the system. Through this framework, EvoPresent not only enhances narrative
coherence and expressiveness but also achieves aesthetic-aware design, ultimately producing higher-
quality and more engaging academic presentation.

To address the shortcomings of existing evaluation, we propose EvoPresent Benchmark (Sec. ),
which integrates two components: (i) Presentation Generation Quality, covering 650 academic
resources across multiple domains and formats (slides, videos and scripts) with human annotations.
This combines both global and fine-grained evaluations: the former focuses on overall narrative
coherence and aesthetics, quantified with objective metrics (e.g., perplexity), while the latter leverages
VLM-as-Judge to assess content and design across eight dimensions. (ii) Aesthetic Awareness, a
dataset with 2000 slide pairs constructed with controlled perturbations (e.g., layout change) to provide
a systematic framework for training and evaluation in aesthetic perception and reasoning.

We further conduct a systematic evaluation of EvoPresent against state-of-the-art models and multi-
agent approaches, yielding the following key findings: (i) Multi-task RL demonstrates superior
generalization in aesthetic awareness compared to other training paradigms. (ii) High-quality feedback
proves essential for the iterative self-improvement of agent frameworks, yielding fewer iterations and
faster progress. (iii) Agents’ initial performance does not necessarily correlate with its correction
ability, and high performance alone is insufficient to guarantee stronger correction. (iv) Automated
generation tasks reveal an inherent trade-off between content construction and visual design, where
aesthetic awareness emerges as the primary bottleneck. To sum up, our contributions are listed as
follows:

* We introduce EvoPresent, the first self-improvement multi-agent framework for generating
realistic academic presentations with minimal human intervention.

* We design PresAesth , a multi-task reinforcement learning aesthetic model that unifies scoring,
defect adjustment, and comparison with limited human-preference aesthetic data.

* We propose EvoPresent Benchmark, a comprehensive framework that supports systematic evalua-
tion of generation task performance and joint training—evaluation of aesthetic awareness tasks.

» Extensive experiments show that EvoPresent surpasses existing methods, delivering presentations
of higher quality and engagement comparable to human-designed.

2 RELATED WORK

Automated Presentation Generation. Recent advances in multimodal large language models have
driven progress in the automated generation of academic papers, including tasks such as academic
slide creation (Zheng et al.l 2025;|Ge et al., 2025} [Shi et al.,[2025)) and poster generation (Pang et al.|
2025)). However, the quality of the generated outputs often falls short of practical requirements. As
shown in Figure[I(b), PPTAgent and PresentAgent primarily rely on direct content extraction and
fixed templates, which results in limited narrative coherence. Figure[I|(c) further indicates that while
Paper2Poster employs a VLM-based checker, its limited aesthetic and design perception constrains
generation quality. Moreover, most existing methods lack a reliable self-improvement mechanism,
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Figure 2: Overview of the EvoPresent framework. (a) EvoPresent first performs content extraction
and voice generation, then constructs the storyline and script, followed by content enhancement
using image generation and knowledge retrieval. Design and rendering are handled next, and the
aesthetic checker evaluates the initial slide and provides adjustments. (b) PresAesth is trained on a
human-preference aesthetic dataset via multiple tasks (scoring, defect adjustment, and comparison).
(c) The PresAesth model guides the agent framework in iterative self-improvement.

leaving the generation process heavily dependent on manual intervention (Li et al.||2023)). In contrast,
EvoPresent integrates storyline construction with iterative self-refinement, ensuring high-quality
academic presentations with minimal refinement.

Aesthetic Evaluation. The aesthetic evaluation of visual design remains a formidable challenge,
as existing VLMs still show a substantial gap in capturing the nuanced and subjective nature of
aesthetics compared to human perception (Zhou et al.,[2024b). Many methods are being explored,
such as developing systems for accurately scoring image designs (Hong et al., 2023} Yu et al.,[2021)
and techniques for better aligning model outputs with human preferences (Zhou et al.}[2024a;|Li et al.,
2025} |Liao et al., [2025). However, existing methods are largely confined to natural image aesthetics
and struggle with the higher subjectivity and complexity of academic scenarios (e.g., slides), leading
to unstable performance. In contrast, our proposed PresAesth, trained via multi-task RL, exhibits
stronger aesthetic awareness, enabling more reliable evaluation of academic visual design.

3 EVOPRESENT FRAMEWORK

Overview. We propose EvoPresent, a self-improvement agent framework built upon a
draft—feedback-revision cycle. The pipeline leverages four agents in sequence: the Storyline Agent
extracts key information from the paper to construct the storyline and script, the Scholar Agent
enriches them with external knowledge and image generation tools, the Design Agent generates
layouts and renders initial drafts of slides and video frames, and the Checker Agent evaluates content
and design to provide targeted feedback for refinement. Especially, to overcome the challenge of
aesthetic evaluation and ensure reliable adjustment, we integrate PresAesth (Sec.[3.2), a multi-task
RL aesthetic model that performs three core tasks-scoring, defect correction and pairwise comparison,
thereby supporting the agent framework’s effective iterative self-improvement.

3.1 EVOPRESENT WORKFLOW

Storyline Agent. Given an paper, the first step involves organizing the information and conceptual-
izing the storyline. The Storyline agent first employs Marker (Paruchuri, 2025) to extract text and
visual elements, storing them in a unified library. To minimize redundancy and ensure completeness,



Under review as a conference paper at ICLR 2026

the agent performs several key functions: (i) constructs a story framework by dividing the paper
into thematic sections; (ii) reorganizes the text into coherent chapters, extracting key arguments and
details; (iii) associates pertinent visuals and formulas with the content while filtering out irrelevant
elements; (iv) generates a complete presentation script based on the constructed storyline.

Scholar Agent. The Scholar Agent optimizes the paper’s storyline to enhance both the academic
content and visual quality of the presentation. It first analyzes the storyline to identify gaps in
academic information and enriches it through: (i) Knowledge Enrichment: using tools such as the
ArXiv Metadata and Citation Parser (MCP) (Blazickl 2025) to access additional related knowledge.
(ii) Visual Enhancement: employing GPT-40 (OpenAl, 2024) and Qwen-Image (Wu et al., [2025) to
generate relevant charts or diagrams, improving visual impact and aligning visuals with the text.

Design Agent. Once the storyline is defined, our Design Agent begins designing the presentation
pages. This agent consists of two core components: the Layout Planner and the Style Render. The
process begins with the Layout Planner, which addresses the crucial task of arranging elements
with aesthetic precision. To overcome the instability of using an agent without visual feedback, the
planner first generates an initial layout based on text and image sizes to ensure element balance and
correct aspect ratios. With a stable layout in place, the Style Render renders the overall visual design.
It analyzes the overall theme to select a suitable style from a predefined Cascading Style Sheets
(CSS) library, applying only visual elements like colors, fonts, and backgrounds to ensure the layout
remains flexible. Finally, the agent adjusts font sizes to create a clear information hierarchy and
applies dynamic effects to enhance audience engagement. Both components directly impact the final
quality, and our choice of HTML over the less stable PPTX format provides the necessary flexibility
and aesthetic control for this workflow (see Appendix [14|for a format comparison).

Checker Agent. The Checker Agent is a critical com-
ponent designed for iterative refinement of presenta-
tion. Integrated with the PresAesth model (Sec.[3.2)),
it performs stable aesthetic perception of slides. As Hons

h in Algorithm [T} the agent evaluates the aes- Ensure: Preseftation video Ve
shown 1n A'g L Lr gent ev: o L Spest <= 59, Scorepes = 0
thetic score of the slide in each iteration, terminating 2: fort = 0to 7' — 1 do

Algorithm 1 Checker Agent Workflow

Require: Initial slides S (), Layout Planner L, Checker
Agent C, iterations T', threshold Sy,

early if the score exceeds the threshold (The default 3 'Scorem(t()— C.score(S™) > Scoring
aesthetic threshold is set to 8.0; further details are pro-  4: i Score®™ > 5y, then o
. . . . . S: return V), < generate(S(*))

vided in Appendix B.) and otherwise providing feed- ¢.  enqif
back to the Layout Planner for refinement. The agent  7: U + S® o -
further compares scores across iterations, reverting ~5: it >0/ Score < Score"™ ! then

. . .. . 9: U« S¢ > Revert to better version
to the highest-performing version in case of quality 10:  endif
degradation, and if no iteration meets the target score, 11:  Feedback <— C'feedback(U)

. . . . . 1
the version with the highest score is selected as the }% i :+ ) & LJSeﬁ“e(U:tl;eedbaCk)

: . : : : if Score > Scorepesr then
final output. The finalized slides are then paired with  3: Spor ¢ S, Scorepe ¢ Score(®)
narration audio generated by a text-to-speech system, 15:  endif
16: end for

with each audio segment temporally aligned to its
relevant slide. The video presents slides for the du-
ration of narration, optionally incorporating transitions. Through this iterative refinement process,
the Checker Agent ensures both aesthetic consistency and stability. See Appendix [FI] for video
generation details.

17: return V. < generate(Spes) > Select the best

3.2 PRESAESTH: MULTI-TASK AESTHETIC AWARENESS MODEL

Tasks Formulation. Slides serve as the primary medium in academic presentations, and accurate
perception and evaluation of their aesthetics is essential to overall quality. Accordingly, we define
three core tasks for the PresAesth model: (i) Scoring: Given a single slide image as input, this task
is to evaluate its absolute quality on a numerical scale, providing a holistic quantitative assessment.
(i) Defect Adjustment: Taking a single slide image as input, this task requires identifying specific
deficiencies and providing specific feedback for improvement. Deficiencies are classified into three
main categories: Composition & Layout, Typography, and Imagery & Visualizations. (iii) Comparison:
Given a baseline slide image and two proposed revisions, the task is to identify which of the two
revisions offers a superior improvement over the baseline. Overall, these tasks jointly aim to endow
the model with aesthetic awareness consistent with human preferences.

Multi-Tasks GRPO. To train PresAesth, we employ GRPO, an efficient RL method that leverages
verified reward signals to capture the subjective nature of aesthetic evaluation, with Qwen-2.5-VL-
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7B (Bai et al., [2025) serving as the base model. Unlike Supervised Fine-Tuning (SFT), which fails
to learn complex aesthetics from simplistic ground-truth labels. RL approach allows the model to
explore and develop sophisticated reasoning by learning from verified reward signals. Consequently,
our model delivers both accurate aesthetic judgments and coherent reasoning, enabling precise and
effective feedback to steer our agentic workflow. GRPO’s group-based optimization intrinsically
matches how humans make aesthetic judgments through comparative assessment rather than absolute
scoring. We apply the same loss function as in (Shao et al.l 2024), details are in Appendix [C.1]

To guide the training process, we design a comprehensive reward function. The first component is
a Format Reward, which ensures the model’s outputs are structured and parsable. We require the
model to articulate its reasoning process within (think) and (/think) tags, and present its final
conclusion within (answer) and (/answer) tags. A reward of 1 is issued if the response strictly
adheres to this format, and O otherwise, encouraging the generation of well-organized outputs. The
second component is an Accuracy Reward (r,..), which evaluates the correctness of the content
within the answer tag. This reward is task-dependent, formulated as:

H(Ocomp = ycomp) for Comparison Task
Tace = { L(F1(f(Odef), Yaer) > )  for Adjustment Task
I(]0score — Yscore| < ¢)  for Scoring Task

where I(+) is the indicator function; Ocomp» Odef» aNd Ogcore are the model’s outputs for each task, while
Yeomps Ydefs aNd Yeore are the associated ground-truth labels. The function f(-) parses the model’s
textual feedback to extract deficiency categories. o and ( are predefined tolerance thresholds for the

Fl-score and scoring error, respectively. The overall reward for the i-th response, 7(*), is the sum of

its format and accuracy rewards: () = 7’&1 + rgéi This reward structure provides distinct incentives

for both correct formatting and factual accuracy. Training settings are detailed in Appendix [C.2]

4 EVOPRESENT BENCHMARK

4.1 TASK DEFINITION

The EvoPresent benchmark consists of two core tasks: (i) Presentation Generation Quality, which
evaluates both content and design dimensions; and (ii) Aesthetic Awareness, established as an
integrated training—evaluation framework for aesthetic scoring, defect adjustment, and pairwise
comparison. See Appendix [B.1|for detailed benchmark settings.

Generation Quality. We evaluate the presentation generation quality using two dimensions: (i)
Global Evaluation, which employs objective metrics to assess overall performance. For content, we
measure coherence and fluency with Perplexity (PPL) and ROUGE-L (Lin, 2004); for design, we
evaluate composition through Layout Balance and Aesthetic Scores derived from PresAesth (1-10
scale). (ii) Fine-Grained Evaluation leverages a VLM-as-judge to assess presentations on a 1-5 scale
across eight localized dimensions. The content dimensions include Fidelity, Clarity, Narrative and
Engagement, while the visual design dimensions encompass Elements, Layout, Hierarchy and Color.

Aesthetic Awareness. To evaluate the model’s aesthetic awareness, we assess three tasks separately:
scoring, defect adjustment, and comparison. Scoring is evaluated using the Mean Absolute Error
(MAE) against human annotations. The defect adjsutment task uses the F1-score to measure categories
in No Deficiency, Composition & Layout, Typography, and Imagery & Visualizations. The comparison
task is evaluated by Accuracy, where the model is required to select the higher-quality slide.

4.2 BENCHMARK CONSTRUCTION

Data Collection. (i) Generation Quality evaluation, as shown in Figure 3(a), covers 650 papers
(13,000 slides in total) from top Al conferences (e.g., ICLR, NeurIPS), spanning multiple domains (e.g.
CV, NLP). Each paper is accompanied by various formats: slides, videos, and scripts, all annotated
by 2-3 experts. As shown in Table [T} existing automated generation benchmarks typically have
fewer samples and are limited in domain and formats, whereas EvoPresent provides a comprehensive
evaluation across multiple modalities. (ii) The Aesthetic awareness suite is constructed through a
multi-stage human annotation process. We apply perturbations (e.g., style changes) to the original
slides from the generation quality evaluation, producing three variants of different visual quality
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Figure 3: Data Statistics for our Benchmark. (a) The categories of papers across different venues. (b)
Distribution of presentation videos and scripts, including slide counts, video duration, average slide frame
time, and slide script tokens. (c) The overall scores and deficiency categories of aesthetic awareness data.

(labeled as poor, base and good) and forming slide pairs accordingly. Each slide is independently
annotated by 2-3 annotators with both quality ratings and defect labels, ensuring applicability to
aesthetic scoring, defect detection, and comparison tasks. The dataset comprises 2,000 slide pairs
(6,000 slides in total), with 1,600 used for training and 400 for testing. Details of data collection are

in Appendix B2

Data Statistics. (i) As shown in Figure[3[b), the Gener-
ation Quality evaluation task spans various presentation

Method Domain Sample Video Script

X . PPTAgent 5 500 X X

formats to ensure diversity. Source papers average 9 pages Paper2Poster 6 100 X X
of technical content, while corresponding presentation p2pP 7 rrx X
id 9.5 minutes. The number of slides ranges PresentAgent : 07
V1deos average 5.5 minutes. g EvoPresent (ours) 8 650 v v

from 6-19, with display times of 10—100 seconds per slide,
and script lengths from 50-300 words, reflecting diverse
presentation styles. (ii) In the Aesthetic Awareness task,
illustrated in Figure Ekc), the aesthetic score distribution
is relatively balanced, with most concentrated between 5-7. Each slide contains at least 2-3 design
errors across different categories to ensure the diversity and appropriate difficulty of the evaluation.

Table 1: Comparison of different bench-
marks for generation and evaluation.

5 EXPERIMENTS

Baseline. For the Generation Quality evaluation, we compare four categories of methods: (i) Oracle
method, where the original slides serve as the upper bound fo visual quality and the script as the
gold standard for content; (ii) End-to-end methods, including HTML-based generation (GPT-4o,
GPT-5 (OpenAl, 2025a)), Claude-4-Sonnet (Anthropic, 2025)), DeepSeek-R1 (DeepSeek-Al et al.,
2025))) and Image-based generation GPT-40-Image; (iii) Multi-agent methods, including PPTA-
gent, PresentAgent, and Paper2poster; (iv) Our method, EvoPresent. For the Aesthetic Awareness
evaluation, we assess the same set of closed-source models as introduced above, together with
the open-source models GLM-4.5V (Team et al., 2025}, Qwen-VL-7B/32B (Bai et al., 2025)), and
VLAA-Thinker-7B (Chen et al| [2025). Details of methods and settings are provided in Appendix [D.1}

5.1 EVALUATION AND ANALYSIS

Presentation Quality Results. As shown in Table 2] EvoPresent outperforms existing methods in
both content and visual design. While end-to-end models like GPT-40 maintain content integrity,
they lack aesthetic perception, resulting in weaker visual appeal. In contrast, EvoPresent-4o reduces
perplexity by about 17% and achieves notable improvements in fine-grained metrics. Although
reasoning models like Deepseek-R1 and GPT-5 produce better visual quality, they tend to introduce
redundancies, leading to higher perplexity. This reveals a trade-off between aesthetics design and
content construction. Compared to multi-agent methods, EvoPresent stands out in narrative and
engagement, achieving superior visual quality due to its iterative self-improvement process. Moreover,
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Global Evaluation Fine-Grained Evaluation
Model N
PPL | ROUGE-L ! Balance | Aesth. 1| Contentscoref Design scoref yoran
Fid. Clar. Nar. Eng. Ele. Lay. Hier. Color.
Oracle methods
Slides + Scripts [ 16.64 20.53 0.82 8.50 [4.32 4.18 4.13 3.95 390 3.78 4.00 3.78 4.01
End-to-end methods
GPT-4o 24.32 12.59 0.70 7.05 [3.83 3.48 3.63 3.57 3.34 3.44 3776 3.65 3.58
GPT-40-Image 56.50 7.69 0.67 6.84 |3.67 3.21 3.15 3.50 3.24 3.35 3.57 3.30 3.37
GPT-5 24.48 12.72 0.72 7.80 |4.02 3.56 3.96 3.73 3.70 3.49 3.92 3.68 3.76
Deepseek-R1 25.58 10.40 0.64 7.52 |3.93 3.45 3.82 3.56 345 325 380 3.64 3.61
Claude-4-Sonnet 22.02 14.87 0.72 7.70 |4.03 3.56 3.98 3.86 3.60 3.52 3.96 3.69 3.78
Multi-Agent methods
PPTAgent-40 23.45 12.04 0.73 7.28 [3.90 3.53 3.66 3.57 3.52 3.50 3.77 3.60 3.63
PresentAgent-40 22.80 12.69 0.68 742 (3.92 3.70 3.97 3.80 3.61 3.52 3.79 3.66 3.75
Paper2poster-4o 2223 13.64 0.71 7.65 |3.93 3.72 3.95 3.84 3.63 3.50 3.72 3.75 3.76
EvoPresent (ours)
EvoPresent-40 20.00 14.68 0.67 7.82 [3.95 3.74 4.08 3.85 3.63 3.63 3.78 3.80 3.82
EvoPresent-gpt5 20.08 15.85 0.75 8.15 [4.06 3.98 4.10 3.89 3.69 3.65 3.77 3.85 3.87
EvoPresent-rl 21.35 13.39 0.73 7.74 |3.98 3.80 4.06 3.83 3.66 3.49 3.99 3.67 3.81
EvoPresent-claude-4 | 18.57 16.78 0.78 8.05 [4.05 3.94 4.09 3.92 3.67 3.65 4.03 3.86 3.90

Table 2: Quantitative results of presentation quality. The evaluation covers both content and design aspects
at global and fine-grained levels. Global metrics include Perplexity, ROUGE-L, Layout Balance and
Aesthetic scores (1-10 scale). Fine-grained evaluation divides into content dimensions (Fidelity, Clarity,
Narrative, Engagement) and design (Elements, Layout, Hierarchy, Color), all rated on a 1-5 scale.

models with stronger capabilities, such as Claude 4-sonnet, perform better in aesthetics, particularly
in HTML rendering, where they refine visual elements with greater precision and effectiveness.
Notably, the differences in content quality across most models are relatively small, with their main
distinctions more evident in aesthetics and design capabilities.

EvoPresent (Ours) PresentAgent
Aesthetic Awareness Results. To effectively evaluate Claude-4-sonnet [ GPT-40-HTML || Decpseek-R1
the alignment of models with human preferences, we B
compare PresAesth with other models across three aes- 3 S i
thetic awareness tasks. As shown in Table[3] PresAesth  / =\ =
achieves consistently superior performance across all 2 | s
three aesthetic tasks. For scoring, its MAE is on average
about 18% lower than that of closed-source models such »,% //o N
as GPT-40 and Claude-4-sonnet, indicating predictions ‘«\ﬁ,\ & "’f: - /\i/%’
more closely aligned with human judgments. In terms B ’ (b

of defect adjustment, although some models perform
well on individual dimensions, PresAesth achieves sta-
ble performance across all aspects and attains the best
overall score, reflecting more reliable detection capabili-
ties. Most notably, in the comparison task, it achieves an
accuracy of 87.8%, on average about 40% higher than other models, and further provides structured
reasoning that enhances the explainability of its feedback. These results indicate that multi-task RL
training achieves stronger generalization and further enhances performance in aesthetic awareness..

Figure 4: Evaluation of the presentation ex-
perience. (a) Video performance assessed on
4 dimensions. (b) Content delivery evaluated
with verbatim and explanatory questions.

. Adjustment (F1-Score 1) A

Method ?\Z(:Eng Layout & Imagery & Cor:parlson

¢ Y Composition Typography Visualizations Avg. (Ace. 1)

VLAA-Thinker-7B| 1.92 0.529 0.417 0.156 0.367 0.565
Qwen2.5-VL-7B 1.45 0.521 0.432 0.173 0.375 0.542
Qwen2.5VL-32B 1.90 0.533 0.455 0.170 0.386 0.615
GLM-4.5V 1.99 0.525 0.441 0.162 0.376 0.642
Claude-4-sonnet 1.61 0.532 0.449 0.178 0.386 0.695
GPT-40 1.64 0.534 0.451 0.172 0.386 0.771
GPT-5 1.39 0.534 0.452 0.171 0.386 0.597
PresAesth (Ours) | 1.33 0.535 0.443 0.189 0.389 0.878

Table 3: Quantitative results of three aesthetic tasks. All results are evaluated on and averaged over the
aesthetic awareness test set of 400 sample pairs (Sec.[#.2). Additional results are in Appendix [D.2]

7
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Figure 5: TIllustration of presentation variants by different methods: (a) Author-designed, (b) Our
EvoPresent, (c) PresentAgent, (d) Paper2poster, (¢) GPT5-HTML (web-based), (f) GPT-40-Image (pixel-
based). The figure highlights several common design deficiencies marked with colored boxes: (1) overlap
issues, (2) content errors, , and (4) unbalanced layout design. The results
indicate that existing generation methods generally exhibit deficiencies in aesthetic design, whereas our
method achieves the closest visual alignment with the human-designed reference. Additional visualization
and results are presented in Appendix [E.2}

Presentation Experience Evaluation. To evaluate the overall experience of the presentation, we
analyze both video performance and the delivery of core paper content. Video performance is
assessed by Qwen-Omni-7B 2025)), which simulates human viewing and rates videos on
four dimensions: comprehension difficulty, narrative coherence, temporal fluency, and conciseness
(1-5 scale). As shown in Figure f[a), EvoPresent consistently achieves the best scores. For content
delivery, we randomly sample 30 papers from PaperQuiz and use both an open-
source model Qwen2.5-VL-32B and a closed-source model GPT-40 to simulate different reading
levels. These models read the slides and scripts and answer verbatim (directly answerable from paper)
and explanatory questions (higher-level comprehension) . As shown in Figure f{(b), our method
attains higher accuracy in both questions, effectively conveying paper core knowledge.

Qualitative Comparison' We present a quanti_ Preferred the former (%) I Preferred the latter (%)
tative comparison of different methods for two (A) Slides or Poster (B) Presentation Video

oral paper (Zha et al, 2025} [Qi et all, [2024).
As shown in Figure[5] existing methods exhibit
notable limitations in both aesthetic design and
content organization. Specifically, template-
driven methods such as PresentAgent often re-
sult in rigid layouts with frequent boundary er-
rors and suboptimal whitespace allocation. The
method GPT-40-Image generates visually plau-

Percentage (%)

B
8

o
. . . Age™ o Y nt Y Jomad
sible outputs, while the textual content is often O“ﬁ‘wﬂwsﬂ\kawe;,vi“‘s‘o*‘q"g“rsﬂ’resemwo\;‘O‘ﬁlnmgmuo“g
S|

blurred and illegible. Furthermore, structure- o oue
based methods such as GPT5-HTML provide Figure 6: Human evaluation of the generation based
stability but remain overly text-heavy, lacking on the EvoPresent benchmark, with results reflecting
visual hierarchy. In contrast, EvoPresent ad- the average preferences of all evaluators.

dresses these issues by establishing a clear hierarchy and a coherent multi-page narrative flow.

Human evaluation. To further evaluate EvoPresent, we conduct pairwise human preference evalua-
tions with five volunteers, comparing EvoPresent-claude-4 with other methods and human-generated
slides and videos. As shown in Figure|§|, Preferred the former (%) and Preferred the latter (%) respec-
tively indicate the proportion of participants favoring the first or second option in each comparison.
Detailed criteria are in Appendix [G] The results show that EvoPresent outperforms other methods in
generation quality and is competitive with human-generated presentations.
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5.2 ABLATION STUDY

Impact of Core Agents. We conduct ablation exper-

. . . Scholar Design Checker|Content 1 Design 1 Aesth 1
iments in the EvoPresent-40 setup by removing the

. . X v v 3.40 3.73 7.53

Scholar, Design, and Checker Agents. Results in Ta- v/ X v/ 3.91 335 7.03
v v X 391 3.54 6.40

ble 4] show that the Scholar Agent enhances content © 2 /A 301 393 o

coverage and narrative depth, with its removal reducing
the content score from 3.91 to 3.40: The Design Ag.ent Table 4: Ablation study of the core agents.
ensures layout balance and readability, and excluding  content and Design (1-5 scales) are averaged
it decreases the design by 10.2%. The Checker pre- over their four metrics, and Aesthetics (1-10
serves detail alignment and visual consistency; without scale) is obtained from the PresAesth . All
it, design drops by 5.1% and aesthetics by 15%. metrics defined in Section[d.T}

Multi-Task Generalizability. We compare several train-

ing strategies using Qwen2.5-VL-7b as baseline, with Vethod Scoring | Adjustment|Comparison
results in Table[3] Fine-tuning with GRPO on individual (MAE ])|(F1-Score 1)|  (Acc. 1)
tasks results in performance drops relative to PresAesth, Scoring Only 1.42 0.370 0.550

. . : Adjustment Only | 1.90 0.305 0519
suggesting thaf gesthetlc awareness taskh.v are not iso- ol i only | 179 0373 0719
lated but exhibit inherent dependencies. This may be due Multi-Task SFT | 1.73 0334 0.872
to their adherence to shared aesthetic principles, such as ~ Multi-Tasks GRPO| 133 | 0389 ()

balance and visual consistency. We further compare Pre- ) ) o
sAesth with a multi-task model trained via supervised ~1able 5t Ablation study on different training
fine-tuning (SFT). While multi-task SFT achieves higher strategies under multi-task paradigm.
accuracy than single-task RL training, it only outputs static labels without actionable feedback. In
contrast, GRPO-based training drives the model to actively perceive aesthetics and generate targed
feedback, better aligning with the self-improving agent paradigm.

Effect of Self-Improvement. To  (a) |, iicscore =0 avg tmprovement~ (B)  Teraton 0 ttration
further evaluate the role of aesthetic T % presacsm (ous) tteration 2 [Hll tteration 3
model PresAesth in iterative self- | = Quen2svi3m 2o s
. . . o | * GPT-40 g S » %
improvement, we integrate different g 7
X S ] GPT-do Deepseek-R1
models into the checker module and 46 5 & &
5t £ = 0 3
assess EvoPresent-40’s improvements £, 23w ™ i
in presentation aesthetic score. As £ 1% & \ o W
shown in Figure[7(a), when PresAesth ~ * R LA |
serves as the checker, the agent im- 0 4 oo
Initial ~ 1st 2nd 3rd 4th Sth 6th nd

proves from 3.2 to over 8.0 within Number of Self-Improvement P

three 1terations, whereas other check- Figure 7: Analysis of agent self-improvement. (A) Aesthetic
€IS require more than five iterations  score gver iterations with various models. (B) Distribution of
and achieve lower final scores. This jteration self-correction in the aesthetic defect adjustment.
indicates that high-quality feedback

can enhance the agent’s capacity for iterative refinement and speed up the improvement process.
We further evaluate the self-correction ability of different models in the aesthetic defect adjustment
task with PresAesth as the checker, as illustrated in Figure [7/(b). The results indicate that although
GPT-40 and DeepSeek-R1 achieve adequate initial performance, their gains within 1-2 iterations
remain below 20%. Similarly, more capable models such as Gemini-2.5-pro and Claude-4-Sonnet
achieve higher initial accuracy but still demonstrate limited self-correction ability. This indicates that
an agent’s initial performance does not necessarily correlate with correction, and high performance
alone is insufficient to guarantee stronger self refinement.

6 CONCLUSION

We introduce EvoPresent, a self-improvement framework for academic presentation generation.
The framework is built upon the EvoPresent benchmark, which provides a systematic setting for
evaluating presentation generation quality and supports integrated training—evaluation of multi-task
aesthetic awareness tasks. By training the PresAesth model with multi-task GRPO, we address key
limitations of existing methods, such as limited aesthetic awareness. EvoPresent leverages iterative
aesthetic-aware optimization to generate high-quality presentations aligned with human preferences,
enabling more engaging dissemination of research and knowledge.



Under review as a conference paper at ICLR 2026

ETHICS STATEMENT

The data utilized in this research were exclusively collected from publicly accessible websites of
academic conferences. Our data collection process was confined to information made publicly
available by the event organizers for informational purposes. No private or sensitive user data was
gathered or analyzed in this study.

REPRODUCIBILITY STATEMENT

The code and some examples of this project are available in the supplementary material.

REFERENCES

Anthropic. Claude-4, 2025. URL https://www.anthropic.com/news/claude-4. Ac-
cessed: 2024.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin Ge, Sibo Song, Kai Dang, Peng Wang,
Shijie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu, Mingkun Yang, Zhaohai Li, Jianqiang Wan,
Pengfei Wang, Wei Ding, Zheren Fu, Yiheng Xu, Jiabo Ye, Xi Zhang, Tianbao Xie, Zesen Cheng,
Hang Zhang, Zhibo Yang, Haiyang Xu, and Junyang Lin. Qwen2.5-vl technical report. arXiv
preprint arXiv:2502.13923, 2025.

John Blazick. arxiv-mcp-server: A model context protocol server for searching and analyzing
arxiv papers. https://github.com/blazickjp/arxiv-mcp-server, 2025. URL
https://github.com/blazickijp/arxiv-mcp—-server. Accessed: 2025-09-19.

Hardy Chen, Haoqin Tu, Fali Wang, Hui Liu, Xianfeng Tang, Xinya Du, Yuyin Zhou, and Cihang
Xie. Sft or rl? an early investigation into training rl-like reasoning large vision-language models,
2025. URL https://arxiv.org/abs/2504.11468\

DeepSeek-Al et al. Deepseek-rl: Incentivizing reasoning capability in llms via reinforcement
learning, 2025. URL https://arxiv.org/abs/2501.12948|

Joseph L Fleiss. Measuring nominal scale agreement among many raters. Psychological bulletin, 76
(5):378, 1971.

Jiaxin Ge, Zora Zhiruo Wang, Xuhui Zhou, Yi-Hao Peng, Sanjay Subramanian, Qinyue Tan, Maarten
Sap, Alane Suhr, Daniel Fried, Graham Neubig, and Trevor Darrell. Autopresent: Designing
structured visuals from scratch, 2025. URL https://arxiv.org/abs/2501.00912.

Kelley Gordon. 5 principles of visual design in UX. Nielsen Norman Group, 2020. URL https
//www.nngroup.com/articles/principles—-visual—-design/.

Kibeom Hong, Seogkyu Jeon, Junsoo Lee, Namhyuk Ahn, Kunhee Kim, Pilhyeon Lee, Daesik Kim,
Youngjung Uh, and Hyeran Byun. Aespa-net: Aesthetic pattern-aware style transfer networks,
2023. URL https://arxiv.org/abs/2307.09724.

Yerin Hwang, Dongryeol Lee, Kyungmin Min, Taegwan Kang, Yong il Kim, and Kyomin Jung.
Fooling the lvlm judges: Visual biases in Ivlm-based evaluation, 2025. URL https://arxiv,
org/abs/2505.15249.

Ziyue Jiang, Yi Ren, Ruiqi Li, Shengpeng Ji, Boyang Zhang, Zhenhui Ye, Chen Zhang, Bai Jionghao,
Xiaoda Yang, Jialong Zuo, Yu Zhang, Rui Liu, Xiang Yin, and Zhou Zhao. Megatts 3: Sparse
alignment enhanced latent diffusion transformer for zero-shot speech synthesis, 2025. URL
https://arxiv.org/abs/2502.18924.

Taekyung Ki, Dongchan Min, and Gyeongsu Chae. Float: Generative motion latent flow matching
for audio-driven talking portrait, 2025. URL https://arxiv.org/abs/2412.01064,

Weiqi Li, Xuanyu Zhang, Shijie Zhao, Yabin Zhang, Junlin Li, Li Zhang, and Jian Zhang. Q-
insight: Understanding image quality via visual reinforcement learning, 2025. URL https:
//arxiv.org/abs/2503.22679.

10


https://www.anthropic.com/news/claude-4
https://github.com/blazickjp/arxiv-mcp-server
https://github.com/blazickjp/arxiv-mcp-server
https://arxiv.org/abs/2504.11468
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.00912
https://www.nngroup.com/articles/principles-visual-design/
https://www.nngroup.com/articles/principles-visual-design/
https://arxiv.org/abs/2307.09724
https://arxiv.org/abs/2505.15249
https://arxiv.org/abs/2505.15249
https://arxiv.org/abs/2502.18924
https://arxiv.org/abs/2412.01064
https://arxiv.org/abs/2503.22679
https://arxiv.org/abs/2503.22679

Under review as a conference paper at ICLR 2026

Xin Li, Wenqing Chu, Ye Wu, Weihang Yuan, Fanglong Liu, Qi Zhang, Fu Li, Haocheng Feng,
Errui Ding, and Jingdong Wang. Videogen: A reference-guided latent diffusion approach for high
definition text-to-video generation. arXiv preprint arXiv:2309.00398, 2023.

Dinuo Liao, James Derek Lomas, and Cehao Yu. Enhancing the aesthetic appeal of ai-generated
physical product designs through lora fine-tuning with human feedback, 2025. URL https:
//arxiv.org/abs/2507.02865.

Chin-Yew Lin. Rouge: A package for automatic evaluation of summaries. In Text summarization
branches out, pp. 74-81, 2004.

OpenAl Gpt-40 system card, 2024. URL https://openai.com/index/
gpt—-4o—-system—-card/. Accessed: 2024.

OpenAlL Gpt-5 system card, 2025a. URL https://openai.com/index/
gpt—-5-system-card/. Accessed: 2024.

OpenAl. Text-to-speech — openai api documentation. https://platform.openai.com/
docs/guides/text-to-speech, 2025b. Accessed: 2025-09-24.

Wei Pang, Kevin Qinghong Lin, Xiangru Jian, Xi He, and Philip Torr. Paper2poster: Towards
multimodal poster automation from scientific papers, 2025. URL|https://arxiv.org/abs/
2505.21497.

Vik Paruchuri. marker: Convert pdf to markdown + json quickly with high accuracy. https:
//github.com/VikParuchuri/marker, 2025. Accessed: 2025-05-13.

Xiangyu Qi, Ashwinee Panda, Kaifeng Lyu, Xiao Ma, Subhrajit Roy, Ahmad Beirami, Prateek Mittal,
and Peter Henderson. Safety alignment should be made more than just a few tokens deep, 2024.
URLhttps://arxiv.org/abs/2406.05946.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, Y. K. Li, Y. Wu, and Daya Guo. Deepseekmath: Pushing the limits of
mathematical reasoning in open language models, 2024. URL https://arxiv.org/abs/
2402.03300L

Jingwei Shi, Zeyu Zhang, Biao Wu, Yanjie Liang, Meng Fang, Ling Chen, and Yang Zhao. Presenta-
gent: Multimodal agent for presentation video generation, 2025. URL https://arxiv.org/
abs/2507.04036!.

Patrick E. Shrout and Joseph L. Fleiss. Intraclass correlations: uses in assessing rater reliability.
Psychological bulletin, 86 2:420-8, 1979. URL https://api.semanticscholar.org/
CorpusID:13168820.

V Team et al. Glm-4.5v and glm-4.1v-thinking: Towards versatile multimodal reasoning with scalable
reinforcement learning, 2025. URL https://arxiv.org/abs/2507.01006/

Max Wertheimer. Untersuchungen zur Lehre von der Gestalt. Springer, 2017.

Chenfei Wu, Jiahao Li, Jingren Zhou, Junyang Lin, Kaiyuan Gao, Kun Yan, Sheng ming Yin, Shuai
Bai, Xiao Xu, Yilei Chen, Yuxiang Chen, Zecheng Tang, Zekai Zhang, Zhengyi Wang, An Yang,
Bowen Yu, Chen Cheng, Dayiheng Liu, Deqing Li, Hang Zhang, Hao Meng, Hu Wei, Jingyuan Ni,
Kai Chen, Kuan Cao, Liang Peng, Lin Qu, Minggang Wu, Peng Wang, Shuting Yu, Tingkun Wen,
Wensen Feng, Xiaoxiao Xu, Yi Wang, Yichang Zhang, Yongqiang Zhu, Yujia Wu, Yuxuan Cai,
and Zenan Liu. Qwen-image technical report, 2025. URL https://arxiv.org/abs/2508.
02324,

Jin Xu, Zhifang Guo, Jinzheng He, Hangrui Hu, Ting He, Shuai Bai, Keqin Chen, Jialin Wang, Yang
Fan, Kai Dang, et al. Qwen2. 5-omni technical report. arXiv preprint arXiv:2503.20215, 2025.

Qiyao Xue, Xiangyu Yin, Boyuan Yang, and Wei Gao. Phyt2v: Llm-guided iterative self-refinement
for physics-grounded text-to-video generation, 2025. URL https://arxiv.org/abs/2412,
00596.

11


https://arxiv.org/abs/2507.02865
https://arxiv.org/abs/2507.02865
https://openai.com/index/gpt-4o-system-card/
https://openai.com/index/gpt-4o-system-card/
https://openai.com/index/gpt-5-system-card/
https://openai.com/index/gpt-5-system-card/
https://platform.openai.com/docs/guides/text-to-speech
https://platform.openai.com/docs/guides/text-to-speech
https://arxiv.org/abs/2505.21497
https://arxiv.org/abs/2505.21497
https://github.com/VikParuchuri/marker
https://github.com/VikParuchuri/marker
https://arxiv.org/abs/2406.05946
https://arxiv.org/abs/2402.03300
https://arxiv.org/abs/2402.03300
https://arxiv.org/abs/2507.04036
https://arxiv.org/abs/2507.04036
https://api.semanticscholar.org/CorpusID:13168820
https://api.semanticscholar.org/CorpusID:13168820
https://arxiv.org/abs/2507.01006
https://arxiv.org/abs/2508.02324
https://arxiv.org/abs/2508.02324
https://arxiv.org/abs/2412.00596
https://arxiv.org/abs/2412.00596

Under review as a conference paper at ICLR 2026

Wenhui Yu, Xiangnan He, Jian Pei, Xu Chen, Li Xiong, Jinfei Liu, and Zheng Qin. Visually-
aware recommendation with aesthetic features, 2021. URL https://arxiv.org/abs/
1905.020009.

Kaiwen Zha, Lijun Yu, Alireza Fathi, David A. Ross, Cordelia Schmid, Dina Katabi, and Xiuye Gu.
Language-guided image tokenization for generation, 2025. URL https://arxiv.org/abs/
2412 .05796.

Zhuohao Zhang et al. Slideaudit: A dataset for evaluating slide design deficiencies. In Proceedings
of the 38th Annual ACM Symposium on User Interface Software and Technology (UIST 25). ACM,
2025. doi: 10.1145/3746059.3747736.

Hao Zheng, Xinyan Guan, Hao Kong, Jia Zheng, Weixiang Zhou, Hongyu Lin, Yaojie Lu, Ben He,
Xianpei Han, and Le Sun. Pptagent: Generating and evaluating presentations beyond text-to-slides,
2025. URL https://arxiv.org/abs/2501.03936.

Aven-Le Zhou, Yu-Ao Wang, Wei Wu, and Kang Zhang. Human aesthetic preference-based large
text-to-image model personalization: Kandinsky generation as an example, 2024a. URL https:
//arxiv.org/abs/2402.06389.

Zhaokun Zhou, Qiulin Wang, Bin Lin, Yiwei Su, Rui Chen, Xin Tao, Amin Zheng, Li Yuan, Pengfei
Wan, and Di Zhang. Uniaa: A unified multi-modal image aesthetic assessment baseline and
benchmark, 2024b. URL https://arxiv.org/abs/2404.096109.

12


https://arxiv.org/abs/1905.02009
https://arxiv.org/abs/1905.02009
https://arxiv.org/abs/2412.05796
https://arxiv.org/abs/2412.05796
https://arxiv.org/abs/2501.03936
https://arxiv.org/abs/2402.06389
https://arxiv.org/abs/2402.06389
https://arxiv.org/abs/2404.09619

Under review as a conference paper at ICLR 2026

Content of Appendix

Use of LLMs

EvoPresent Bechmark
B.1 Metrics . ................

B.2 DataConstruction . . . . ... .. ...

Multi-task aesthetic awareness RL training
C.1 GRPODetails . . . ...........
C.2 Training Settings . . . . ... .....

Experiments

D.1 Baselines . ...............
D2 MoreResults . .. ... ... .....
D3 AblationStudy . .. ... ... ....
D.4 Different Format . ... ... .....

Case Study
E.1 PresAesth Example Outputs . . . . ..
E.2 Presentation Generation . . . . . . . ..

E.3 More annotation examples. . . . . . . .

Iterative Self-Improvement Process

F.1 Presentation Video Generation . . . . .

Human Evaluation

G.1 Checklist . ... ............

Prompts Design
H.1 Training Prompts . . . ... ... ...

H.2 Generation Quality Evaluation Prompts

13



Under review as a conference paper at ICLR 2026

A USE OF LLMs

The use of LLMs in this study was strictly limited to their function as writing and editing assistants.
Their role involved improving the manuscript’s grammar, spelling, and stylistic consistency. LLMs
did not contribute to any core scientific aspects of the work, such as research ideation, experimental
design, data analysis, or interpretation of results. All substantive content and intellectual contributions
are solely the work of the authors.

B AESTHETIC THRESHOLD SELECTION

To enable stable iterative refinement, the Checker Agent adopts an aesthetic threshold to determine
convergence of the revision loop. We empirically set this threshold to 8.0. To justify this choice, we
evaluate multiple candidate thresholds using both aesthetic quality and computational efficiency. As
summarized in Table[6llower thresholds lead to fewer refinement iterations and reduced inference time
but noticeably degrade the final aesthetic quality of generated slides. In contrast, higher thresholds
significantly increase the number of iterations and overall inference cost, while yielding only marginal
improvements in aesthetic scores. A threshold of 8.0 thus provides a balanced trade-off between
refinement quality and computational overhead, ensuring efficient yet high-quality self-improvement.

Beyond threshold selection, we further study whether a single global threshold is suitable for slides
with different content structures. The EvoPresent Benchmark includes a broad range of academic
slide styles, including text-only, image-only, text-dominant mixed and image-dominant mixed slides.
PresAesth is therefore trained to produce a unified aesthetic judgment that is not tied to layout-specific
patterns. To validate this design, we group slides into the above three categories and compute the
correlation and error between model predictions and human annotations within each group. As shown
in Table[7] the four categories exhibit highly comparable correlation coefficients and error levels,
demonstrating that PresAesth maintains stable aesthetic perception across varying slide types.

Threshold S;;, Final Aesthetic Score T Avg. Iterations |

6.5 7.36 4.80
7.0 7.42 5.00
7.5 7.80 5.80
8.0 8.05 6.20
8.5 8.09 8.90
9.0 8.10 10.50

Table 6: Analysis of aesthetic thresholds. Lower thresholds reduce iteration cost but degrade the final
aesthetic quality, while higher thresholds increase computational overhead with marginal gains.

Slide Type Pearson T MAE |
Text-only slides 0.858 1.325
Image-only slides 0.854 1.330
Text-dominant mixed slides 0.847 1.316
Image-dominant visual slides 0.853 1.310

Table 7: Aesthetic prediction consistency across different slide types.

C MORE ANNOTATION DETAILS

Annotation Consistency. To ensure the reliability of the subjective annotations used in EvoPresent
Benchmark, we evaluate annotator consistency across both continuous rating tasks and discrete
classification tasks. Appendix provides the interfaces of our annotation platform and detailed task
checklists, while Appendix ﬁesents representative annotated examples illustrating the workflow
and decision criteria.
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Task Metric Consistency Score
Aesthetic Score (1-10) ICC 0.92
Presentation Quality Score (0-5) 1CC 0.95
Defect Detection Fleiss” Kappa 0.80
Pairwise Aesthetic Comparison  Fleiss’ Kappa 0.83

Table 8: Inter-annotator consistency across different annotation tasks.

For continuous aesthetic and presentation-quality ratings, we compute the Inter-Class Correlation
(ICC) (Shrout & Fleiss, [1979) to assess agreement among multiple annotators. The ICC is defined as:

B MSp — MSw
"~ MSp+ (k—1)MSw + E(MSg — MSw)

ICC ey

where M Sp denotes the between-target mean square, M Sy the within-target mean square, M Sr
the between-rater mean square, k£ the number of annotators, and n the number of items. Higher ICC
values indicate stronger consistency in continuous numerical ratings.

For discrete annotation tasks such as defect detection and pairwise comparison, we compute Fleiss’

Kappa (Fleiss, [1971):

PP
= — 2
) @

R

where P denotes the observed agreement among annotators and P, represents the expected agreement
by chance. A value of x > 0.6 is generally considered to indicate substantial agreement.

As summarized in Table 6, annotators exhibit consistently high agreement across all tasks, reflected
by strong ICC values, high Fleiss” Kappa scores, and low variance. These results demonstrate that
the benchmark provides stable and reliable subjective annotations, forming a robust foundation for
training and evaluating the PresAesth model.

More Data example. We have presented extensive case studies and sample data in Appendix [E.T]
To more comprehensively and clearly illustrate the composition of our benchmark and its annotation
workflow, we further provide additional representative annotation examples in Appendix [E3]

D VALIDATION IN CROSS-DOMAIN SCENARIOS

In terms of application generalization, EvoPresent is not limited to computer science papers. Because
the pipeline design and the training objectives of PresAesth do not rely on domain-specific semantics,
we further evaluate the system’s generalization ability on a set of 100 cross-domain documents
without any fine-tuning. This dataset covers a wide range of real-world document types, including
engineering reports, business documents, educational materials, life-science documents, and social-
science materials, with the detailed distribution shown in Table[9] Across these highly heterogeneous
sources, the system maintains stable performance in narrative construction, content organization, and
visual design, achieving presentation quality comparable to the results obtained on research papers.
In addition, as shown in Table[I0] PresAesth demonstrates consistently high accuracy in aesthetic
scoring, defect detection, and pairwise comparison, indicating that the framework achieves strong
and reliable cross-domain generalization. This data will also be released in future updates.

B EVOPRESENT BECHMARK

B.1 METRICS

In this section, we detail the metrics used in our benchmark, where we referenced several visual
design and perception theory literature (Wertheimer, 2017), and selected several key evaluation
indicators. These metrics are primarily grounded in Gestalt perceptual principles 2020) and
visual hierarchy theory to quantify various types of design flaws in presentation slides.
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Document Type Design Score (0-5) Content Score (0-5)
Engineering reports 3.85 3.77
Business documents 4.01 3.95
Educational materials 3.67 3.68
Life-science documents 3.75 3.80
Social-science materials 3.60 3.64

Table 9: Design and content evaluation scores across the 100 cross-domain documents.

Task Metric Accuracy on cross-domain
Aesthetic Scoring MSE | 1.35

Defect Detection Accuracy T 78.5%

Pairwise Comparison  Accuracy 1 90.7%

Table 10: Cross-domain performance of PresAesth.

Perplexity (PPL). We evaluate narrative coherence by computing perplexity using Qwen2.5-VL-
7B. For each slide, we input both the current slide image and the preceding slide image to assess
contextual fluency. The perplexity is calculated as:

N
1
PPL = exp <_N Z log P (w; | Teurrs Tprev, W1 - - - ,wi_1)>

i=1

where P(w;|Ieurr; Iprev, W1, - - ., wi—1) is the conditional probability of token w; given the current
slide image Iy, previous slide image Iy, and preceding text context. Lower perplexity indicates
better narrative flow and contextual coherence across slides.

ROUGE-L. ROUGE-L evaluates content fidelity by measuring the longest common subsequence
(LCS) between generated presentation scripts and reference content from the original paper. It is
computed as:

(]- + 52) : Rlcs : -Plcs

ROUGE-L =
/82 : Rlcs + Hcs
where:
LCS(X,Y) LCS(X,Y)
Rlcs = T~ ]chs = T 0~
Y| | X|

Here, X is the generated script, Y is the reference content, LCS(X,Y") denotes the length of the
longest common subsequence, and /3 is typically set to 1 for balanced precision and recall. Higher
ROUGE-L scores indicate better content preservation from the source material.

Layout Balance. We first segment the slide image to identify individual visual elements and their
bounding boxes, then compute the area-weighted center of mass to assess visual balance. The balance
score is calculated as:

Balance = max <O, 1-—- d )

dmax

where d is the distance from the center of mass to the slide center, and dax = 72 is the maximum
possible distance. The center of mass (Zcom, Yeom) is computed as:

e Z?:l Ai - Te Yeom = 2?21 Ai - Yey
com — T ~—n____ 4 com — T ~—n___ 5
2?21 A; ’ Z?:1 Ay
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where A; is the area of element 4, and (z.;,y.,;) is its center coordinate. Higher balance scores
indicate better visual equilibrium.

Fidelity. This metric measures how accurately and faithfully the content on the slide represents the
source information or the intended message. It assesses whether the content is free from factual
errors, misrepresentations, or discrepancies with the source data. In short, it evaluates the truthfulness
and accuracy of the content.

Clarity. This metric evaluates how easy it is to understand the text, charts, and data presented on the
slide. It considers whether the language is concise, unambiguous, and free of jargon, allowing the
audience to grasp the key points effortlessly.

Narrative. This metric assesses whether the content on the slides tells a coherent and compelling
story. It evaluates if there is a logical flow that guides the audience from one point to the next, forming
a complete and persuasive argument or story arc.

Engagement. This metric measures the content’s ability to capture and hold the audience’s attention.
It assesses whether the material is interesting, thought-provoking, or persuasive, making the audience
curious and invested in the topic.

Elements. This refers to the quality and appropriateness of the individual visual components used on
the slide, such as fonts (typography), images, icons, charts, and shapes. It evaluates whether these
elements are high-quality, relevant, and used effectively.

Layout. This metric evaluates the arrangement and spatial organization of all elements on the slide.
It assesses whether the composition is balanced, uncluttered, and makes effective use of whitespace.
A good layout guides the viewer’s eye in a logical and visually pleasing path.

Hierarchy. This metric assesses whether there is a clear visual distinction between primary and
secondary information. It evaluates if the audience can immediately identify titles, main points, and
supporting details. This is typically achieved through variations in font size, weight (boldness), color,
and placement.

Color. This metric evaluates the use of the color scheme on the slide. It considers whether the palette
is aesthetically pleasing and professional, if the contrast is sufficient for readability, and if color is
used purposefully to highlight key information, categorize data, or create a specific mood.

B.2 DATA CONSTRUCTION

Our data sources include real slide data as well as diversified variant images generated from reference
slides through data augmentation strategies. These variants may contain design improvements or
design flaws. We employ three predefined types of modifications to create slide variants of different
quality levels: (i) within-object alignment alterations that modify the internal structure of individual
elements, such as adjusting text alignment or subcomponent positions; (ii) between-object layout
alterations that adjust spatial relationships between entire elements, including scaling, repositioning,
and spacing adjustments; (ii) typography alterations that change font size, weight, and spacing
properties.

By applying these modification strategies to reference slides, we generate image pairs with different
design qualities, providing diverse test samples for evaluating design improvement and defect
identification algorithms. This approach ensures that the generated variants include both positive
modifications that may enhance visual effects and negative changes that may reduce design quality.
All generated image variants are ultimately assessed and annotated by human annotators to establish
reliable evaluation benchmarks.

C MULTI-TASK AESTHETIC AWARENESS RL TRAINING

C.1 GRPO DETAILS

We use the Group-wise Reward Policy Optimization (GRPO) algorithm for the fine-tuning phase. For
each query ¢, GRPO samples N = 8 responses {o("),0(?) ... o)} from an old policy 7g,, and
obtains corresponding rewards {r(l), r@ W )} from the reward model. To enable differential
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reinforcement based on relative quality, GRPO computes the normalized advantage for each response:

16) _ 7@ — mean({rM,r@ M}
- std({r(M, r@ . r}) ’

where A0 represents the normalized quality of the i-th response relative to others in the same group.
This normalization ensures the model learns from comparative quality differences rather than absolute
values. The optimization objective is defined as:

T(0) = Bly.ormmyyy {min [p7AD,clip (0,1 - 6,1+ 6) AV — 8- Dig [y, | I7er]

where the policy ratio p9 = 7y, (0 | q) / mg,, (0 | q) measures the change in probability of

generating a response, and the KL divergence term regularizes the policy to maintain training stability
by preventing large deviations from a reference model.

C.2 TRAINING SETTINGS

In this section, we detail the configuration of the key hyperparameters and data preprocessing steps
for our three core tasks. Hyperparameter values were determined through empirical analysis on a
held-out validation set to ensure that the reward signals were both meaningful and sufficiently dense
to facilitate effective learning. We initialize our AesthEval model from the Qwen-VL-7B checkpoint.
The entire training process was conducted on 8 NVIDIA H100 GPUs. The model was trained for a
total of 2 epochs. During the GRPO optimization phase, for each query, we sample N = 8 responses
in each rollout to compute the relative advantages and update the policy.

Training Dataset. Our training dataset is a composite of two distinct, human-annotated sources,
designed to cover both high-quality academic and general-domain slides. The first portion is academic
in nature, derived from the conference presentations we collected for our EvoPresent benchmark.
To incorporate examples with identifiable deficiencies, the second portion is sourced from the pre-
annotated SlideAudit (Zhang et al., |2025)) dataset, which contains slides from the general domain.
In total, our training data comprises approximately 3,400 instances, broken down by task: 500 for
Pairwise Comparison, 1,900 for defect detection, and 1,000 for Scoring.

Image Preprocessing. Since our dataset is aggregated from various sources, input images are of
inconsistent dimensions. To standardize the inputs, we normalize the image sizes. For the single-
image tasks (Adjustment and Scoring), we resize each image so that its longest edge is 960 pixels,
while maintaining its original aspect ratio. For the Comparison task, which processes three images
simultaneously, we use a smaller resolution to manage the increased computational load; the longest
edge of each of the three images is resized to 720 pixels.

Adjustment Task Threshold («). For the Adjustment Task, the reward is based on the F1-score,
which measures the overlap between the model-identified deficiency categories and the ground-truth
labels. We set the F1-score threshold to o = 0.5. This value was chosen as it strikes a balance: it is
high enough to ensure that the model’s feedback is substantively correct, yet flexible enough to not
overly penalize minor or stylistic omissions in the identified deficiencies. Preliminary experiments
showed that a higher threshold resulted in a sparse reward signal that hindered stable training.

Scoring Task Threshold (¢). The Scoring Task requires the model to output a numerical quality
score, which, in our benchmark, is on a scale from 1 to 10. For this task, we set the absolute error
tolerance threshold to ¢ = 0.25. This means a predicted score is deemed correct if it is within 0.5
of the ground-truth score (e.g., if the true score is 8.5, any prediction from 8.25 to 8.75 receives a
reward). This tolerance accounts for the inherent subjectivity in aesthetic judgment and provides a
stable learning signal by rewarding outputs that are “close enough” to the human consensus.

KL Regularization Coefficient (5). In the GRPO objective function, the hyperparameter 3 controls
the weight of the KL divergence penalty, which regularizes the policy update to prevent it from
deviating too drastically from the reference policy. A well-tuned £ is crucial for stable training. Based
on our validation experiments, we set 5 = 0.001. This small value provides sufficient regularization
to stabilize learning without overly constraining the policy optimization.
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D EXPERIMENTS

D.1 BASELINES

PPTAgent. PPTAgent employs a two-stage methodology: first analyzing reference presentations to
cluster slides into functional types and extract content schemas, then generating new presentations by
creating an outline that maps document sections to reference slides and producing editing actions to
modify them. The system uses HTML rendering for easier manipulation and includes self-correction
mechanisms to handle execution errors.

Paper2Poster. PosterAgent uses a three-stage approach: the Parser extracts paper content into
structured text and visual asset libraries, the Planner semantically matches assets and generates
binary-tree layouts preserving reading order, and the Painter-Commenter loop iteratively refines
panels where the Painter generates bullet points and executable code while a VLM Commenter
provides visual feedback to prevent overflow and ensure alignment. This top-down, visual-in-the-loop
design compresses 20K+ token papers into coherent single-page posters.

PresentAgent. PresentAgent uses a four-stage pipeline: document segmentation into semantic blocks
with assigned slide types, slide composition through editable operations on HTML layouts rendered
via python-pptx, narration generation using LLM prompting followed by text-to-speech synthesis, and
video assembly that combines slide images with time-aligned audio into synchronized presentation
videos.

GPT-4o-Image. This baseline leverages GPT-40’s integrated vision generation capabilities through
the web interface. The method takes the input document and a structured prompt as input, then
directly generates poster images using GPT-40’s multimodal generation pipeline. The generated
images are exported in standard formats for evaluation.

HTML-based end-to-end methods. These approaches use GPT-5 to convert input documents into
structured HTML markup, which is then rendered into visual presentations. The pipeline involves
prompting GPT-5 with the document content to generate HTML code containing layout structures,
styling, and content organization. The resulting HTML is subsequently rendered using web browsers
or HTML-to-image conversion tools to produce the final presentation images.

D.2 MORE RESULTS

Presentation Generation Quality.

Global Evaluation Fine-Grained Evaluation
Model 5
PPL | ROUGE-L  Balancet Aesth, | Contentscoref Designscore? (. oranl
Fid. Clar. Nar. Eng. Ele. Lay. Hier. Color.
Base methods

Slides + Scripts [ 16.64 20.53 0.82 8.50 [4.32 4.18 4.13 3.95 390 3.78 4.00 3.78 4.01

Multi-Agent methods
PPTAgent-qwen 21.03 13.41 0.74 7.69 [3.98 3.62 3.65 3.61 3.56 3.60 3.78 3.62  3.68
Paper2poster-qwen 21.23 14.05 0.72 773 |3.99 3.76 3.98 3.86 3.66 3.54 3.73 3775 3.78
PresentAgent-qwen 22.15 12.99 0.69 7.50 |3.97 3.76 4.02 3.85 3.67 3.56 3.80 3.66 3.79
PresentAgent-gemini-2.5-pro 20.01 13.45 0.73 7.56 |4.01 3.79 4.04 3.87 3.68 3.58 3.82 3.68 3.81
PresentAgent-claude-3.7-sonnet | 20.05 13.50 0.74 7.55 |3.98 3.79 4.03 3.88 3.65 3.59 3.83 3.69 3.81

EvoPresent (ours)
EvoPresent-qwen2.5-vl 19.00 15.08 0.69 7.85 [3.98 3.76 4.05 3.87 3.65 3.67 3.78 3.82 3.82
EvoPresent-claude-3.7-sonnet | 18.90 16.42 0.76 8.00 [4.03 3.92 4.05 3.87 3.58 3.65 4.00 3.83 3.87
EvoPresent-gemini-2.5-pro 18.53 16.23 0.75 8.08 [4.02 3.94 4.08 3.89 3.68 3.70 3.97 3.90 3.90

Table 11: More presentation generation quality.

Aesthetic Awareness. From Table @, we compare PresAesth with Q-Insight (Li et al.| 2025)), an
advanced aesthetic assessment method for natural images. Although this baseline achieves reasonable
performance, it is primarily designed for natural image evaluation and thus fails to fully capture
the design-specific characteristics of presentations. In contrast, our model achieves consistently
stronger results across all metrics, demonstrating its effectiveness in assessing the aesthetic quality of
academic presentations.
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Scoring |Adjustment|Comparison
Method | \1aE |)|(Fi-Score 1)| (Acc. 1)
Q-insight 1.65 0.383 0.516
PresAesth (Ours)| 1.33 0.389 0.878

Table 12: Quantitative results of three aesthetic tasks.

D.3 ABLATION STUDY

More results. We conducted further ablation studies, this time using different LLMs for the agent
backbones, including Gemini-2.5-pro, Claude-4-sonnet, and Qwen2.5-VL. The results, detailed
in Table [T3] show that our framework consistently outperforms the alternatives across all tested
LLMs. This demonstrates the robustness and model-agnostic nature of our framework; its superior
performance stems from the effectiveness of our agent-based architecture rather than a dependency
on any single LLM.

Scholar Design Checker|Content 1 Design 1 Aesth 1

EvoPresent-qwen2.5-vl

X v v 3.67 3.73 7.80
v X v 3.92 3.50 7.66
v v X 3.92 3.64 7.32
v v v 3.92 3.73 7.85
EvoPresent-claude-4-sonnet
X v v 3.82 3.78 8.02
v X v 4.00 3.55 7.90
v v X 4.00 3.67 7.82
v v v 4.00 3.80 8.05
EvoPresent-gemini-2.5-pro
X v v 3.92 3.80 8.08
v X v 3.98 3.75 7.97
v v X 3.98 3.77 7.91
v v v 3.98 3.81 8.08

Table 13: Ablation studies on more models.

Case Study. In the Figure[8]and Figure[9] we detail the results of our agent ablation study, where
we individually removed each of the three core agents from the pipeline to validate their specific
contributions. The agents examined are the Checker Agent, the Design Agent, and the Scholar Agent.
Each was removed independently to isolate its impact on the final presentation quality.

The first two ablations reveal the importance of the agents responsible for visual and stylistic integrity.
As can be seen, without the Checker Agent (w/o Checker Agent), the output exhibits significant
layout defects such as truncated images and excessive whitespace. This demonstrates its critical role
as a quality control stage. Similarly, removing the Design Agent (w/o Design Agent) results in a lack
of proper style rendering, leading to poor aesthetics, including imbalanced spatial arrangement of
elements and mismatched font sizes.

Finally, the absence of the Scholar Agent (w/o Scholar Agent) highlights its function in content
enrichment. Without this agent, the content is merely extracted from the source paper, resulting
in visually monotonous slides. This underscores the Scholar Agent’s crucial role in enhancing the
presentation by autonomously invoking tools (e.g., MCP, Qwen-Image) to generate relevant visual
elements that diversify and improve the page layout.
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D.4 DIFFERENT FORMAT

Following the evaluation method described in Section[d we compare the generation quality across
different output formats. As shown in Table [I4] the HTML format performs best in terms of
stability, offering greater controllability in both design and aesthetic dimensions. Markdown performs
reasonably well but remains less consistent than HTML, while PPTX performs worst. This is mainly
because PPTX lacks precise positional coordinates, which often leads to overlapping elements or
uneven distribution, thereby reducing design clarity and overall aesthetics.

Format | Content | Design | Aesthetic
PPTX 3.85 3.42 7.06
Markdoon 3.90 3.67 7.38
HTML (ours) 3.91 3.73 7.53

Table 14: Performance comparison across different output formats.

E CASE STUDY

E.1 PRESAESTH EXAMPLE OUTPUTS

AesthEval Example Output 1 (Comparison Task)

Introduction to Deep Model Reassembly

ion to Deep Model

Introduction to Deep Model

Base Slide Good Modification (Slide A) Weak Modification (Slide B)

<think>Slide A is clearly superior to Slide B as it isn’t just plain text from the source slide but adds new
graphic design features that more attractively make the case.</think>

<answer>Slide A</answer>

AesthEval Example Output 2 (Comparison Task)

Inference-Time Attacks Inference-Time Attacks

Inference-Time Attacks

Base Slide Good Modification (Slide A) Weak Modification (Slide B)

<think>Slide A is superior to Slide B.

1) Fidelity and Consistency:

Slide A accurately maintains all of the information from Slide B and adds supplementary icons alongside
each category. When it comes to style, both slides introduce an aesthetic header, making them consistent
with one another.

2) Overall Perceptual Quality:

Slide A outclasses Slide B when it comes to perceptual quality due to its higher degree of visual appeal.
This is made manifest by instructors’ clear preference for Slide A.

3) Clarity and Readability:

The text in Slide A is more legible thanks to its larger, bolder font size than that of Slide B. Furthermore,
none of the text in Slide A appears blurry, making it easy to distinguish one word from another. Even
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though the title in Slide B is fully legible, the text is nearly illegible without the help of a tool like a
magnifying glass.

4) Effectiveness of Communication:

Slide A accomplishes what Slide B fails to do, i.e., transferring the intended message more accurately to
the audience. Its concise organization and aesthetically pleasing design give the audience a much easier
time understanding the material.

</think>

<answer>Slide A</answer>

AesthEval Example Output 3 (Comparison Task)

Resources and Acknowledgements rces and Acknowledgements

Resources and Acknowledgements

Base Slide Good Modification (Slide B) Weak Modification (Slide A)

<think>Both Slide A and Slide B have exactly the same contents and layouts; however, the styles
provided for each slide are different. Slide A uses simple icons such as ’information’ and ’list’ for Code
Repository and Acknowledgements points, while Slide B contains some CrossRef styled icons for each
point.

Both slides satisfy all three of the given criteria: Fidelity and Consistency, Overall Perceptual Quality, and
Clarity and Readability. Among the two slides, Slide B delivers a much simpler distribution thus releasing
much more clean and engaging look.

</think>

<answer>Slide B</answer>

AesthEval Example Output 3 (Comparison Task)

nd Acknowledgements

Resources and Acknowledgements
Resources and Acknowledgements

Base Slide Good Modification (Slide B) Weak Modification (Slide A)

<think>Both Slide A and Slide B have exactly the same contents and layouts; however, the styles
provided for each slide are different. Slide A uses simple icons such as ’information’ and ’list’ for Code
Repository and Acknowledgements points, while Slide B contains some CrossRef styled icons for each
point.

Both slides satisfy all three of the given criteria: Fidelity and Consistency, Overall Perceptual Quality, and
Clarity and Readability. Among the two slides, Slide B delivers a much simpler distribution thus releasing
much more clean and engaging look.

</think>

<answer>Slide B</answer>

AesthEval Example Output 4 (Comparison Task)
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MINILLM: Knowledge Distillation of Large Language MINILLM: Knowledge Distillation of Large Language

Models

MINILLM: Knowledge Distillation C
of Large Language Models

Base Slide Good Modification (Slide A) Weak Modification (Slide A)

<think>Both slides have their strengths and weaknesses, but Slide A is superior due to a stronger title,
more information about the authors, an improved lower heading about their affiliation and fewer cosmetic
issues.

</think>

<answer>Slide A</answer>

AesthEval Example Output 5 (Scoring Task)

Motivation

Skeletal motion Learned Gaussian Photorealistic
+ Virtual camera splats rendering

Figure 10: Groundtruth: 8.00

<think> This slide has good overall quality. The concepts explained (skeletal motion + virtual camera,
learned Gaussian splats, photorealistic rendering) are clearly articulated through a combination of
illustration and an accompanying figure that visually demonstrates the key idea of using a virtual camera
with a human skeleton to compute motion while also adding Gaussian distributions for better fits.

The text provides enough information for each concept stated. It has contrasting colors which make the
visuals easily differentiated from the background and text.

Nevertheless, there seems to be no indication of visual effect achieved by adding Gaussian distributions or
clarifying further how they provide benefits to the visual realism. Moreover, the idea lacks some
dimension to illustrate that having them plus the skeleton results in a realistic human-like visualization.
Overall, the execution is impressive, though more introspection on case studies of improvements would
make the guide even more meaningful.</think>

<answer>8.50</answer>

AesthEval Example Output 6 (Scoring Task)

How do we learn?

57 ‘ QUESTION: ~—oommmm oo

Y Answer: -----------
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Figure 11: Groundtruth: 3.5

<think> This slide has the following strengths and weaknesses:

Strengths: - The title “How do we learn?” is clear and concise. - It effectively directs the audience’s
attention to the question they will eventually be expected to respond to.

Weaknesses: - No relevant information, facts, or examples have been provided that would support the
question asked,; it offers no insight into how learning processes actually function and thus doesn’t provide
any illustrative clarification to the end-users of its corresponding instruction based learning material /
presentation to which it is likely an internal component. - Space has been left between X and Y sections,
making the format unclear without annotations clarifying the flow should it be considered as not
self-explanatory.

The above noted list of potential problems or shortcomings indicate that while there may be some
elements about this single slide being somewhat okay enough on their own, those very same details form
quite a modest evaluation if various other slides such dependably forming coherent sequences exist within
its entirety.</think>

<answer>2.44</answer>

AesthEval Example Output 7 (Scoring Task)

Gated convolutions are asymptotically less efficient
than attention at solving MQAR

Input-dependent

mixers can solve
MQARin O(1) layers /'

(independent of

sequence length)

80000000

i,

| Input-dependent mixing is key! |

®000C

Explaining the gap 2

Figure 12: Groundtruth: 5.5

<think>
This slide presents an academic explanation regarding the performance comparison between gated
convolutions and attention for solving Matrix Quadratic Assignment Related (MQAR) problems, and it
uses input-dependent mixers as the key point. The content seems technically correct, although it could
benefit from better presentation.
Detailed Analysis:
1. Visual Design and Layout Composition
* The slide is clean and simple, with a white background that makes the text readable.
* The use of a title in a larger font size is appropriate.
* The small note at the bottom emphasizes a key point and adds practical value.
2. Content Clarity and Information Hierarchy
* The slide has two distinct sections explaining proposition and theorem related to MQAR.
» Beneath each section, there’s a corresponding illustration (formula) for verification.
* A useful summary sentence concludes this portion, summarizing the key outcome.
3. Color Scheme and Visual Consistency

 Although the entire slide maintains a single color theme (primary blue and outline accents), the
use of white space is effective.

* No clashes among the colors appear since all the elements have been separated with clear
contrast.

4. Use of Images, Charts, and Visual Elements

» There’s no image in this slide, only formulas are used, which is acceptable here since this is a
technical presentation focused on academics.

* The symbols for propositions (black tick) and theorems (green checkmark) provided useful
indications.

5. Text Organization and Information Density
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Both the propositions and theorems are written concisely without irrelevant details, keeping it
comprehensible for other readers and listeners alike.
* However, the entire text is quite complex and might require more concise explanations in a
detailed discussion format.
6. Professional Appearance and Polished Look
¢ Regarding the formal style of the academic examples and the formulae, this slide appears
already polished.
7. Audience Engagement and Communication Effectiveness
» The subject itself is highly technical, and the intended audience is likely those knowledgeable
about those topics.
* This slide achieves its primary function of presenting complex theories clearly and coherently,
though it may get missed by new participants in the field.
Summary
Overall, although the content remains clear and easy to understand, the slide can benefit from a more
concise approach to explaining the propositions and theorems. The rest of the slide demonstrates excellent
usability and structure.
</think>

<answer>
5.56

</answer>

AesthEval Example Output 8 (Adjustment Task)

Results

* Visualization
+ From attention maps to segmentation masks

sky in the backgrol

Top-left: KMieans visualsation of attention maps; Top-right: Masks predicted by the CNN-based masifl
Bottom-left: Masks refined by the SAM-based mask refiner; Bottom-right: GT masks

Figure 13: Groundtruth: 8.5

<think>

The slide appears to be well-organized, displaying attention maps, predicted masks, refined masks, and
ground truth (GT) masks. The key part of the information provided helps in understanding the comparison
between different methods used for segmentation tasks—KMeans, CNN, SAM, and GT masks.

Positive Points:

1. Clear Representation of Results: The attention map visualization, predicted mask
(CNN-based), refined mask, and ground truth mask visuals are plotted systematically and
effectively.

2. Gauging Explainability: Comparisons between techniques give potential reviewers insight into
the strengths and weaknesses across the approaches.

3. General Clarity: Each quarter of the grid seems to have adequate clarity and proper formatting
with captions that specify accurately what each image displays.

Minor Issues:
1. Possible Visual Overcrowding: When it comes to the conveyed data, there aren’t special labels
that reinforce patterns directly about highlighted results versus others.

2. Slightly Inferential Explanation Placeholder: Any issue mentioning only being ‘Color-coded
for Accessibility’ doesn’t reflect precision in further clarifying references needed in both maps
as explicit mentions are challenging otherwise.
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7.25

The provided ideas reduce any concerning for flaws distract readability hence I opt mid-level quality rating
for non-extreme error factoring thereon.
</think>

<answer>

</answer>

AesthEval Example Output 9 (Adjustment Task)

1.

Tier 1 and 2
VIR B = oo <> = om0 = o ol

RTO - < 4 hrs (Tier 1) and 5 — 24 hrs (Tier 2)
RPO - the length of time between the last data update and the disaster declaration is from several minutes to 4 Hours for
SAN attached storage and 24 hours for direct attached.

Data Replication <=4hrs

Data Protection: Application data available at the
Production SAN storage will be replicated to the DR
SAN storage using asynchronous remote
replication capabilities (Raid 10 / Parity Raid)

Failover: Complete failover from the
production site to the DR site

DR Site Architecture: The DR Site

infrastructure will have available the Database
servers, in either physical or virtual

configuration, defined to support agency

Database Recovery: Database servers will be
recovered to physical or virtual server in the failover
site; servers may be on a high availability cluster

o Operating System confiouration f required
Server configuration: Allocated Servers Server Operational Recovery:
Physical / Virtual will already be racked Servers High-Availability / Rebuild

and installed with the respective operating
system and application, ready to initialize
when the data Logical Unit is connected
Active/Active — Active/Passive
Clustering / SAN storage

Storage Recovery: SAN The storage array will
be replicated to the DR site using an array
based asynchronous replication. For Tier 2
depending on the application structure, it will be
required that data is recovered using a mixed

Network Recovery: All required network
recovery solution.

interfaces meeting defined capacity are in
place in each data center for site failover DEICRR NGl Infrastructure Recovery: All preventative
controls (power, cooling and space
requirements) are managed and provided with
the service.

Figure 14: Groundtruth: Composition & Layout; Predicted: Composition & Layout

<think>

Composition & Layout

Strengths:

The title at the top effectively summarizes the content of the slide.

Weaknesses:

Alignment of text and icons/headers is inconsistent—this could affect readability and focus on
different sections.

There’s uneven distribution of white space that impacts overall clarity of the slide.

Aligning text and icons should be standardized to ensure consistency throughout the slide.

. Typography

Typography Evaluation:
Large title text is noticeable but not entirely aligned for better balance; examples of good white
space around the space words like *From’ add some visuals but aren’t optimal for the context.
Several elements use headers/subheads with blue and bold-cursive fonts; this creates a
professional distinction without adding proper hierarchy.
Recommendation:
Replace title font style for professional consistency and applying good white space guidance
around allocated servers portions would fix other areas as well.
Use modern regular/garbly stylized sans-serif fonts for main headings.
Enforce consistent alighment conventions on blocks/sections and try employing standardized
typographical styles in this pattern also in body texts widely.
Imagery & Visualizations
Clarity and Relevance:
Image used correctly and guidelines one-to-one is done; seems fine except color Coding relating
to relevant blocks.
Thus, these key domains will separate distinctive groups so different isolation line benefits
visible are adequate by plots dimensions accurate these ways.

</think>
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<answer>

1. Composition & Layout
Strengths: The clear title for every level appears prominently set up the section’s basis.

* Recommendations:

— Apply consistently balanced alignment with rectangular formats aligned homogeneously around
text sublime, where margins radiance, etc., introduced; help maintain structured content
presentation efficiently.

— Over-tighten white breaks blocks-up. But think 2 solving, placing extra file abstraction over
silos slender layover pairs refinement MP exactly orderly highlight portions abalone aise
rhythmicalizes happening lances underneath demonstration corrects testing cautionable.

2. Typography

* Quality Results:

— Header-selective Linked Hyperlinks Proposals performances syncing up detailed descriptive text
denote fine-tuned cleaner covariance blending accurately within respective mention’s post-edited
help selection feature familial kinds invite furnishings now prompt increments additional span
professed influencing supervising top procedural staff subsidiary Please manage formatting.

— Practical validations settings firefighting equipment races appreciable meant understandable
beeds conform concerning harness evidences prodding flights nets doctrine identify dialog
qualitatively supported far outlooks governed helpers that relief promotions participative active
right whenever glorify leading planners quickly do results low lane made realize refresh
synopsis currently own expression redresses thereby duration.

3. Imagery & Visualizations

* No major deficiencies found.

</answer>

AesthEval Example Output 10 (Adjustment Task)

—
Cooperative Agreements

‘PI of Record —— National Research Coordinating
I Center

‘ Coordinating Center Steering Committee Approval

|
Coordinating Center Staff Obtain IRB applications and
8 oot s ters
|

IRBs at Coordinating Centers Review and
Approve the same single study protocol

A BCD EF GHIIJK

Figure 15: Groundtruth: Composition & Layout, Typography; Predicted: Composition & Layout,
Typography

<think>

1. Composition & Layout

¢ Strengths:

— The title at the top effectively summarizes the content of the slide.

* Weaknesses:

— Alignment of text and icons/headers is inconsistent—this could affect readability and focus on
different sections.

— There’s uneven distribution of white space that impacts overall clarity of the slide.

— Aligning text and icons should be standardized to ensure consistency throughout the slide.
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2.

Typography

Typography Evaluation:

Large title text is noticeable but not entirely aligned for better balance; examples of good white
space around the space words like *’From’ add some visuals but aren’t optimal for the context.
Several elements use headers/subheads with blue and bold-cursive fonts; this creates a
professional distinction without adding proper hierarchy.

Recommendation:

Replace title font style for professional consistency and applying good white space guidance
around allocated servers portions would fix other areas as well.

Use modern regular/garbly stylized sans-serif fonts for main headings.

Enforce consistent alignment conventions on blocks/sections and try employing standardized
typographical styles in this pattern also in body texts widely.

. Imagery & Visualizations

Clarity and Relevance:
Image used correctly and guidelines one-to-one is done; seems fine except color Coding relating
to relevant blocks.

Thus, these key domains will separate distinctive groups so different isolation line benefits
visible are adequate by plots dimensions accurate these ways.

</think>

<answer>

. Composition & Layout

Strengths: The clear title for every level appears prominently set up the section’s basis.
Recommendations:

Apply consistently balanced alignment with rectangular formats aligned homogeneously around
text sublime, where margins radiance, etc., introduced; help maintain structured content
presentation efficiently.

Over-tighten white breaks blocks-up. But think 2 solving, placing extra file abstraction over
silos slender layover pairs refinement MP exactly orderly highlight portions abalone aise
rhythmicalizes happening lances underneath demonstration corrects testing cautionable.
Typography

Quality Results:

Header-selective Linked Hyperlinks Proposals performances syncing up detailed descriptive text
denote fine-tuned cleaner covariance blending accurately within respective mention’s post-edited
help selection feature familial kinds invite furnishings now prompt increments additional span
professed influencing supervising top procedural staff subsidiary Please manage formatting.
Practical validations settings firefighting equipment races appreciable meant understandable
beeds conform concerning harness evidences prodding flights nets doctrine identify dialog
qualitatively supported far outlooks governed helpers that relief promotions participative active
right whenever glorify leading planners quickly do results low lane made realize refresh
synopsis currently own expression redresses thereby duration.

Imagery & Visualizations

No major deficiencies found.

</answer>
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E.2 PRESENTATION GENERATION

Our EvoPresent Framework.

Why Do LLMs Fail at Safety?

© s ]

Vulnerable to Simple Unintended Jailbreaks

ttacks

Shallow Safety Alignment

Current alignment often only

impacts the firstfew output

tokens, creating a superfcial decoding tweaks can
guardrail that fals under inadvertently dismantle the

Even benign fine-tuning on
Safety measures are easily unrelated data o simple.
bypassed using straightforward

‘methods ke adversarial

The Shortcut: Shallow Safety Alignment

2 Alignment adapts only the earliest output tokens, creating a
superficial safety layer.

>96%

of safe responses from leading models

N Refusal prefixes like 'l cannot..’ dominate safe responses, DeCOMING a | pegin wit s refusl refe

predictable pattern.

© This approach appears robust in standard tests but is brittle and easily
bypassed by attackers.

prompts that exploit model
weaknesses.

sustained interaction. model's safety p

Fine-tuning: The Achilles’ Heel of Alignment

A Rapid Erosion of Safety: Minimal fine-tuning on harmful examples i o
can quickly dismantle a model's safety alignment. &ming B y)~ - Z o™ 108 Ty | X, ¥er)
O G G

© Vulnerability in Initial Tokens: The attack’s impact is most i

pronounced on the nital tokens of a esponse, where shallow

alignment s often concentrated.

2 Explosive Success Rate The Attack Success Rate (ASR) can skyrocket
from near-zero to almost 90% after just a handful of gradient steps

Unlock Better Compression?.

Refusal Prefixes (1) —> ‘ o | rcamnor ‘ et | “Lapologize” | o7
T Harmfliess Rate (%) on HEx-PHI Benclmark with A Refusal Prefi Preflled During Decoding
050 | 0£0 | 0£0 050 £2

Lla

0
144406 | 21+£02 |81+£04

ign:
Base | 68.6+08 | 164414 | 54+ 13
Aligned 0%0 00

1£02
Gemma-TB  “po.s ‘ $54406 | 8712 | 27405

0+ 0E 0
14.1 £ 04 1008 | 39+04

Putting Constraints to the Test

% Slashed Attack Success

Constrained fine-tuning signifcantly

O Persistent Safety | Comparable Utility

-uning remains on par with standard fine-tuning

muliple vectors. methods.
odels Tlama-2-7B-Chat T Gemma-1.1-7B-IT
‘mean % St (%) Sindard | Consralned Standard | Constrai
Datasets | {over 3roundsy | itial ] SFT (ours) ] l Tnitial ‘ SFT | SFT (ourey
Against sz ~tuning Attacks

"~ Harmful Examples | ASR 15502 [88912| 46%05 | [ 18203 [816£29] 19£02

Tdentity Shifting | ASR 050 | 795223 81£01 | | 020 |836£25] 91£17

Backdoor ASR (who triggen) | 15202 | 7611 | 19£02 T8£03 [ 20202 | 15201

Poisoning ASR (w/uigger) | 1701 | 90914 | 10928 [ 18403 | 8§23+ 11 ‘ 19408

Tne-tuning with Normal Downsiream Datasets

Samsum ASR 15302 |234225] 32%08 TBE03 [ 20202 | 2403

Utility 255403 | 517405 | 501+02 | | 360%14 |515£03 | 519+05

SQL Creae Context P 15502 [ 154214 32£08 T8£03 | 2802 | 2401

Utility 149404 | 991502 | 98501 | | 88005992501 | 986+03

GSMSk ASR 15502 [ 3304 | 20£05 T8£03 [29%02 | 17204

Utility 255402 | 417404 | 374403 | |285£12|633£05| 636404

exTok: Text-Conditioned Tokenizaf

ANew Paradigm

The Human Intuition Leveraging languag to sidesip th traditonal trade-off

eteen compression and g

@) Humans naturally prioritize high-level semantics, describing
the "what" before the "how many pixels".

B Text captions provide a concise, meaningful summary, {

distilling the essence of an image.

& Descriptive text is now abundant and easy to obtain for most
images via modern vision-language models. b

8 I

semantic context.

text embeddings into the tokenization process to provide

@ Text guides the tokenizer to focus on fine-grained visual details
instead of high-level concepts.

- S| @ Simplifies semantic leaming, frecing token space for high-fidelity
e

0000-0 008-@ 00-8«| 4
(G s s T

@ Semantic Scafloding

\ TexTok dedicates more model

capacity cnabling high

sacrifcing qualit.

How TexTok R

Why Image Tokenization Needs a Rethink

+ Text tokens injected into both tokenizer and
detokenizer.

% Vision Transformer backbone enables flexible
token budgets.

-l
%uuuig

1 Only image tokens are generated at inference.

Tt okens e providd s gede, i thegeneaive model skl 0
viowl symbesis

# The High Cost of High Resolution

ing detailed, high-resolution images remains
ok for

lly demanding , creating a bottle

sibiliy:
& The Quality vs. Compression Dilemma

Traditional tokenizers are caught in @ tug-of-war , forced

to sacrifice image fidelty and fine detail o achieve.

efficient compression for model training and storage.
& Loss of Semantic Coherence

Aggressive compression often sirips away context,

leading 10 @ loss of semantic meaning and visual

coherence in generated outputs.

Figure 16: Visualization of the EvoPresent framework across different papers.
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Can LLMs Learn Like Humans?

42 Human-Centered Improvements
- DRAFT refined documentation improves human comprehension

DRAFTS

* Humans mastr ool through trial, ero, and feedback
 Conciscnessand clarity benefit both machines and peaple
* LLMslack hands-on experience and adaptive documentation

* Bridging the gap requiresiteratve, feedback-driven leaming DOCTORAL S

NTEVALUATION

Siriking results: DRAFT manuals consisenty rated as more comprehensive, accurate, and clear

B9 The Learning Challenge

Dataset Ci ‘Conci: A
RestBench Ours Raw Equal Ours Raw Equal Ours Raw Equal
) 40% 16% 4%  36% 20% 44%  30% 0% 70%
¥ ToolBench Ours Raw Equal Ours Raw Equal Ours Raw Equal
[eTT—— 68% 4%  28% 56% 4%  40%  56% 0%  44%

S docmention v, dymamic cxplorsion e 3 o dcroeet i b LLMs sppch ol

SCALING UP: DRAFT'S AUTOMATION ADVANTAGE

@ Foll Process Automation
Fully sutomated procss reduces manal lsor ad esouree costs

Experimental Results G €23

£ Dynamic Adaptation

RestBench-TMDB  RestBench-Spotify  ToolBench

DRAFT adapts to evlving ool and changig rquirments Model Method
CP% Win% CP% Win% CP% Win%
ReAct 4800 5000 2456 5000 3500  50.00
@) Transparent Communication GPT-do-mini DFSDT 5000 6800 3508 6140  37.00 84.00
Naurallnguage oedback csures trsnspaency and axplainbily EasyTool 5600 75.00 - - 4200  85.00
DRAFT (Ours)  62.00 82.00 43.85 78.94 47.00  88.00
ReAct 72.00 50.00 2631 50.00 4100 50.00

DFSDT 74.00 38.00 63.15 61.40 42,00  54.00

DRAFT (Ours) 8600  64.00  66.66  64.91 53.00 6200

Oversquashing Meets Resistance: Theoretical Real-World Impact: GT N
Link Perforn

@ Oversquashing is tightly bounded by effective resistance between nodes. & GTR rewiring improves graph classification accuracy across benchmarks.
L The Jacobian norm quantifies how much one node's features influence another. ‘® Outperforms local curvature-based methods (SDRF) and matches or exceeds FOSR.
# Lower resistance = stronger influence, less squashing. %o Especially effective for relational GNNs (R-GCN, R-GIN).

Reddit-Binary
G826 110

IMDB-Binary Collab

22| < (208)

7102+ 0.96 68.49+0.95
J 60.04£0.93 18494104 4817+0.80
7076+ 0.77 76.01+£0.78 6439+ 091
whe £0.79 68.62% 0.8 49.40 % 0.90
12+ 0.81 7033+0.72  49.66+0.86
7259 £ 2.48 6899061 1992099

s. Spectral Rewiring: A Showdown Ho tcuts? The Edge Ablation Puzzle

9 No universal best number of edges to add—it's highly dataset-dependent.

t N & performance gains plateau or even decline if too many shortcut edges are
%] 2 added.
© GTRand FoSR both add edges, but optimize V
different objectives N = Treat the number of added edges as a crucial, tunable hyperparameter for
T Rt * ¥ optimal results.

“Ir FoSR targets spectral gap; GTR minimizes total

resistance ‘ =
2 GTR achieves greater reduction in total resistance, [\ } 1 ‘ {
especially for global connectivity I
T T GTR Optimal

How Well Does DRAFT Work? Experimental Insights . . .
‘When to Stop? Avoiding Overfitting in Iterations

A Performance Peaks
& DRAFT significantly outperforms baselines on

More tratons improve documentation
‘ToolBench and RestBench datasets. TRTRTR TR "

R accuracy,butonly up o @ cetan poi.
& lterative refinement yields substantial gains in 00l Bescttonm ypy 3 163 59 a0 o | b0 mo

usage accuracy (CP% & Win%). CRTIRCR A Overfitting Risk
L Excessive refinement introduces redundancy

© Improvements generalize across multiple LLM s amo o | ma

architectures, enhancing cross-model utility. and degrades results, akin to ML overfiting.
TR daptive Termination
Wi s awn | G e
o o 73w A smart meshanism monitors changes to halt

EVALUATION SCOPE B enw own | A% i3 the process when improvements pla

Toolench | | RestBench | | GPTo/4o-mini | | Liama3708 2N eaw e | e preventing bloat.
] s | o [P —

T MAKES DRAFT UNIQUE?

DRAFT
Dynamically Refines documentation via Anslysis of Fecdback

and Trils

‘ﬂ"! e DDE_D OD-@ ~|
omeomome

Documentation R o8-8
Afully sutomated, riak-and-<ror Provides an xplainable revison Analyze: Leams from feedback to idenify 0o.C

~
& e Q S

Automated Refinement Always-Current Transparent Oversight seenarios.

(]

process for refining documentation Maintains up-to-date, accurate history, making every change traceable documentation gaps. +
docomenionby ksl Rewite: Synhesizes insights o updte an clary 0000-0 Q08B Q0.8+

without human int

jew and deb

adapting s underlying tools evolte.

[

documents.

—

4
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Figure 17: Visualization of the EvoPréSQent framework across different papers.
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PresentAgent.
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Figure 18: Visualization of the PresentAgent across different papers.
Papre2Poster.

E.3 MORE ANNOTATION EXAMPLES.

33



Under review as a conference paper at ICLR 2026

Language-Guided Image Tokenization for Generation

Kaiwen Zha', Lijun Yu', Alireza Fathi', David A. Ross', Cordelia Schmid!, Dina Katabi?, Xiuye Gu'
'Google DeepMind, 2MIT CSAIL

s fveod __________Jyenievel comparison

*Image tokenization is essential for scalable image generation.
*TexTok uses text captions to enhance tokenization

*TexTok combined with TexTok + DiT achieves state-of-the-art

TexTok utilizes a text-conditioned
fr performance.

k for image

*Achieves better reconstruction and higher compression rates.
eImproves FID scores compared to traditional tokenizers.
*Integrating TexTok with DiT offers significant speedups.

sIncorporates a Vision Transformer (ViT)
architecture.

eSurpasses other methods on class-conditional settings on
ImageNet.

*A frozen text encoder extracts semantic

*Maintains superior performance at lower token counts.

Introduction

*Advances in image generation driven by image tokenization.
*Current methods face a trade-off between compression rate and
reconstruction quality.

*TexTok introduces text-conditioned tokenization.

*Enhances semantic learning and captures fine-grained details.
eImproves both reconstruction quality and compression rate.

Related Work

*Prior works emphasize architectural improvements in
tokenization.

*TexTok focuses on semantic conditioning during tokenization.
*Aligning image tokens with text can reduce image quality.
*Semantic guidance improves tokenization fidelity in TexTok.

emkt

+
0880 @ 0000 OD-8 «|
Lt s Tonas ot ok

0000-0

+
St O

Roconsvciod mage

i

DE0
Pocortctod P

*Guides the encoding and decoding
processes via semantic representation.
Efficient token space allocation.
*Reduces tokenization burden, enhancing
reconstruction and compression.

*Allows substantial compression without sacrificing output
quality.

#Efficient alternative with excellent image generation on
reduced token budgets.

*TexTok excels in performance.
*Outperforms baseline.

eEfficient tokenization.
eEffective in low-token domains.

*Outperforms baseline methods in FID and CLIP scores.

Safety Alignment Should Be Made More Than Just a Few Tokens Deep

Xiangyu Qi', Xiao Ma', Subhrajit Roy', Ahmad Beirami', Prateek Mittal', Peter Henderson'

"Princeton University and Google DeepMind

Introduction Inference-Stage Vulnerabilities

*Safety of Large Language Models relies on *Reliance on initial toker_

eCurrent LLMs are vulnerable to simple attacks.
Shallow leads to iliti
*Deeper alignment is advocated for robustness.

*Vulnerabilities exist in current optimization
approaches.
*Shallow safety alignment over few tokens is

Attack Success Rate (4SS
H

2%
N 0% Corra 7 ol
problematic. ] - 11781 hignea)

*Experiments highlight alignment issues and
propose deeper methods.

Shallow Safety Alignment

3 s 7
Number o Pefiled Homful Tokens

elnitial tokens are crucial for safety.
*Exploits via harmful token prefill.

Deeper Safety Al

*Boosts safety. s

E
°
S
a

*Focuses on affecting initial output tokens for safety.
0 I
*Models = (NN

eCase stu Refusal Prefixes (r) — | pN0 | “tcamor | “HmmO | ot apotogize g ’
T Harmfaliess Raie (%) on HE-PHI Benclnark with A Refusal Prefs Pri Bo ummoupumin
Llama278 Aligne 0 050 | 00 | 00 i -
i 54£13 | 144406 2 I
— L . T
Gemma7 5| 14104 S

1 s v

;5 m
*Vulnerabilities exist if initial tokens are bypassed. Token Positions.
*Safety optimization 'budget’ is limited to early tokens.

*Experiments show improved alignment via recovery examples.
xplains effectiveness of shallow alignment attacks

Directs models back to safety, even with harmful content.

*Fine-tuning is prone to attacks affecting safety outcomes. «Current focus on initial tokens leads to vulnerabilities.

*Constrainec Nodels = T 2-7B-Chat T Gemma-1.1-7B-IT *Data augmentation and constrained optimization
. > [ mean ES@ () Lo ndard | Constrained Inital | Standard | Consirained
*Constraints aasetst | (over 3rounds) | MM SFT_ | SFT(ours) | | mitial | | SFT (ours) suggested.
Strategic de. Against Fine- Attack *Improvements over existing strategies indicated.
" Harmiul Examples | ASK 15502 T
|

*Explore control theory and safe reinforcement learning.

Tdentity Shifting ASR 050 | M5
Backdoor ASR (wlo tniggen) | 1502 | 7 2
Poisoning ASR (w/iggen) | 17£0.1 | 90914 | 109£28

Fine-funing with Normal Downsiream Daiaseis
5 3425 3208

S ASK 02 03 [ 20502
amsum Utility 25503 | 517505 | 501£02 360+ 14 | 515+03
15502 | 5414 32208 02
SQL Create Context Utility 149504 | 991502 | 985+0.1 0.1 . .
GSMBK ASR 15502 | 33204 | 20=05 902 *Thanks to Princeton collaborators: Kaixuan Huang,
* Utility 255402 | 417404 | 374203 | |285+12 63305

Zixuan Wang, Dingli Yu, Haoyu Zhao.

*Supported by Princeton Language and Intelligence and
Al Safety Clusters.

*Funding from OpenAl, Princeton SEAS Innovation Grant.

*Tokens influence distribution shifts.
Limits deviation during tuning.
*Reduces attack risks.

Figure 19: Visualization of the Papre2Poster across different papers.
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+ Hierarchical encoder-decod
& Evaluated on six diverse public datasets covering reasoning and grounding -

& Tested on both in-domain and out-of-domain tasks

#1 Compared against multiple baselines: direct query, CoT, ICL, and fine-tuning
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Figure 20: Visualization of the annotation examples.
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F ITERATIVE SELF-IMPROVEMENT PROCESS

F.1 PRESENTATION VIDEO GENERATION

Our video generation pipeline is organized into two sequential stages with flexible TTS pathways.

Stage I: Speech Synthesis. The process begins with multimodal inputs, including the HTML slide
folder, page-level narration scripts in JSON, a reference facial image, working directories, and target
output paths. For speech synthesis, the pipeline supports two alternatives: an open-source pathway
leveraging MegaTTS3 (Jiang et al.,2025)), and a proprietary pathway through OpenAI TTS (OpenAll
2025b). Both enable batch audio generation aligned with the narration text, with controllable aspects
such as voice characteristics, speaker identity, and synthesis parallelism.

Stage II: Visual Composition. In the face animation step, the generated audio is transformed
into speech representations (e.g., via pretrained encoders) (Ki et al., 2025) and used to drive lip-
synchronized facial videos conditioned on the reference image. The model further integrates facial
expression control, resolution and frame-rate settings, and adjustable generation strength, supporting
trade-offs between efficiency and quality. In parallel, HTML content is rendered into background
image sequences at the target resolution. The pipeline overlays the animated face video onto the
background through flexible picture-in-picture composition strategies, allowing proportional scaling
or fixed spatial placement. Finally, synchronized audio and visual streams are fused into the final
video output using FFmpeg, with system-level parameters such as throughput and stability governed
by configurable parallelization. This design enables modular customization: researchers may gen-
erate narration-only outputs, background-only outputs, or complete face-driven presentations. The
modularity ensures broad applicability across research dissemination, educational content creation,
and human—AI communication studies.

The current two-stage modular pipeline reliably produces high-quality presentation videos, yet ex-
tending the self-improvement mechanism to the video level presents substantial opportunities for
further advancement. One promising direction is to incorporate multidimensional feedback signals
related to speech rate, prosody, narrative pacing, and the temporal alignment between narration and
slide transitions, enabling the system to enhance dynamic presentation quality beyond static layout
refinement. In addition, integrating automated evaluators that assess lip-sync accuracy, facial expres-
sion consistency, and audiovisual coherence may support more fine-grained iterative optimization.
Another worthwhile direction is to explore reinforcement-learning-based video editing strategies,
allowing the system to autonomously adjust picture-in-picture placement, cropping boundaries, and
transition timing according to aesthetic preferences or communicative objectives, thereby achieving
more flexible and controllable dynamic presentation behaviors.

G HUMAN EVALUATION

G.1 CHECKLIST

To ensure consistent and reliable annotation quality, we recruited approximately 30 volunteers
with design backgrounds to participate in our data labeling process. Each slide was independently
evaluated by 2-3 annotators to reduce subjective bias and improve annotation reliability. We developed
a comprehensive annotation framework using Gradio to create an intuitive web-based interface that
guides annotators through a systematic evaluation process.

The annotation process consists of three main components: (1) a standardized scoring system across
three key design dimensions, (2) a detailed deficiency identification protocol, and (3) a user-friendly
interface that ensures consistent evaluation criteria. Our annotation checklist was designed to capture
both quantitative scores and qualitative feedback, enabling us to build a robust dataset for training
and evaluating our slide design assessment model.

Annotation Checklist

36



Under review as a conference paper at ICLR 2026

« slide Quality Annotation Te

Figure 21: The UI of the user annotation interface built with Gradio.
Scoring Dimensions and Rules

Three Scoring Dimensions (1-10 Scale)
1. Composition & Layout - Evaluate overall layout, visual hierarchy, space distribution,
element alignment
2. Typography - Evaluate font selection, size, readability, typesetting
3. Imagery & Visualizations - Evaluate image quality, content relevance, sizing, visual

style consistency

Scoring Scale

9-10 (Excellent): Outstanding quality, exquisite design

7-8 (Good): Good quality with minor issues

5-6 (Fair): Basically qualified but with some deficiencies

* 3-4 (Poor): Obvious problems affecting overall effectiveness

1-2 (Very Poor): Severely impacts slide quality

Key Scoring Rules

Deficiency Annotation Rule

Annotation Checklist

IMPORTANT: Only select specific deficiency types when a dimension scores < 4. If the
score is > 5, no deficiency selection is required.

Scoring Principles Checklist

1. Objective & Fair: Score based on actual slide quality, not personal preferences

2. Consistent Standards: Maintain consistent scoring - similar quality slides get similar
scores

3. Comprehensive Assessment: Consider all aspects of each dimension
4. Relative Comparison: Distribute scores reasonably within 1-10 range

Operational Workflow

1. Carefully examine slide content, design, and overall effectiveness
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2. Score each of the three dimensions on a 1-10 scale
3. Select specific deficiency types only when score < 4
4. Submit annotation and proceed to next slide

Preference Checklist

Content Quality

¢ Is the information clear, accurate, and relevant?
* Are key points well-organized and logical?

* Is the text amount appropriate (avoiding information overload)?
Visual Design

¢ Is the layout balanced and aesthetically pleasing?
¢ Are colors harmonious and professional?
* Are fonts readable with appropriate sizing?

* Are images/charts high quality and clear?
Readability

* Is there sufficient contrast between text and background?
* Is content legible from a distance?
* Are important elements properly highlighted?

Professionalism

* Is the overall style consistent and professional?
 Are there any spelling or grammar errors?

* Are brand elements used appropriately?
Effectiveness

* Does it effectively convey the core message?
* Does it engage and maintain audience attention?

* Do visualizations aid comprehension?

H PROMPTS DESIGN

H.1 TRAINING PROMPTS

System Prompt

A conversation between User and Assistant. The user asks a question, and the Assistant solves
it. The assistant first thinks about the reasoning process in the mind and then provides the
user with the answer. The reasoning process and answer are enclosed within (think) and
(/think), and (answer) and (/answer) tags, respectively, i.e., (think) reasoning process
here (/think)(answer) answer here (/answer).

Scoring Task

What is your overall rating on the quality of this slide? The rating should be a float between 1
and 10, rounded to two decimal places.
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Adjustment Task

What are the design deficiencies in the provided slide? How can you improve the slide?
Please answer by addressing the following questions for each category and provide detailed
improvements suggestions. If there are no major deficiencies, please respond with “No major
deficiencies found.”.

1. Composition & Layout: What are the strengths and weaknesses of the slide’s composition
and layout? Consider alignment, balance, white space, and visual hierarchy. How would you
rearrange, align, or resize elements to improve the overall structure and clarity?

2. Typography: How effective is the typography? Evaluate the font choices, readability, and
visual hierarchy (titles, body text). What specific changes to fonts, sizes, or styling would you
recommend to improve legibility and structure?

3. Imagery & Visualizations: Are the images and visualizations (e.g., charts, graphs) clear,
relevant, and effective, or are they distracting and cluttered? What improvements, replacements,
or simplifications would you make to better support the slide’s message?

Scoring Task

Compare the two enhanced slides and determine which is superior, or if they are comparable.
Evaluate them based on the following criteria: 1) Fidelity and Consistency: How well does the
enhanced slide maintain the content, layout, and style of the original? 2) Overall Perceptual
Quality: How visually appealing and free of artifacts is the slide? 3) Clarity and Readability:
Are the text and visuals sharp and easy to understand? 4) Effectiveness of Communication: How
effectively does the slide convey its intended message? Your answer should be exactly one of:
Slide A, Slide B.

H.2 GENERATION QUALITY EVALUATION PROMPTS

Content Fidelity

You are a meticulous presentation judge. Evaluate ONLY *Fidelity*—whether the slides
faithfully reflect the provided reference without distortion or unsupported claims.

Inputs you may receive:

- slides[]: ordered slide images (index from 1)

- transcript: optional narration/notes text

- reference: gold context such as abstract, method/results bullets, or paper text

Rules:

1) Ground truth = reference (if provided). If no reference, judge fidelity via internal consistency
across slides/transcript and obvious domain violations; do NOT use outside knowledge.

2) Reward: accurate statements aligned with reference; correct numbers, units, equations,
method names; precise citations/attribution; clear reporting of limitations.

3) Penalize: factual errors; missing or altered key results; mislabeled axes/tables; cherry-picking;
overstated conclusions; ambiguous provenance of images or data; uncredited reuse.

4) Be specific: cite where you found issues by slide number and short quote/description.

5) Ignore non-fidelity aspects (style, color, layout) unless they directly obscure truthfulness.

Score :

- 5: Fully faithful; no meaningful discrepancies.

- 4: Strong; minor omissions/nuances off, no material errors.

- 3: Mixed; some unclear or weakly supported claims; possible minor numeric/text mismatches.
- 2: Weak; notable inaccuracies, missing key qualifiers, or misleading visuals.

- 1: Unacceptable; major misrepresentation of method/results or pervasive errors.
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Content Clarity
Evaluate ONLY *Clarity*—how easily a typical informed audience can understand the content.

Inputs: slides[], transcript

Checkpoints:

- Language: concise phrasing, concrete nouns/verbs, defined terms/acronyms on first use.
- Structure: clear headings, bullets with parallel structure, limited per-slide ideas.

- Legibility: text size vs slide area, line length, contrast sufficient to read.

- Data clarity: axis labels, units, legends, footnotes; no orphaned numbers.

- Noise: redundant wording, clutter, irrelevant decorative elements that impede reading.
Score:

- 5: Effortless to follow; plain, precise language; every chart/table self-explanatory.

- 4: Mostly clear; minor verbosity or occasional undefined jargon.

- 3: Understandable with effort; several dense or ambiguous sections.

- 2: Hard to parse; frequent jargon, tiny text, missing labels.

- 1: Opaque; critical content unreadable or consistently unclear.

Content Narrative

Evaluate ONLY *Narrative*—coherent story arc across the deck.

Inputs: slides[], transcript

Assess:

- Arc: clear beginning (motivation/problem), middle (method/approach), end (results, takeaway).
- Cohesion: transitions and signposting (“Problem — Approach — Results — Implications”).
- Progression: each slide advances the story; no tangents; consistent voice tense/person.

- Framing: stakes, context, and audience relevance are stated and resolved.

Score:

- 5: Strong arc with seamless transitions and explicit takeaways.

- 4: Clear storyline; minor weak transitions or missing signposts.

- 3: Mixed; sections exist but connections are loose; some slides feel isolated.

- 2: Fragmented; jumps in logic; important steps missing.

- 1: Disjoint; no discernible arc or resolution.

Content Engagement
Evaluate ONLY *Engagement*—how well the deck captures and sustains attention.

Inputs: slides[], transcript

Consider:

- Hooks: compelling opener (question, surprising stat, vivid example).

- Curiosity: rhetorical questions, progressive disclosure, contrasts before/after.
- Audience address: “you” framing, relevance cues, concrete examples.

- Interactivity prompts: checkpoints, polls, brief tasks (if present).

- Pacing signals: slide density balance; visual variety supporting attention.
Score:

- 5: Highly engaging; strong hook; sustained curiosity; clear calls to think or respond.
- 4: Generally engaging with a few lulls.

- 3: Moderately engaging; some interest, limited activation.

- 2: Low engagement; mostly static info-dump.

- 1: Not engaging; no hook or relevance cues.

Design Elements

Evaluate ONLY *Elements*—choice and quality of visual assets (figures, icons, photos, charts,
tables). Inputs: slides[]
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Assess:

- Relevance: each element supports a stated point; no decorative-only clutter.

- Technical quality: resolution, cropping, anti-aliasing; no pixelation or watermarks.
- Semantics: correct chart type for data; legends/labels present; icons not misleading.
- Attribution: source captions when depicting external data/images.

- Consistency: style of icons/illustrations harmonious across slides.

Score:

- 5: Elements are relevant, crisp, well-labeled, and consistently styled.

- 4: Minor issues but overall strong.

- 3: Mixed relevance or occasional low quality/label gaps.

- 2: Frequent low-res/mislabeled/misfit visuals.

- 1: Elements hinder understanding or are largely irrelevant.

Design Layout

Evaluate ONLY *Layout*—placement, alignment, spacing, and balance.

Inputs: slides[]

Assess:

- Grid alignment: consistent margins; items align to an underlying grid.
- Spacing: sufficient whitespace; consistent gutters.

- Balance: visual weight distribution; avoids crowding.

- Flow: natural reading order (top—bottom, left—right).

Score:

- 5: Clean grid, consistent alignment, ample whitespace, clear reading path.
- 4: Mostly strong; minor misalignments or occasional crowding.

- 3: Adequate but uneven spacing/alignment in places.

- 2: Frequent clutter, collisions, or confusing placement.

- 1: Chaotic layout; reading order unclear.

Design Hierarchy

Evaluate ONLY *Hierarchy*—how typographic/visual cues convey importance and reading
order. Inputs: slides[]

Assess:

- Typographic system: consistent levels (Title ; Subtitle ; Body ; Annotation).
- Emphasis: scale/weight/color/position guide attention.

- Grouping: headings correctly group related content.

- Consistency: same level looks the same across slides.

Score:

- 5: Hierarchy is unmistakable; attention flows as intended.

- 4: Clear overall; occasional inconsistency.

- 3: Some hierarchy present but muddled.

- 2: Weak; competing focal points.

- 1: No discernible hierarchy.

Design Color

Evaluate ONLY *Color*—palette coherence, accessibility contrast, and meaningful use. Inputs:
slides[]

Assess:

- Palette: limited, harmonious palette; consistent use across slides.

- Contrast: text/background contrast sufficient.

- Semantics: colors map to meaning consistently.

- Legibility: avoid color-only encoding for critical distinctions.

Score:
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- 5: Cohesive palette, excellent contrast, consistent semantics.
- 4: Minor contrast or consistency issues.

- 3: Mixed; some low-contrast text or shifting category colors.
- 2: Frequent low contrast or confusing color use.
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