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Abstract

Academic presentation videos have become an essential medium for research1

communication, yet producing them remains highly labor-intensive, often requiring2

hours of slide design, recording, and editing for a short 2 to 10 minutes video.3

Unlike natural video, presentation video generation involves distinctive challenges:4

long-context inputs from research papers, dense multimodal information (text,5

figures, tables), and the need to coordinate multiple aligned channels such as slides,6

subtitles, speech, and human talker. To address these challenges, we introduce7

Paper2Video, the first benchmark of 101 research papers paired with author-8

created presentation videos, slides, and speaker metadata. We further design three9

tailored evaluation metrics—Meta Similarity, PresentArena, and PresentQuiz—to10

measure how videos convey the paper’s information to audience. Building on11

this foundation, we propose PaperTalker, the first multi-agent framework for12

academic presentation video generation. It integrates Beamer slide generation with13

effective layout refinement by a novel Tree Search Visual Choice, cursor grounding,14

subtitling, speech synthesis, and talking-head rendering, while parallelizing slide-15

wise generation for efficiency. Experiments on Paper2Video demonstrate that the16

presentation videos produced by our approach are more faithful and informative17

than existing baselines, establishing a practical step toward automated and ready-18

to-use academic video generation. Our datasets, agent, and codes will be fully19

open-sourced to power the community.20
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Figure 1: This work solves two core problems for academic presentations: Left: how to create a
presentation video from a paper? PaperTalker – an agent integrates slide, subtitling, cursor grounding,
speech synthesis, and talking-head video rendering. Right: how to evaluate a presentation video?
Paper2Video – a benchmark with well-designed metrics to evaluate presentation quality.

1 Introduction21
Academic presentation videos are widely used in research communication, serving as a crucial and22

effective means to bridge researchers, as many conferences require them as an essential material for23

submission. However, the manual creation of such a video is highly labor-intensive, requiring slide24

design, subtitle writing, per-slide recording, and careful editing, which on average may take several25

hours to produce a 2 to 10 minutes video for a scientific paper. Despite some prior works on slide and26

poster generation [20, 26, 36], automatic academic presentation video generation is a superproblem27

of them, a practical yet more challenging direction.28

Unlike natural video generation [9, 28], presentation video exhibits distinctive characteristics, in-29

cluding multi-sensory integration, multi-figure conditioning, and high text density, which highlight30

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



the limitations of current natural video generation models [18]. Specifically, academic presentation31

video generation faces several crucial challenges: a. It originates from long-context papers that32

contain dense text as well as multiple figures and tables; b. It requires the coordination of multiple33

aligned channels, including slide generation, subtitling, text-to-speech, cursor control, and talking34

head generation; c. It lacks well-defined evaluation metrics: what constitutes a good presentation35

video, particularly in terms of knowledge conveyance and audience accessibility. Even for the SOTA36

end-to-end video–audio generation model Veo3 [9], notable limitations remain in video length, clarity37

of dense on-screen text, and multi-modal long-document condition. In this work, we try to solve38

these two core problems as shown in Figure 1.39

To enable comprehensive evaluation of academic presentation video generation, we present the40

Paper2Video Benchmark, comprising 101 paired research papers and author-recorded presentation41

videos from recent conferences, together with original slides and speaker identity metadata. Based on42

this benchmark, we develop a suite of metrics to comprehensively evaluate generation quality from43

multiple dimensions: (i) Meta Similarity — We employ VLM to evaluate the alignment of generated44

slides and subtitles with human-designed counterparts. (ii) PresentArena — We use a VideoLLM as45

a proxy audience to perform double-order pairwise comparisons between generated and human-made46

videos. Notably, the purpose of a presentation is to effectively convey the information contained in47

the paper. To evaluate this, we introduce (iii) PresentQuiz, which treats VideoLLMs as the audience48

and requires them to answer paper-derived questions after watching the videos.49

To effectively generate ready-to-use academic presentation videos, we propose PaperTalker, the first50

multi-agent framework that enables academic presentation video generation from research papers51

and speaker identity. It integrates three key modules: (i) Slide Generation. Instead of adopting52

the commonly used format (e.g., pptx, XML) from a template slide as in [36], we employ LaTeX53

Beamer code for slide generation from sketch, given its formal suitability for academic use and54

higher efficiency. Specifically, we employ a state-of-the-art Coder to generate code and introduce an55

effective focused debugging strategy, which iteratively narrows the scope and resolves compilation56

errors using feedback that indicates the relevant rows. To address the insensitivity of LLMs to57

fine-grained numerical adjustments, we propose a novel method called Tree Search Visual Choice.58

This approach systematically explores parameter variations to generate multiple branches, which59

are then concatenated into a single figure. A VLM is then tasked with selecting the optimal branch,60

thereby effectively improving element layouts such as figure arrangement and font size. (ii) Subtitling61

and Cursor Grounding. We generate subtitles and cursor prompts for each sentence on the slides.62

Then we achieve cursor spatial-temporal alignment using Computer-use grounding model [16, 21]63

models and WhisperX [1] respectively. (iii) Speech Synthesis and Talking-head Rendering. We64

synthesize personalized speech via text-to-speech models [4] and produce talking-head videos [7] for65

author presentations. Inspired by human recording practice and the independence between each slide,66

we parallelize generation across slides, achieving a speedup of more than 4×. Our multi-agent67

framework is implemented within the CAMEL1, promoting simplicity and enabling scalability. We68

will open-source all our data, codebase to empower the research community.69

To summarize, our contributions are as follows:70

• We present Paper2Video, the first high-quality benchmark of 101 papers with author-71

recorded presentation videos, slides, and speaker metadata, together with evaluation metrics:72

Meta Similarity, PresentArena, and PresentQuiz.73

• We propose PaperTalker, the first multi-agent framework for academic presentation video74

generation. It introduces three key modules: (i) tree search visual choice for fine-grained75

slide generation; (ii) a GUI-grounding model coupled with WhisperX for spatial-termporal76

aligned cursor grounding; and (iii) slide-wise parallel generation to improve efficiency.77

• Experiments on Paper2Video validate the superiority of PaperTalker. PaperTalker achieves78

more than a 10% higher PresentArena score than Veo3 and another multi-agent methods.79

2 Related Works80

2.1 Video Generation81

Recent advances in video diffusion models [13, 14, 29, 32, 35] have substantially improved natural82

video generation in terms of length, quality, and controllability. However, these end-to-end diffusion83

1https://github.com/camel-ai/camel
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Table 1: Comparison of Paper2Video with existing benchmarks. Top: existing natural video
generation; Button: recent Agents for research works.

Benchmarks Inputs Outputs Subtitle Slides Cursor Speaker

Face Voice

Natural Video Generation
VBench [13] Text Short Vid. ✗ ✗ ✗ ✗ ✗
VBench++ [14] Text&Image Short Vid. ✗ ✗ ✗ ✗ ✗
Talkinghead [27] Audio&Image Short Vid. ✗ ✗ ✗ ✓ ✓
MovieBench [32] Text&Audio&Image Long Vid. ✓ ✗ ✗ ✓ ✓

Visual Agent for Research
Paper2Poster [20] Paper Poster ✗ ✗ ✗ ✗ ✗
PPTAgent [36] Doc.&Template Slide ✗ ✓ ✗ ✗ ✗
PresentAgent [23] Doc.&Template Audio&Long Vid. ✓ ✓ ✗ ✗ ✗
Paper2Video (Ours) Paper&Image&Audio Audio&Long Vid. ✓ ✓ ✓ ✓ ✓

models still struggle to produce long videos [9, 30] (e.g., several minutes), handle multiple shots, and84

support conditioning on multiple images [18]. Moreover, most existing approaches generate only85

video without aligned audio, leaving a gap for real-world applications. To address these limitations,86

recent works leverage multi-agent collaboration to generate multi-shot, long video–audio pairs87

and enable multi-image conditioning. Specifically, for natural videos, MovieAgent [33] adopts a88

hierarchical CoT planning strategy and leverages LLMs to simulate the roles of a director, screenwriter,89

storyboard artist, and location manager, thereby enabling long-form movie generation. Alternatively,90

PresentAgent [23] targets presentation video generation but merely combines PPTAgent [36] with91

text-to-speech to produce narrated slides. However, it lacks personalization (e.g., mechanical speech92

and absence of a presenter) and fails to generate academic-style slides (e.g., missing opening and93

outline slides), thereby limiting its applicability in academic contexts. Our work addresses these94

limitions and enable ready-to-use academic presentation video generation.95

2.2 AI for Research96

Many useful tasks have been explored under the umbrella of AI for Research (AI4Research) [3],97

which aims to support the full scholarly workflow spanning text [8], static visuals [20], and dynamic98

video [23]. With the breakthrough of LLMs in text generation and the Internet search ability,99

extensive efforts have been devoted to academic writing [2] and literature surveying [10, 11, 15, 17],100

substantially improving research efficiency. Besides, some works [25, 34] benchmarks AI agents’ end-101

to-end ability to replicate SOTA ML papers, while others leavage agents to enable idea proposal [24]102

and data-driven scientific inspiration [6, 19]. To further enhance productivity, a growing number of103

work focuses on the automatic visual design of figures [31], slides [36], posters [20], and charts [12].104

However, very few studies have investigated video generation for scientific purposes, leaving this105

area relatively underexplored. Our work belongs to one of the pioneering efforts in this direction,106

initiating systematic study on academic presentation video generation.107

3 Paper2Video108

3.1 Task Definition109

Given a research paper and the author’s identity information, our goal is to automatically synthesize110

an academic presentation video that faithfully conveys the paper’s core contributions in an audience-111

friendly manner. We identify that a perfect presentation video is usually required to integrate four112

coordinated components: (i) slides contain well-organized, visually oriented expressive figures and113

tables rather than dense text; (ii) synchronized subtitles and speech are semantically aligned with the114

slides, include supplementary details, and are delivered in a clear, formal voice; (iii) presenter should115

exhibit natural yet professional facial expressions, ideally accompanied by appropriate gestures; and116

(iv) a cursor indicator aserves as an attentional anchor, helping the audience focus and follow the nar-117

rative. This task poses several distinctive challenges: a. Multi-modal Long-Context Understanding.118

Research papers span many pages with dense text, equations, figures, and tables; generating formal,119

well-structured slides with fine-grained layout requires content selection, cross-modal grounding,120

and fine-gained layout design. b. Multi-turn Agent Tasks. It is challenging to solve this task121

with a single end-to-end model, as it requires multi-channel generation and alignment (e.g., slides,122
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(b) Slides per video
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(c) Video length
Figure 2: Statistics of Paper2Video benchmark. It spans diverse topics, with presentations
comprising 4–28 slides and lasting 2–12 min, providing a valuable benchmark for the automatic
generation and evaluation of academic presentation videos.

cursors, and presenter). An efficient, well-designed agent system is therefore needed to address this123

task. c. Personalized Presenter Synthesis. The human presenter shapes credibility and audience124

engagement. However, achieving high-quality, identity-preserving, and lip-synchronous talking-head125

video remains time-consuming, and even more challenging when jointly modeling voice, face and126

gesture; d. Spatial-Termporal-Grounding. The cursor is a crucial visual cue for audience to follow127

the narrative. However, producing trajectories synchronized with narration and slide content demands128

discourse-level planning and precise alignment between linguistic units and visual anchors.129

3.2 Data Curation130

Data Source. We use AI conference papers as our data source for two reasons: (i) they offer131

high-quality, diverse contents across subfields with rich text, figure and table; and (ii) the field’s132

rapid growth and open-sharing culture provide plentiful, polished author-recorded presentations133

and slides on YouTube and SlidesLive. However, complete metadata are often unavailable (e.g.,134

presentation videos, presenter images, and voice samples). We thus manually select papers with135

relatively complete metadata and supplement missing fields by sourcing presenter images from136

authors’ websites.137

In total, we curate 101 peer-reviewed conference papers from the past three years: 41 from machine138

learning (e.g., NeurIPS, ICLR, ICML), 40 from computer vision (e.g., CVPR, ICCV, ECCV), and139

20 from (e.g., ACL, EMNLP, NAACL). Each instance includes the paper’s full LATEX project and a140

matched, author-recorded presentation video comprising the slide stream and a talking-head stream141

with speaker identity (e.g., portrait and voice sample). For 40% of the data, we additionally collect142

the original slide files (PDF), enabling direct, reference-based evaluation of slide generation.143

Data Statics. As illustrated in Figure 2, we report the distributions of paper topics, slides per144

presentation, and video durations in Paper2Video. The topics spans a broad range of disciplines,145

evidencing substantial diversity. On average, presentations contain 16 slides and last 6 min29 s with146

some samples reaching up to 12 minutes. Although Paper2Video comprises 101 curated presentations,147

the benchmark is designed to evaluate long-horizon agentic task rather than mere video generation.148

3.3 Evaluation Metrics149

Unlike natural video generation, academic presentation videos serve a highly specialized role: they150

are not merely about visual fidelity but about communicating scholarship. This makes it difficult to151

directly apply conventional metrics from video synthesis (e.g., FVD, IS, or CLIP-based similarity).152

Instead, their value lies in how well they disseminate research, amplify scholarly visibility.153

From this perspective, we argue that a high-quality academic presentation video should be judged154

along three complementary dimensions (see Figure 3): For the audience: the video must faithfully155

convey the paper’s central ideas, such as its motivation, problem formulation, and key contributions;156

and it should present these ideas in a manner that is easy to follow, allowing viewers from diverse157

backgrounds to understand the work without being overwhelmed. For the author: the video should158

foreground the authors’ intellectual contribution and identity, functioning as an academic “signature”159
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Figure 3: Overview of evaluation metrics. We propose three metrics that systematically evaluate
academic presentation video generation from the perspective of the relationship between the generated
video and (i) the original paper and (ii) the human-made video.
that enhances the work’s reach and impact. To systematically capture these goals, we introduce160

tailored evaluation metrics specifically designed for academic presentation videos.161

Meta Similarity – How video like human-made? As we have the ground-truth human-made pre-162

sentation videos with original slides, we evaluate how well the generated intermediates (e.g., slides163

and speech) aligned with the ones created by authors which serves as the pseudo ground-truth. For164

each slide, we pair the slide image with its corresponding subtitles and submit both the generated165

pair and the reference pair to the VLMs to obtain a similarity score on a five-point scale. To further166

assess vocal timbre, we uniformly sample a ten-second segment from the presentation audio, encode167

the generated and reference audio with a speaking embedding model [22], and compute the cosine168

similarity between the embeddings.169

PresentArena – Which video is better? Similar with human audience watching the presentation, we170

employ the VideoLLMs as the proxy audiences to conduct pairwise comparisons of presentation171

videos. For each pair, the model is queried twice in opposite orders: (A,B) and (B,A). This172

procedure reduces hallucinations and position bias. The two judgments are then aggregated by173

averaging to obtain a more stable preference estimation.174

PresentQuiz – How video conveys the paper knowledge? Following prior work [20], we evaluate175

information coverage using a multiple choice quiz on the presentation video. We first generate a set176

of questions with four options and the corresponding correct answers from the source paper. Then we177

ask the VideoLLMs to watch the presentation and answer each question. Overall accuracy serves as178

the metric, with higher accuracy indicating better information coverage. However, since generated179

video durations vary and longer videos can trivially include more content, we introduce a length180

penalty to overlong generations. In practice, consider that researchers usually intend to use concrete181

video to present the content thus we define a penalized weight α and aim to penalize the generated182

videos with too long duration.183

α = exp

(
− max{0, Lgen − Lgt}

Lgt

)
, s̃ = s · α. (1)

where the Lgt and Lgen denote the ground-truth and generated video durations, and let s be the184

original accuracy score. The penalized score, s̃, implies that a good presentation video should try to185

convey paper’s information within limited duration.186

4 PaperTalker187

Overview. To address the identified challenges, we present PaperTalker, a multi-agent framework188

that automatically generates presentation videos from academic papers. As illustrated in Figure 4,189

the pipeline comprises four stages. Starting from a paper, we synthesize slides by Beamer code190

and iteratively refine them with compilation feedback to correct grammar and optimize layout. The191

finalized slides are processed by a VLM to generate subtitles and sentence-level visual-focus cues,192

which are then grounded into on-screen cursor trajectories and synchronized with the narration.193

Finally, given a short voice sample and the portrait of the speaker, text-to-speech and talking-head194

modules render a realistic, personalized presentation video. For clarity, we denote p, a, v for the195

slides, speech audio, and human presentation video, respectively, and l, ao, vo for the input LATEX196

project, the speaker’s voice sample, and portrait.197
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for spatiotemporally aligned cursor grounding; and (iii) slide-wise parallel generation for efficiency.

4.1 Slide Creation198

A prerequisite for producing a presentation video is the creation of the slides. Despite there have199

some existing works [36], we target the generation of academic slides with fine-grained layouts and200

formal structure from scratch. Rather than selecting a template and iteratively editing it with VLMs,201

we generate slides directly from a paper’s LATEX project by prompting the model to write Beamer202

code. We adopt Beamer for three reasons: (i) LATEX’s declarative typesetting automatically arranges203

text block and figures from their parameters without explicitly planing the placement; (ii) Beamer is204

compact and expressive, representing the same content in fewer lines than XML-based formats; and205

(iii) Beamer provides well-designed, formally configured styles (e.g., page numbers, section headers,206

hyperlinks) that are well suited to academic slide design.207

As l = (t,F) denote the project of paper, where t is the text source code and F = {fi}ni=1 are208

the figure paths. The LLM first produces a draft slide code c conditioned on (t,F). We then209

compile this code to collect diagnostics, errors e and warnings w. We use these errors info to210

elicit a repaired, compilable version c∗ . This procedure ensures that the generated Beamer code is211

grammatically correct, and effectively leverages and faithfully covers its content, details shown in212

Appendix Algorithm 1.213

Although LATEX can automatically layout the content of slides, the generated slides could sometimes214

still suffer from inappropriate layouts (e.g., mainly overflow) due to the unsuitable figure or text front215

size. However, as the compilation warnings w signal potential layout issues, we are able to first use216

them to identify slides that require refinement.217

Tree Search Visual Choice. After localizing the slides that require refinement, the key challenge is218

how to adjust their layouts effectively. As LLMs/VLMs fail to perceive visual feedback like human219

designers, we observe that prompting the them to directly tune numeric layout parameters (e.g.,220

font sizes, margins, figure scales) is ineffective: the models are largely insensitive to small numeric221

changes, yielding unstable and inefficient refinement, consistent with limitations of the parameter-222

editing strategy in PPTAgent [36]. To address this limitation, we introduce a visual-selection module223

for overflowed slides. The module first constructs the neighborhoods of layout variants for the current224

slide by rule-based adjusting the figure and text parameters, renders each variant to an image, and225

then uses the VLMs as judge to score candidates and select the best candidate with the best layout.226

Specifically, for text-only slides, we sweep the font size; for slides with figures, we first vary the figure227

scaling factors (e.g., 1.25, 0.75, 0.5, 0.25) and then reduce the font size, details shown in Figure 5 and228
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Appendix Algorithm 2. These edits are straightforward in LATEX Beamer, whose structured syntax229

automatically reflows content under parameter changes. This decouples discrete layout search from230

semantic reasoning and reliably resolves overfull cases with minimal time and token.231

4.2 Subtitle Creation232
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Refined Slide
Figure Adjustment

0.250.500.751.00
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C D
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Which one is the best
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{
    "reason": 

● A and B clip the right-side axis/footline; 
● C’s right-axis labels collide with the edge 

and show truncation (overfull);
●  D keeps all elements and the caption fully 

visible,
   "choice": "D"
}

Concat Answer

DCBA

Figure 5: Tree Search Visual Choice.
It combines a rule-based proposal mech-
anism with VLM-based scoring to select
the optimal candidate.

As the speech should follow the slides, given the generated233

slides p, we rasterize them into images and pass them to a234

VLM, which produces sentence-level subtitles bj,i and its235

visual-focus prompt dj,i for each slide. The visual-focus236

prompt serves as an intermediate representation linking237

speech a to the cursor c, enabling precise temporal and238

spatial alignment of cursor with the narration so that to239

improve audience guidance which will be discussed in240

Section 4.4.241

4.3 Presenter Animation242

The presenter video is vital for audience engagement and243

conveying the researcher’s scholarly identity (e.g., face244

and voice). Given the subtitles, the author’s portrait vo,245

and a short voice sample ao, our objective is to synthe-246

size a presenter video that delivers the slide content in247

the author’s voice, with faithful identity preservation and248

lip–audio synchronization.249

Subtitle-to-Speech. Given subtitles and speaker’s voice sample, we use F5-TTS [5] model to generate250

speech audio per slide,251

ai = TTS
(
{ bj,i }mi

j=1|ao
)
, i = 1, . . . , n, (2)

where mi is the number of the sentence in slide i and n is the number of the slides.252

Parallel Talkinghead Generation. To balance fidelity and efficiency, we use Hallo2 [7] for head-only253

synthesis and employ FantasyTalking [30] when upper-body articulation is required considering its254

higher computational cost. A persistent challenge is scalability: generating only a few minutes of255

talking-head video typically takes several hours, and some models(e.g., FantasyTalking), do not yet256

natively support long-video generation. Inspired by the common practice of slide-by-slide recording257

and the independence between each slides, we synthesize the presenter video on a per-slide basis.258

Specifically, for each slide si, given the audio condition ai and portrait vo, we generate an independent259

clip vi and execute these jobs in parallel, markedly reducing generation time,260

vi = G(ai, vo) , i = 1, . . . , n, (3)
where G represents the talking-head generation model. This design is justified because slide transitions261

are hard scene changes, temporal continuity of the presenter across adjacent slides is unnecessary.262

4.4 Cursor Highlighting263

Spatial-Temporal Grounding. In practice, presenters leverage the cursor as an attentional guide:264

a well-designed trajectory minimizes extraneous cognitive load, helps the audience track the pre-265

sentation, and keeps focus on the key content. However, automatic cursor-trajectory grounding is266

nontrivial, requiring simultaneous alignment to the timing of speech and the visual semantics of267

slide. To simplify the task, we assume that the cursor will stay still within a sentence and only move268

between the sentences. Thus, we estimate a per-sentence cursor location and time span. For spatial269

alignment, motivated by strong computer-use models [16, 21] which simulate user interaction with270

the screenshot, we propose to ground the cursor location for each sentence with the visual focus271

prompt di,j by UI-TARS [21]. To achieve precise temporal alignment, we then use WhisperX [1] to272

extract word-level timestamps and align them with the subtitles to derive the start and end times of273

each cursor segment.274

5 Experiments275

5.1 Baseline and Settings276

We evaluate three categories of baselines: (i) End-to-end Methods, where a natural video generation277

model produces the presentation video directly from the paper; (ii) Multi-Agent Frameworks, which278
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Table 2: Detailed evaluation result of Paper2Video across three baselines. PaperTalk∗ represents
a simple version without presenter and cursor. Bold and Underline indicates the best and the second-
best. Detail-P and Under.-P represent the corresponding QA scores after video length penalty.

Method Similarity↑ Arena↑ PresentQuiz Accuracy↑
Speech Content Detail Detail-P Under. Under.-P

Veo3 [9] 0.133 NA 1.20% 0.367 0.367 0.585 0.585
PresentAgent [23] 0.045 2.23 2.00% 0.878 0.515 0.961 0.558

PaperTalk∗ 0.646 2.38 7.81% 0.839 0.795 0.949 0.911
PaperTalk (Ours) 0.646 2.38 21.0% 0.842 0.824 0.952 0.940

combine slide generation with text-to-speech generation and then compose them into a presentation279

video; and (iii) PaperTalker, our method and its variants. For the VLM and VideoLLM, we choose280

GPT-4.1-mini and Gemini-2.5-Flash respectively for a favorable efficiency and performance trade-off.281

We performed inference using eight NVIDIA RTX A6000 GPUs for talking-head video generation.282

5.2 Main Results283

Meta Similarity. We evaluate the alignment of the generated slides, subtitles, and speech with their284

human-authored counterparts. For speech, we randomly sample a 10-second audio segment from each285

method and compute the cosine similarity between the its embeddings [22] and those of the author’s286

speech. As reported in Table 2, PaperTalker achieves the highest similarity among all baselines in287

terms of both speech and content similarity. We attribute this performance to personalized TTS288

and our slide-generation design: (i) adopting Beamer, which provides formal, academically styled289

templates while LATEX automatically arranges content within each slide; and (ii) a tree search visual290

choice layout refinement that further enforces fine-gained slide layouts as commonly observed in291

human-authored slides.292

PresnetArena. We compare the presentation videos generated by each method against human-293

made videos. As an automatic evaluator, we prompt the VideoLLMs as judge to determine which294

presentation is better with respect to clarity, delivery, and engagement. As shown in Table 2,295

PaperTalker attains the highest pairwise win rate among all baselines, indicating that our method296

produces presentation videos with superior overall perceived quality.297

PresentQuiz. To assess information coverage, we conduct a VideoQA evaluation. We construct QA298

sets by prompting an LLM to generate questions targeting (i) fine-grained details and (ii) higher-299

level understanding. As shown in Table 2, PaperTalker attains the best performance in terms of300

penalized scores. PaperTalker’s gains stem from our slide-generation design and our principled301

cursor-trajectory synthesis, which together guide attention and enable accurate grounding of key302

content for the VideoLLMs. Although PresentAgent attains slightly higher unpenalized accuracy,303

its length-penalized score is markedly lower owing to the excessive duration of its generated videos304

compared with human-made videos.305

Table 3: Generation cost for each method. PaperTalkers

denotes PaperTalker with serial talking-head generation.
Method Token (K) ↓ Time (min.)↓ Cost ($)↓
Veo3 [9] NA 0.4 1.667
PresentAgent [23] 241 39.5 0.003
PaperTalkers 62 287.2 0.001
PaperTalker 62 64.8 (4×) 0.001

Efficiency Analysis. As shown in Ta-306

ble 3, PaperTalker achieves the low-307

est cost. This efficiency stems from308

our slide-generation design: adopting309

Beamer reduces token usage for slide310

creation, and our visual-selective lay-311

out refinement is a lightweight post-312

processing step. Runtime is further313

reduced by our parallel talking-head generation mechanism. By contrast, PresentAgent [23] incurs314

higher token costs due to frequent refinement queries during slide editing.315

5.3 Qualitative Analysis.316

As shown in Figure 6, PaperTalker produces presentation videos that most closely align with the317

human-made videos. While Veo3 [9] renders a high-quality speaker in front of the screen, it is318

constrained by short duration (e.g., 8s) and blurred text. Besides, PresentAgent[23] typically suffers319

from missing of the presenter and slide-design errors (e.g., incorrect titles, incomplete author lists).320

5.4 Key Ablations321

Is Talking Head Necessary? In presentation videos, the presence of a presenter substan-322

tially affects audience engagement. Empirically, the VideoArena results in Table 2 show323
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Figure 6: Visualization of generated results. PaperTalker produces presentation videos with rich,
fine-grained slide content, accurate cursor grounding, and an engaging presenter; in contrast, Veo3 [9]
yields blurred text and incomplete information coverage, while PresentAgent [23] produces text-heavy
slides and suffers from overfull layout issues and inaccurate information (e.g., title and institutions).

PaperTalker outperforming its no-presenter, no-cursor variant PaperTalker* by more than324

10%, implying that the VideoLLM prefers presentation videos which includes a presenter.325

Table 4: Ablation study on cursor. PaperTalkero

denotes PaperTalker without cursor generation.

Method Accuracy↑
PaperTalkero 0.371
PaperTalker 0.383

326

What benefits are brought by Cursor High-327

light? Motivated by the observation that a cur-328

sor typically helps audiences locate the relevant329

region, we hypothesize that a visible cursor, by330

providing an explicit spatial cue, facilitates con-331

tent grounding for VLMs. To test this, we con-332

struct a localization QA task: for each subtitle sentence and its corresponding slide, a VLM is333

prompted to generate a four-option multiple-choice question targeting the sentence’s position on the334

slide. We then measure answer accuracy on paired screenshots with and without the cursor overlay.335

As shown in Table 4, the accuracy is higher with the cursor, corroborating its importance for the336

audience visual grounding accessibility of presentation videos.337

6 Conclusions338

This work tackles the long-standing bottleneck of presentation video generation by agent automation.339

With Paper2Video, we provide the first comprehensive benchmark and well-designed metrics to340

rigorously evaluate presentation videos in terms of quality, knowledge coverage, and academic341

memorability. Our proposed PaperTalker framework demonstrates that automated generation of342

ready-to-use academic presentation videos is both feasible and effective, producing outputs that343

closely approximate author-recorded presentations while significantly reducing production time by 4344

times. We hope our work advances AI for Research and supports scalable scholarly communication.345
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A PaperTalker474

The details of repair and visual-selective MCTS layout refinement are shown in Algorithm 1 and475

Algorithm 2 respectively.476

Algorithm 1 Slide Generation via Compile–Repair

Require: Text source t; figure set F = {fi}ni=1; max iterations K
Ensure: Compilable slide code c∗

1: c← LLM(t,F) ▷ initial draft c(0)

2: for k = 1 to K do
3: (e, w)← Compile(c)
4: if e = ∅ then
5: c∗ ← c; return c∗ ▷ no errors; stop
6: end if
7: c← LLM(c, e) ▷ repair using compiler errors only
8: end for
9: c∗ ← c; return c∗ ▷ best-effort if max iterations reached

Algorithm 2 Visual-Selective Layout Refinement
Require: Compilable slide code c∗; text font scales Atext; figure font scale αfig; figure scales B
Ensure: Refined slide code c† and slides s
1: (_, w)← Compile(c∗); I ← OverfullFrames(w)
2: if I = ∅ then
3: return c† ← c∗

4: end if
5: for each i ∈ I do
6: s← ExtractFrame(c∗, i); C ← ∅
7: if IsTextOnly(s) then
8: C ← {ApplyFontScale(s, α) : α ∈ Atext}
9: else

10: sfont ← ApplyFontScale(s, αfig)
11: C ← {sfont} ∪ {ApplyFigureScale(sfont, β) : β ∈ B}
12: end if
13: img← {RenderAsImage(c with s′ at i) : s′ ∈ C}
14: s⋆ ← argmaxs′∈C VLM_Judge(img[s′], promptlayout)

15: c← ReplaceFrame(c, i, s⋆)
16: end for
17: c† ← c
18: return s← CompilePDF(c†)

B Prompts477

Prompt: Slide Generation

System Prompt: Please generate a complete English PPT introduction based on the following
TeX source text content, using LaTeX Beamer. The specific requirements are as follows.

Content structure:
• The PPT should contain the following chapters (arranged in order), and each chapter must

have a clear title and content:
• Motivation (research background and problem statement)
• Related work (current status and challenges in the field)
• Method (core technical framework) [The content of the method needs to be introduced in

detail, and each part of the method should be introduced on a separate page]
• Innovation (differentiation from existing work)
• Experimental method (experimental design and process)
• Experimental setting (dataset, parameters, environment, etc.)

478

14



• Experimental results (main experimental results and comparative analysis)
• Ablation experiment (validation of the role of key modules)
• Deficiencies (limitations of current methods)
• Future research (improvement direction or potential application)
• End slide (Thank you)

Format requirements:
• Use Beamer’s theme suitable for academic presentations, with simple color matching.
• The content of each page should be concise, avoid long paragraphs, and use itemize or block

environment to present points. The title page contains the paper title, author, institution,
and date.

• Key terms or mathematical symbols are highlighted with alert{}.
Image and table processing:
• All image paths are given, and relative paths are used when citing, the picture names must

"be consistent with the name in tex file".
• Images should automatically adapt to width, and add titles and labels
• Experimental result tables should be extracted from the source text, formatted using tabular

or booktabs environments, and marked with reference sources ( "as shown in table").
Code generation requirements:
• The generated LaTeX code must be complete and can be compiled directly (including

necessary structures).
• Mark the source text location corresponding to each section in the code comments (for

example,
• If there are mathematical formulas in the source text, they must be retained and correctly

converted to LaTeX syntax (such as y = f(x)).
Other instructions:
• Image content should be read from the tex file, and the source name should be used directly

without arbitrary modification. Image references should use real image names and should
not be forged;

• Table content should first extract real data from the source document.
• All content should be in English.
• If the source text is long, it is allowed to summarize the content, but the core methods,

experimental data and conclusions must be retained.
• To enhance readability, a transition page can be added (for example, "This section will

introduce the experimental part").
• Perfer more images than heavy text. **The number of slides should be around 10.**
• **& in title is not allowed which will cause error "Misplaced alignment tab character &*̈*

**Pay attention to this "error: !File ended while scanning use of frame*̈*
• Only output latex code which should be ready to compile using tectonic(simple verson of

TeX Live). Before output check if the code is grammatically correct.

479

Prompt: Error Correction

System Prompt: You are given a LaTeX Beamer code for the slides of a research paper and
its error information. Correct these errors without changing the slide content (text, figures,
layout).

Instructions:
480
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• Apply the minimal edits required to make the file compile: add missing packages,
close/open environments, balance braces, escape special characters, fix math delim-
iters, resolve duplicate labels, and correct obvious path or option typos.

• Do not paraphrase or delete text; do not change figure/table content, captions, labels,
or layout semantics.

• Keep all image/table file names and relative paths as given; do not invent or rename
assets.

• Preserve the original Beamer theme, colors, and structure.
• Ensure the final output compiles with Tectonic; close all environments and avoid

undefined commands.

Output (strict): Output only the corrected LaTeX source, beginning with beamer and ending
with document; no extra commentary.

481

Prompt: MSTS Judge

System Prompt: You are a slide layout judge. You see four slides A–D in a 2×2 grid: A
(top-left), B (top-right), C (bottom-left), D (bottom-right).

Definitions
• Overfull: any part of the figure or its caption is clipped, outside the frame, or over-

lapped/hidden.
• Coverage: among non-overfull options, larger visible content with less empty background

is better.
• Risk: risk of overfull decreases from A → D (A largest, D smallest).
• Coverage trend: coverage decreases from A → D.

Rules (judge only the given images)
1. Disqualify any option with overfull (caption must be fully visible).
2. From the remaining, pick the one with the greatest coverage.
3. Practical method: scan A → B → C → D; choose the first slide in that order that is not

overfull.

Output only (strict; do not output “‘json):
{
"reason": "concise comparison",
"choice": "A" | "B" | "C" | "D"
}

482

Prompt: Slide Script with Cursor Positions

System Prompt: You are an academic researcher presenting your own work at a research
conference. You are provided with a sequence of adjacent slides.

Instructions:
• For each slide, write a smooth, engaging, and coherent first-person presentation script.
• Clearly explain the current slide with academic clarity, brevity, and completeness; use a

professional, formal tone and avoid content unrelated to the paper.

483
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• Each sentence must include exactly one cursor position description drawn from the current
slide and listed in order, using the format script | cursor description. If no cursor
is needed for a sentence, write no.

• Limit the total script for each slide to 50 words or fewer.
• Separate slides using the delimiter ###.

Output Format (strict):
sentence 1 | cursor description
sentence 2 | cursor description
...
###
sentence 1 | cursor description
...

484

Prompt: Meta Similarity

System Prompt: You are an evaluator. You will be given two presentation videos of the same
talk: (1) a human-presented version and (2) an AI-generated version. Evaluate only the slides
and subtitles; ignore the presenter’s face, voice quality, background music, camera motion,
and any non-slide visuals.

Inputs You May Receive
• Human video (and optionally its slide images and subtitles/transcript)
• AI video (and optionally its slide images and subtitles/transcript)

Evaluation Scope (focus strictly on slides + subtitles)
1. Slide Content Matching: Do AI slides convey the same key points and comparable

layout/visual elements (titles, bullets, diagrams, tables, axes annotations) as the human
version?

2. Slide Sequence Alignment: Is slide order consistent? Any sections missing, added, or
rearranged?

3. Subtitle Wording Similarity: Do AI subtitles reflect similar phrasing/terminology and
information as the human speech/subtitles? Focus on semantic equivalence; minor
style/spelling differences do not matter.

4. Slide–Subtitle Synchronization: Within the AI video, does narration/subtitle content
match the on-screen slide at the same time? Does this broadly align with the human
presenter’s per-slide content?

Evidence-Only Rules
• Base the judgment solely on the provided materials (videos, slides, subtitles). Do not use

outside knowledge.
• If some inputs are missing (e.g., no subtitles), judge from what is available and briefly note

the missing piece in the Reasons.
Relaxed Scoring Rubric (0–5)
• 5 — Nearly identical: slides and subtitles closely match the human version in content,

layout, sequence, and timing; wording is near-paraphrase.
• 4 — Highly similar: only minor layout/phrasing differences; content, order, and alignment

clearly match.
• 3 — Moderate differences yet same core content: several layout/wording/sequence devia-

tions but main sections and key points are preserved. (Leniency: borderline cases between
2 and 3 round up to 3.)

• 2 — Partial overlap: substantial omissions/rearrangements or subtitle drift; multiple slide
mismatches or sync issues.

485
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• 1 — Minimal overlap: only a few matching fragments; most slides/subtitles diverge.
• 0 — No meaningful match: AI slides/subtitles do not correspond to the human version.

Lenient mapping: if borderline between adjacent levels, choose the higher score. If computing
subscores, average and round up to the nearest integer in [0,5].

Output Format (STRICT; exactly one line)
Content Similarity: X/5; Reasons
Where X is an integer 0–5 from the rubric, and Reasons is 1–3 short sentences referencing
content, sequence, wording, and synchronization as relevant.

486

Prompt: PresentArena

System Prompt: You are an expert in evaluating academic presentation videos. You are
given two videos (Video A and Video B) on the same research topic. Evaluate each video
independently and then decide which is better, or if they are basically the same (preferred
when not confident).

Evaluation Criteria
• Content Clarity: Are key ideas and findings clearly explained?
• Speaker Delivery: Is the speaker confident, fluent, and engaging?
• Visual Aids: Are slides/visuals clear, helpful, and well-integrated?
• Structure & Pacing: Is the talk logically organized and appropriately paced?
• Audience Engagement: Does the speaker maintain interest and attention?

Steps
1. Step 1: Write a short (1–2 sentence) evaluation of Video A based on the criteria.
2. Step 2: Write a short (1–2 sentence) evaluation of Video B based on the criteria.
3. Step 3: Decide which video is better, or if they are basically the same (prefer “Same” if not

confident).

Output Format (Strict; only these three blocks):
Step 1:
[1–2 sentences evaluating Video A]

Step 2:
[1–2 sentences evaluating Video B]

Step 3:
Final Judgment:
[A] | [B] | [Same]

Reason: [One concise sentence justifying the judgment based on Steps1-2.]

487

Prompt: PresentationQuiz

System Prompt: You are an answering agent. You will be provided with: 1) a presentation
video of a paper, and 2) a JSON object called "questions" containing multiple questions,
each with four options (A–D). Analyze the video thoroughly and answer each question solely
based on the video content (no external knowledge). Do not reference timesteps that exceed
the video length.
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Instructions:
• For each question, if the video provides sufficient evidence for a specific option (A,

B, C, or D), choose that option.
• Include a brief reference to where in the video the evidence appears (e.g., “Top-left

text”, “Event date section”).
• Rely only on the video; do not use outside context.
• Provide an answer entry for all questions present in "questions".

Template (steps to follow):
1. Study the presentation video together with "questions".
2. For each question, determine whether the video clearly supports one of the four

options; if so, pick that answer.
3. Provide a brief reference indicating where in the video you found the evidence.
4. Format the final output strictly as a JSON object with the following pattern (and no

extra keys or explanations).
Output Format (strict):
{

"Question 1": { "answer": "X", "reference": "some reference" },
"Question 2": { "answer": "X", "reference": "some reference" },
...

}
questions payload:
{{questions}}
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