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Abstract

Presentation generation requires deep content
research, coherent visual design, and itera-
tive refinement based on observation. How-
ever, existing presentation agents often rely
on predefined workflows and fixed templates.
To address this, we present DEEPPRESEN-
TER, an agentic framework that adapts to di-
verse user intents, enables effective feedback-
driven refinement, and generalizes beyond a
scripted pipeline. Specifically, DEEPPRESEN-
TER autonomously plans, renders, and revises
intermediate slide artifacts to support long-
horizon refinement with environmental obser-
vations. Furthermore, rather than relying on
self-reflection over internal signals (e.g., rea-
soning traces), our environment-grounded re-
flection conditions the generation process on
perceptual artifact states (e.g., rendered slides),
enabling the system to identify and correct
presentation-specific issues during execution.
Results on the evaluation set covering diverse
presentation-generation scenarios show that
DEEPPRESENTER achieves state-of-the-art per-
formance, and the fine-tuned DeepPresenter-
9B remains highly competitive at substantially
lower cost.

1 Introduction

Presentations are a primary medium for informa-
tion delivery across education, business, and re-
search. A high-quality presentation combines well-
researched content with coherent visual design, en-
abling audiences to grasp complex ideas efficiently.
However, creating such presentations remains time-
consuming and skill-demanding, motivating recent
work that leverages Multimodal Large Language
Models (MLLMs) to automate this task (Liang
et al., 2025; Yang et al., 2025b; Zheng et al., 2025).

However, existing presentation agents (Sefid
etal., 2021; Xu et al., 2025; Yang et al., 2025b) fall
short of meeting these demands. First, they rely
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Figure 1: Illustration of DEEPPRESENTER. Given a
user instruction, the Researcher gathers information and
compiles a structured manuscript, while the Presenter
transforms it into visual slides. Both agents interact
and collaborate with a shared environment, leveraging
grounded observations for reflective refinement.

on predefined workflows (Zheng et al., 2025) and
content-agnostic templates (Cachola et al., 2024),
limiting adaptability to varying user intents. This
yields text-heavy slides with insufficient research
depth and visual designs that fail to resonate with
the narrative. Second, introspective reflection over
internal signals (e.g., code or reasoning traces) can-
not detect post-render defects (Kim et al., 2025;
Tang et al., 2025), resulting in overlapping ele-
ments, truncated text, and broken layouts.

To address these limitations, we propose DEEP-
PRESENTER, an agentic framework for presenta-
tion generation (Figure 1). Unlike prior methods
that decouple content and design via rigid tem-
plates, DEEPPRESENTER coordinates two special-
ized agents through a shared observation space.



The Researcher autonomously explores and com-
piles a structured manuscript aligned with the user
intent, while the Presenter converts it into visually
coherent slides via content-driven design rather
than template filling. Crucially, instead of intro-
spective self-reflection over internal signals, DEEP-
PRESENTER grounds reflection in perceptual arti-
fact states obtained from environmental observa-
tion (Figure 2): agents use inspect to view ren-
dered manuscripts and slides, and think to plan
targeted revisions to correct post-render defects.

While our framework achieves strong perfor-
mance with proprietary models, their high cost
motivates a more efficient alternative. We there-
fore develop DeepPresenter-9B via supervised fine-
tuning on curated trajectories (Figure 3). We
first construct diverse presentation tasks from Per-
sonaHub (Ge et al., 2024), arXiv, and FinePDFs
(Kydlicek et al., 2025), augmented with verifiable
constraints. During trajectory synthesis, we miti-
gate self-verification bias (Stechly et al., 2024) with
extrinsic verification: an independent critic evalu-
ates artifacts in isolation and provides reasoning
traces that steer targeted refinements, improving
the quality of synthesized trajectories.

We evaluate our method on a held-out set of
128 diverse presentation tasks across three dimen-
sions: constraint satisfaction, content quality, and
visual style. With proprietary backbones, DEEP-
PRESENTER achieves an average score of 4.44,
surpassing open-source baselines and the commer-
cial system Gamma (4.36). Our specialized agen-
tic design yields richer content and coherent de-
sign, while environment-grounded reflection re-
duces post-render defects by revising against ob-
served perceptual artifact states. DeepPresenter-9B
scores 4.19, outperforming all open-source base-
lines and approaching GPT-5 (4.22) at lower cost.

In summary, our contributions are threefold:

* We propose DEEPPRESENTER, an agentic
presentation framework that coordinates Re-
searcher and Presenter agents via a shared
observation space, enabling autonomous in-
formation research and topic-aware design.

* We introduce environment-grounded reflec-
tion that grounds self-correction in perceptual
artifact states obtained from post-render ob-
servations, reducing defects that are not de-
tectable from internal signals alone.

* Results on the evaluation set covering diverse

presentation-generation scenarios show that
DEEPPRESENTER achieves state-of-the-art
performance, and the distilled DeepPresenter-
9B remains highly competitive at substantially
lower cost.

2 DEEPPRESENTER

In this section, we present DEEPPRESENTER, a
dual-agent framework for presentation generation.
We first formulate the task as an interactive agen-
tic process, then describe the Researcher-Presenter
collaboration and the environment-grounded reflec-
tion mechanism, as illustrated in Figure 2.

2.1 Task Formulation

We formulate presentation generation as an inter-
active agentic task. Given an instruction Z and
an agent environment £ equipped with a tool li-
brary 7 and a file system F, the system aims to
generate a high-quality presentation P. The gener-
ation process can be modeled as a multi-step trajec-
tory 7 = {(r1,a1,01),...,(rp,ar,or)}, where
at each step ¢, the agent generates a reasoning trace
r¢, selects an action a; € 7, and receives observa-
tion o; from £. We decompose the trajectory into
two sequential phases: 7 = 7% o 7, where 77
and 7 denote the Researcher and Presenter trajec-
tories, respectively. The two agents communicate
through F, where the Researcher persists a struc-
tured manuscript M and associated assets for the
Presenter to consume. Appendix C lists the tools.

2.2 Dual-Agent Collaboration

Presentation generation requires both information
research and visual design, which demand differ-
ent planning and tool use. We split these roles
between two specialized agents while sharing the
same backbone model.

Researcher Agent Given Z, the Researcher au-
tonomously plans its exploration instead of follow-
ing a predefined workflow. It executes multiple
steps during 7%, invoking tools from 7 to retrieve
and synthesize supporting materials and to create
auxiliary assets as needed. The exploration depth
and strategy adapt to user intent: a technical presen-
tation may require surveying related work, while
a general-audience talk may prioritize accessible
examples and vivid illustrations. Finally, the Re-
searcher compiles slide text and associated assets
into a structured markdown manuscript M orga-
nized by narrative flow, and persists it to F.
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Presenter Agent Rather than populating prede-
fined templates, the Presenter generates slides from
scratch during 7. Given M from F, the agent
first develops a global design plan, establishing
color themes and typography that resonate with
the topic. It then generates each slide as a stan-
dalone HTML file, translating manuscript content
into visual elements following the design plan. This
content-driven approach enables stylistic choices
aligned with the presentation topic, such as earthy
palettes for sustainability or minimalist layouts for
academic tutorials.

2.3 Environment-Grounded Reflection

We ground agent reflection in environmental ob-
servations rather than introspective reasoning over
internal signals (He et al., 2025). The key issue
with self-reflection is state mismatch: agents op-
erate on intermediate representations (e.g., HTML
or markdown), while users perceive only rendered
artifacts. As a result, many defects manifest only
in perceptual states (e.g., broken images, overflow,
or low contrast), leaving introspective reflection
operating in a mismatched observation space.

To make perceptual artifact states observable to
the agent, we introduce the inspect tool as an
explicit observation interface. For the Presenter,
inspect renders an HTML file into image pixels,
exposing post-render defects such as overflow, over-
lap, and low contrast; for the Researcher, inspect
returns structured diagnostics of the manuscript and

Dimension Category Count Ratio (%)

L English 603 52.34
anguage Chinese 549 47.66
PersonaHub 586 50.87

Source FinePDFs 362 31.42
arXiv 204 17.71

16:9 Widescreen 327 28.39

A ¢ Rati 4:3 Standard 304 26.39

SPECtRAUO A1 Poster 30 2.60
Free 491 42.62

11-20 249 21.61

Slide Count 1-10 320 27.78
Free 583 50.61
Total 1,152 100.00

Table 1: Statistics of the constructed presentation tasks
by language, source, aspect ratio, and slide count. “Free’
indicates no constraint is specified.

i

file state, including slide count, asset availability,
and detected language. Agents then use think to
reflect on observed defects and plan targeted edits.
This forms an observe-reflect—revise loop where
agent observations align with user perception.

3 Frontier Presentation Agent Model

This section presents our training pipeline as shown
in Figure 3: task dataset construction, trajectory
synthesis with extrinsic verification to elicit high-
quality reflective behaviors, and multi-stage filter-
ing for quality.

3.1 Query Construction

We construct a task collection for training our com-
pact model and evaluating our framework. To cover
diverse presentation scenarios in both intent-driven
and document-conditioned settings, we draw task
seeds from PersonaHub (Ge et al., 2024), arXiv,
and FinePDFs-Edu (Kydlicek et al., 2025). Each
task is augmented with verifiable constraints (e.g.,
slide count, language, aspect ratio) to capture fine-
grained user-specified requirements. For Person-
aHub, we prompt GLM-4.6 to synthesize presen-
tation tasks conditioned on persona descriptions;
for arXiv and FinePDFs-Edu, we construct tasks
that require generating presentations based on pro-
vided documents. Each task is further augmented
with verifiable constraints, including slide count,
language, and aspect ratio. In total, this task collec-
tion contains 1,152 tasks, with 1,024 for trajectory
sampling and 128 held out for evaluation. Detailed
statistics are shown in Table 1.
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sampling; and (3) Trajectory Filtering validates constraint compliance and assesses consistency and output quality.

3.2 Verification-Guided Trajectory Synthesis

When sampling agentic trajectories, self-reflection
is susceptible to self-verification bias (Jiang et al.,
2025): the agent judges its own intermediate out-
puts from within the same trajectory state that pro-
duced them. This coupling entangles verification
with self-justification, resulting in flawed outputs
being accepted. To break this coupling, we in-
troduce extrinsic verification, where verification
signals are produced in an isolated context.

As illustrated in Figure 3, after the agent invokes
inspect and obtains an observation oy, an indepen-
dent critic performs verification conditioned on o¢
and the corresponding intermediate artifacts. The
critic outputs a reasoning trace that identifies de-
fects (e.g., low contrast) and specifies actionable
adjustments (e.g., adjust text color). We append
this trace to the agent context as a think call, guid-
ing targeted revisions before continuing the rollout.

3.3 Trajectory Filtering

We adopt a three-stage filtering pipeline to ensure
trajectory quality. First, we verify constraint com-
pliance through a rule-based system. Second, we
evaluate consistency using GLM-4.6, removing tra-
jectories that fail to follow the extrinsic-verification
trace with aligned revisions (i.e., reflection—action
inconsistency). Third, we assess output quality
using GLM-4.6V, filtering out trajectories with crit-
ical defects such as element overlap or broken im-
ages.

4 Experiment

In this section, we evaluate our method on presen-
tation generation and analyze our key components.

4.1 Setup

Implementation Details We sample trajectories
by running DEEPPRESENTER with Gemini-3-Pro
as the backbone and critic model on 1,024 training
tasks, with a maximum context window of 50K
tokens. 802 trajectories pass our filtering pipeline
and are used for supervised fine-tuning. We fine-
tune GLM-4.6V-Flash on these trajectories using
MS-SWIFT (Zhao et al., 2024), with a batch size of
32 and learning rate of 1e-5 for 3 epochs. Training
takes approximately 80 GPU hours on 8 A800-80G
GPUs.

Models and Baselines We compare against one
commercial system, Gamma!, and two academic
frameworks: PPTAgent (Zheng et al., 2025) and
KCTYV (Cachola et al., 2024). For backbone mod-
els, we evaluate with proprietary GPT-5 (OpenAl,
2025), Gemini-3-Pro (Comanici et al., 2025), and
Claude-Sonnet-4.5 (Anthropic, 2025), as well as
open-source GLM-4.6 (Zeng et al., 2025a). For
DEEPPRESENTER, we additionally evaluate with
GLM-4.6V and GLM-4.6V-Flash (Team et al.,
2025), as our framework leverages visual feedback
through the inspect tool.

Evaluation Protocol We hold out 128 tasks from
the constructed task collection and evaluate gener-

ated presentations using the following metrics:

"https://gamma.app/



Framework Model Constraint Content Style Avg. Diversity
Close-sourced Baseline
Gamma - 493 4.08 4.08 4.36 0.52
Open-sourced Baseline
GPT-5 3.96 3.00 4.07 3.68 0.35
PPTAgent Gemini-3-Pro 4.22 3.09 430 3.87 0.19
Claude-Sonnet-4.5 3.72 2.93 415 3.60 0.17
GLM-4.6 4.02 3.17 424 381 0.30
GPT-5 4.95 2.84 3.63 3.81 0.21
KCTV Gemini-3-Pro 4.58 3.01 390 3.83 0.27
Claude-Sonnet-4.5 4.88 2.90 399 392 0.20
GLM-4.6 4.66 2.83 394 3.81 0.25
Ours
GPT-5 4.80 3.79 407 422 0.56
Gemini-3-Pro 4.70 4.25 437 4.4 0.79
DEEPPRESENTER Claude-Sonnet-4.5 4.90 4.05 427 441 0.49
GLM-4.6V 4.69 3.25 375 3.90 0.58
GLM-4.6V-Flash 4.67 3.11 3.69 3.82 0.47
DeepPresenter-9B 4.77 3.52 429 4.19 0.53

Table 2: Performance comparison of different frameworks and models.

The best/second-best scores are

bolded/underlined. Quality metrics (Constraint, Content, Style, Avg.) are scaled to 0-5, while Diversity is

scaled to 0-1.

e Constraint scores each presentation by the
fraction of user-specified constraints it satisfies,
covering slide count, language, and aspect ratio,
verified through rule-based checking.

o Content & Style evaluate the quality of slide
content and visual design. We adopt the MLLM-
based evaluation framework from Zheng et al.
(2025) with GPT-5 as the judge, which has been
validated to correlate well with human judgments.

e Diversity quantifies visual style variance
across generated presentations using the Vendi
Score (Friedman and Dieng, 2022), which com-
putes diversity based on the eigenvalue entropy of
feature similarity matrices extracted by DINOv2
(Oquab et al., 2023).

We report Avg. as the mean of Constraint, Con-
tent, and Style (scaled 0-5), while Diversity (scaled
0—1) measures cross-presentation variation.

4.2 Main Results

Table 2 presents the main experimental results.

DEEPPRESENTER achieves state-of-the-art per-
formance Across all backbone models, DEEPP-
RESENTER consistently outperforms open-source
baselines. With Gemini-3-Pro as the backbone,

DEEPPRESENTER attains an average score of 4.44,
surpassing the best open-source baseline (KCTV +
Claude-Sonnet-4.5, 3.92) by 13.3% and the com-
mercial product Gamma (4.36). The improve-
ments stem from two aspects: (1) Content qual-
ity improves most because Researcher performs
intent-adaptive information seeking and synthesis,
rather than relying on fixed workflows or user-
provided inputs. Baseline frameworks depend on
user-provided materials and lack deep retrieval ca-
pability, while our agent searches, retrieves, and
synthesizes information from diverse sources. (2)
Style scores improve through content-aware design
and environment-grounded reflection. Our frame-
work enables Presenter to align design decisions
with the narrative, while environment-grounded re-
flection mitigates free-form generation failures by
revising against post-render defects.

Free-form generation enables greater visual di-
versity, with DEEPPRESENTER achieving a di-
versity score of 0.79. Under our diversity met-
ric, DEEPPRESENTER more than doubles template-
based baselines by generating slides in a free-form
manner. Baseline frameworks achieve diversity
scores of only 0.17 to 0.35, as fixed templates con-



Configuration Cons. Content Style Avg.
Gemini-3-Pro
DEEPPRESENTER 4.70 4.25 437 4.44
w/o Grounded Reflection  4.52 4.15 431 432
w/o Dual-Agent 3.94 3.96 422 4.04
DeepPresenter-9B
DeepPresenter-9B 4.77 3.52 429 4.19
w/o Grounded Reflection  4.21 3.23 4.01 3.82
w/o Dual-Agent 3.65 2.93 311 3.23

w/o Trajectory Filtering 4.67 3.30 412 4.03

Table 3: Ablation study on framework components and
training strategy. Cons. denotes constraint satisfaction.

Configuration Cons. Content Style Avg. A
GLM-4.6V-Flash 4.67 3.11 3.69 3.82 -
+ Fine-tuning 4.71 3.19 392 394 +0.12
+ Extrinsic Verification 4.74 3.28 4.03 4.02 +0.20

Table 4: Effect of extrinsic verification on model perfor-
mance. Both fine-tuned variants use 300 trajectories. A
denotes improvement over the base model.

strain visual variation. PPTAgent, in particular,
shows lower constraint scores because its style de-
cisions are predetermined by the workflow, limiting
task-specific adaptation. Even Gamma, despite its
commercial polish, achieves only 0.52. In contrast,
our framework maintains high constraint compli-
ance while enabling greater visual diversity (0.79).

DeepPresenter-9B surpasses all open-source
baselines with high efficiency. With only 802
trajectories, our compact model achieves an aver-
age score of 4.19, outperforming open-source base-
lines and matching GPT-5 (4.22) at substantially
lower cost. These results support the effectiveness
of our verification-guided trajectory synthesis and
suggest that compact models can acquire agentic
behaviors from limited but high-quality samples.

4.3 Ablation Study

We ablate key components of DEEPPRESENTER
on Gemini-3-Pro and DeepPresenter-9B, as shown
in Table 3. (1) Environment-grounded reflection
is critical because it extends observation space
to post-render perceptual artifact states. Dis-
abling inspect confines reflection to pre-render
artifacts and degrades performance from 4.44 to
4.04 on Gemini-3-Pro and from 4.19 to 3.23 on
DeepPresenter-9B. (2) Dual-agent collaboration
contributes significantly by decomposing long-
horizon execution into specialized sub-tasks. With-
out it, performance drops substantially on both
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backbones. (3) Trajectory filtering effectively pre-
vents biased and low-quality patterns from being
distilled during fine-tuning. Removing it drops
DeepPresenter-9B from 4.19 to 4.03.

S Analysis

We analyze the effectiveness of the extrinsic evalua-
tion, examine failure modes in trajectory synthesis,
and present efficiency comparisons alongside qual-
itative case studies.

5.1 Effect of Extrinsic Verification

Extrinsic verification improves trajectory syn-
thesis by mitigating self-verification bias. To
quantify its impact, we train two variants on 300 tra-
jectories sampled from the same set of tasks, with
and without extrinsic verification during trajectory
synthesis. As shown in Table 4, adding extrinsic
verification yields a 67% larger gain in Avg. (0.20
vs. 0.12) than fine-tuning alone. This indicates that,
even with environment-grounded observations, re-
vision signals produced solely within the agent’s
own trajectory state can be biased, leading to sub-
optimal refinements being distilled during learning.

Extrinsic verification mitigates self-verification
bias by strengthening defect-triggered revision
signals. We categorize reflection-triggered de-
fects into three manuscript types: integrity (e.g.,
missing asset references), constraint (e.g., mis-
matched slide count), and format (e.g., invalid
markup); and three slide types: layout (e.g., over-
lap), render (e.g., blank slides), and style (e.g., low
contrast). Figure 4 compares defects identified on
the same 300 trajectories under self-verification
versus extrinsic verification. Extrinsic verification
consistently yields more defect detections across
categories, with the largest gaps on slides (e.g.,
308 vs. 212 for layout and 101 vs. 43 for render).
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This pattern indicates a systematic failure in self-
verification: when verification is conducted within
the generating trajectory state, the agent tends to ra-
tionalize defects, producing biased judgment (Jiang
et al., 2025; Stechly et al., 2024). By decoupling
verification from the agent’s own trajectory state,
extrinsic verification mitigates this bias and pro-
vides stronger signals to trigger corrective revisions
during synthesis.

5.2 Trajectory Failure Analysis

Following the categories in Section 3.3, we ana-
lyze failures in synthesized trajectories before fil-
tering (Figure 5). Quality errors are most prevalent
(43.0%), underscoring the difficulty of sustaining
high standards under free-form generation. Envi-
ronment failures are also common (32.3%), reflect-
ing long-horizon fragility from context overflow
and infrastructure disruptions. The remaining cases
include Constraint violations (13.5%) and Consis-
tency errors (11.2%), which are less frequent but
still non-negligible.

5.3 Efficiency Analysis

Figure 6 presents the cost-performance trade-off
across frameworks and models. (1) DeepPresenter-
9B advances the Pareto frontier, significantly out-
performing the prior frontier point at comparable
cost. Compared to KCTV + Gemini-3-Pro (3.83),
DeepPresenter-9B achieves 4.19 at a similar price,
a significant improvement in cost-quality trade-
off. (2) DEEPPRESENTER establishes a new upper
bound for presentation generation, surpassing the
previous best system Gamma. With an average
score of 4.44 versus Gamma’s 4.36, DEEPPRESEN-
TER delivers the strongest result in our evaluation.

Notably, baseline frameworks exhibit flat perfor-
mance across backbone models, whereas DEEPP-
RESENTER demonstrates substantial variation (3.82
to 4.44). This pattern is consistent with baselines
being limited by their fixed pipelines, while DEEP-
PRESENTER can better leverage stronger model
capacity.

5.4 Case Study

We present qualitative examples in Figure 7. (1)
DEEPPRESENTER produces visually rich slides
through diverse asset sources, while baselines tend
to yield text-heavy outputs. Gamma includes more
imagery than academic baselines. However, it re-
lies heavily on Al-generated images and often mis-
handles figures embedded in source documents
(e.g., inappropriate scaling of architectural dia-
grams). Open-source baselines rarely retrieve or
create supporting visuals, resulting in predomi-
nantly textual content. (2) DEEPPRESENTER gen-
erates visual themes that resonate with content,
whereas baselines rely on fixed templates. For ex-
ample, DEEPPRESENTER employs green tones for
environmental topics and minimalist layouts for
academic presentations, while baseline methods
exhibit limited topical alignment due to template-
driven generation.

6 Related Work

Presentation generation has attracted increasing at-
tention due to its practical value for information
delivery. Before the emergence of large language
models, presentation generation was primarily for-
mulated as a document summarization task. These
approaches employed extractive summarization to
select salient sentences using neural networks (Fu
et al., 2022; Hu and Wan, 2014; Sun et al., 2021)
or phrase-based methods (Wang et al., 2017). How-
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ever, the limited reasoning capabilities of pre-LLM
models constrained their ability to handle diverse
user intents and produce visually engaging outputs.

The emergence of LLMs has shifted the
paradigm toward agent-based approaches that lever-
age stronger reasoning and generalization capabili-
ties. Recent work explores multi-agent collabora-
tion for content extraction and layout planning (Ca-
cholaetal., 2024; Ge et al., 2025; Liang et al., 2025;
Xu et al., 2025; Yang et al., 2025b), aesthetic-aware
generation (Liu et al., 2025), as well as slide under-
standing and editing (Huang et al., 2025; Jung et al.,
2025; Zeng et al., 2025b; Zheng et al., 2025). How-
ever, these approaches often focus on predefined
workflows and fixed templates, limiting adaptation
to user intent and iterative refinement with environ-
mental feedback.

Compared with previous methods, DEEPPRE-
SENTER formulates presentation generation as an
autonomous exploration and collaboration process
between two specialized agents. The Researcher-
Presenter decomposition enables adaptive plan-

ning based on task complexity, while environment-
grounded reflection allows agents to verify and
refine artifacts through rendered slides and file sys-
tem states (Jiang et al., 2025; Stechly et al., 2024;
Tang et al., 2025).

7 Conclusion

In this work, we propose DEEPPRESENTER, an
agentic framework for presentation generation in
which agents plan autonomously and adapt to di-
verse user intents. Our framework grounds self-
reflection in perceptual artifact states from environ-
mental observations, enabling agents to iteratively
identify and fix post-render defects. We further
train DeepPresenter-9B on trajectories synthesized
with extrinsic verification, which mitigates self-
verification bias and strengthens reflective behav-
iors. Results show that DEEPPRESENTER achieves
state-of-the-art performance, while DeepPresenter-
9B remains competitive at substantially lower cost.



Limitations

While DEEPPRESENTER demonstrates strong per-
formance, several limitations remain. First, DEEP-
PRESENTER relies on multi-step, tool-using roll-
outs, which increase inference cost and are sensi-
tive to environment instability (e.g., context over-
flow and infrastructure failures) observed in our
trajectory analysis. Second, extrinsic verification
is only used during trajectory synthesis. We do not
employ an external critic at inference time, as critic-
provided reflection signals can introduce reflection—
action inconsistency and additional overhead. Fu-
ture work can explore mitigating self-verification
bias at inference time.
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A Detailed Analysis

A.1 Human Evaluation

To address concerns about potential circularity in-
troduced by LL.M-as-judge evaluation, we conduct
a small-scale human study to corroborate the au-
tomatic assessments. We recruited two graduate
students majoring in computer science to evaluate
32 randomly sampled presentations from the test
set. Following the evaluation dimensions in Sec-
tion 4, annotators rate Content and Style on a 1-5
Likert scale using the scoring criteria of Zheng et al.
(2025), while Constraint satisfaction is verified via
rule-based checks consistent with our evaluation
protocol. Evaluators were provided with rendered
slide images and scored them independently. Ta-
ble 5 reports the resulting ratings. Importantly, the
relative ranking and overall trends under human
judgment align with our automatic evaluation, sug-
gesting that the observed improvements are not an
artifact of relying solely on GPT-5 as the judge.

A.2 Performance by Domain

We analyze DEEPPRESENTER with Gemini-3-Pro
across domains. PersonaHub shows the strongest
content (4.49) and style (4.49) scores, but relatively
lower constraint satisfaction (4.38). This is likely
because PersonaHub queries are synthesized by
an LLM based on persona descriptions, resulting
in more diverse and complex constraint specifi-
cations that are harder to follow. arXiv achieves
near-perfect constraint satisfaction (4.91) but the
lowest content (3.84) and style (4.13) scores. The
formal nature of academic presentations restricts
visual diversity, and accurately conveying technical
content requires deeper domain understanding.

A.3 Tool Usage Analysis

We analyze tool invocation patterns across agents
and domains, as shown in Figure 8. For agent roles
(Figure 8a), Researcher and Presenter exhibit dis-
tinct tool preferences aligned with their responsibil-
ities. Researcher relies heavily on Retrieve tools for
information gathering, while Presenter focuses on
File operations and Reason tools for iterative slide
editing and reflection. This specialization validates
our dual-agent design, where each agent develops
tool usage patterns tailored to its role.

Across domains (Figure 8b), Researcher shows
adaptable usage patterns reflecting task characteris-
tics. PersonaHub tasks exhibit significantly higher
Retrieve usage, as persona-driven queries do not
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Method Cons. Content Style Avg.
Gamma 4.84 3.52 390 4.09
PPTAgent 3.72 3.07 3.60 3.46
KCTV 441 2.84 3.19 348
DeepPresenter  4.56 3.86 425 4.22

Table 5: Human evaluation results on 32 randomly sam-
pled presentations.

Domain Cons. Content Style Avg.
PersonaHub  4.38 4.49 449 445
arXiv 491 3.84 413 429
FinePDF 4.94 4.21 438 451

Table 6: Domain performance breakdown. Cons. de-
notes constraint satisfaction.

provide reference documents, requiring agents to
actively search for relevant materials. In contrast,
arXiv and FinePDF tasks involve provided source
documents, leading to higher File usage for doc-
ument processing and lower reliance on retrieval.
Tool categories are detailed in Table 8.

B Dataset

B.1 Data Sources

We collect presentation tasks from three sources
to ensure diverse scenario coverage. For academic
presentations, we pair arXiv papers with requests
that specify target audiences (beginners, intermedi-
ate learners, domain experts, or peer researchers)
and corresponding scenarios (lectures, seminars,
defenses, or conference talks). For general educa-
tional topics, we sample English and Chinese PDF
documents from FinePDFs-Edu (Kydlicek et al.,
2025), each accompanied by instructions to create
a presentation based on the attachment.

For personalized scenarios, we leverage Person-
aHub (Ge et al., 2024) and prompt Qwen3-235B-
A22B (Yang et al., 2025a) to generate realistic
presentation requests grounded in user personas.
We adopt two generation strategies: knowledge-
grounded generation, which incorporates both per-
sona descriptions and synthesized domain knowl-
edge, and open-ended generation, which relies
solely on persona characteristics. The model is
instructed to adopt the persona’s perspective and
select the appropriate language based on cultural
background. Generated queries undergo language
filtering, semantic deduplication, and LLM-based
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(a) Tool Usage by Agent

(b) Tool Usage by Domain (Researcher)

Figure 8: Tool usage analysis. (a) Distribution of tool invocations by agent role. (b) Tool usage patterns of

Researcher across different domains.

quality control to remove low-quality or inappro-
priate samples.

B.2 Constraint Augmentation

To assess instruction-following capabilities, each
task is augmented with verifiable constraints, in-
cluding slide count, aspect ratio (widescreen 16:9,
standard 4:3, or poster), and language. These con-
straints are randomly assigned per task. For auto-
mated verification, we parse generated PDFs and
validate them against specified constraints using
a rule-based system. The constraint satisfaction
score is computed as the proportion of constraints
successfully met.

B.3 Evaluation Set

To facilitate replication, we disclose the composi-
tion of our 128-task evaluation split and statistics
in Table 7.

C Agent Framework

Presentation creation requires interacting with het-
erogeneous resources beyond static web text, in-
cluding search results, images, papers, and local
files, as well as inspecting intermediate artifacts
such as manuscripts and rendered slides. To sup-
port this, we organize our toolset into five cate-
gories (Table 8): Retrieve for information gather-
ing, File for document manipulation, Reason for
inspection and reflection, Control for task manage-
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Dimension Category Count Ratio (%)
L English 74 57.81
anguage Chinese 54 42.19
PersonaHub 57 44.53
Source FinePDFs 38 29.69
arXiv 33 25.78
16:9 Widescreen 42 32.81
A ¢ Rati 4:3 Standard 34 26.56
spect katio Al Poster 4 3.12
Free 48 37.50
11-20 26 20.31
Slide Count 1-10 36 28.12
Free 66 51.56
Total 128 100.00

Table 7: Evaluation set statistics across language,
source, aspect ratio, and slide-count constraints. “Free”
indicates no constraint is specified.

ment, and Synthesis for code execution and asset
generation.

Inspection Tools. The Reason category includes
two inspection tools that enable environment-
grounded reflection:

e inspect_manuscript: Parses the markdown
manuscript and returns structured diagnostics,
including the total slide count, detected con-
tent language, and validation results for refer-
enced image assets. The tool checks whether



Category  Action

search_web, search_images,
search_papers, fetch_url,
get_paper_authors,
get_scholar_details ,
document_analyze,
image_caption

Retrieve

convert_to_markdown, read_file,
write_file, move_file, edit_file,
download_file,
execute_command,
create_directory, list_directory

File

thinking, inspect_slide,

Reason ) .
inspect_manuscript

todo_create, todo_update,

Control todo_list, finalize

Create image_generation

Table 8: Action Categories

each image path exists, flags external URLs
that should be downloaded locally, identifies
missing alt text, and warns about duplicate
image usage.

inspect_slide: Renders an HTML slide into
a pixel image using a headless browser and
returns the image to the agent’s visual context.
The tool supports multiple aspect ratios (16:9
widescreen, 4:3 standard, A1 poster) and en-
ables agents to perceive visual defects such as
contrast issues and element overflow that are
invisible at the code level.

Each task is executed as a sequence of reasoning-
action-observation steps within a maximum context
window of 50K tokens. To prevent context over-
flow, our system sends warning messages when the
accumulated window length reaches 50% and 80%
of the maximum capacity, allowing the agent to
adjust its strategy accordingly.

D Prompts
D.1 Data Synthesis Prompts

QUERY SYNTHESIS (PERSONAHUB)

Generate a slide creation request based on
the following information:

{hint}

User persona:
{persona}

QUERY SYNTHESIS

(PERSONAHUB-

D)4 VNID)

Assume you are a user with the following
characteristics:

<persona>
{persona}
</persona>

You want to create a slide presentation
based on the following topic:

<presentation_topic>
{synthesized_text}
</presentation_topic>

{hint}

Please generate a slide creation request
based on the above persona and topic.

D.2 Extrinsic Verification Prompts

EXTRINSIC VERIFICATION FOR RE-
SEARCHER AGENT

You are a professional slide content
reviewer responsible for checking slide
content for issues based on specified
dimensions.

Review Dimensions

Your review authority is strictly limited
to the following dimensions:

e Image path compliance: Check whether
local paths are used and whether captions
are included

e language selection compliance:
whether the document is written
correct language

e Language consistency: Check for
unnecessary mixing of Chinese and English,
or inconsistent style

Check
in the

° Language correctness: Check
for grammatical errors, spelling
mistakes/typos

e Tool-returned warnings: Check warning
messages and evaluate their impact on user
understanding

Problem Description Standards

When finding issues, use first person:

e Problem Location: ‘‘I noticed on this
page...’’ / ‘‘The tool detected...’’

e Improvement Plan: ¢‘I will...’’

Return Format (strict JSON)
{“‘severity’’: <0-3 integer>, ‘‘thought’’:
‘‘<analysis, less than 30 words>’’
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EXTRINSIC VERIFICATION FOR PRESEN-

TER AGENT

You are a professional slide design
reviewer, responsible  for analyzing
the visual design and readability of

HTML slides generated by another Design
Agent and providing specific improvement
guidelines.

Review Dimensions

1. Readability

o Whether the contrast between text and
background is too low, causing reading
difficulties

e Whether fonts and images render properly
o Whether text elements are obscured or
overflow

2. Aesthetics

e Whether similar
consistent alignment
e Whether color schemes, visual hierarchy,
and layout cause visual confusion

e You should only check if images display
correctly, not their aesthetics or
watermarks

elements maintain

Problem Description Standards

When finding issues, use first person: ‘‘I
noticed on this slide...’’ — ¢‘This will
cause...’’ — ‘I will...”’

Return Format (strict JSON)
{“‘severity’’: <@-3 integer>, ‘‘thought’’:
‘‘<analysis and improvement actions>’’}

D.3 Agent System Prompts

RESEARCHER AGENT SYSTEM PROMPT

You are a professional presentation content
expert capable of leveraging various tools
for deep and comprehensive information
retrieval and collection based on user
requirements, then analyzing and highly
distilling the information to create
high-quality slide content that embodies
‘‘Information Aesthetics’’

Task Instructions
e Based on user requirements and their
underlying logic, conduct systematic and
comprehensive information research, and
construct a slide framework with strong
narrative tension

e After fully completing information
collection and organization, organize
visual materials guided by information

value and content logic

e Write the manuscript in Markdown format:
Use --- for page separation; images must
be downloaded locally and referenced via
relative paths

e Upon completion, call finalize with the
manuscript path as the parameter
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Important Notes

e Use the same language as the user’s
instructions for manuscript generation

e Your task is limited to manuscript
writing and material collection/creation;
do not involve slide layout and design
work

e Leverage ‘thinking‘ to reflect on the
current state and next steps, and execute
strictly

e You are not allowed to interact with
the user; all information must be obtained
through retrieval and tools

PRESENTER AGENT SYSTEM PROMPT

You are a professional slide visual
design expert, skilled in creating
fixed-layout slide designs using HTML/CSS.

Your core competency is faithfully
transforming manuscripts into visually
balanced, overlap-free, high-quality

slides suitable for projection display,
making full use of all available materials.

Task Description

e Deeply analyze the manuscript and
develop a ‘‘slide master’’ style design
plan (including color scheme, fonts, grid

system, font size specifications)

e Based on the design plan and manuscript
content, generate high-quality HTML files
page by page

e After generating all slides, call the
finalize tool to return the slides folder
and end the workflow

Important Notes

e Mandatory Fixed Dimensions: Strictly
lock body/html to specified dimensions
(e.g., 16:9, 1280px x 720px), and set
overflow: hidden

e Use the same language as the user’s
instructions for thinking and working

e Thinking: You can use ‘thinking‘¢ to
reflect on the current state and plan next
steps, then execute strictly




