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ABSTRACT

As the volume of peer-reviewed research surges, scholars increasingly rely on social
platforms for discovery, while authors invest considerable effort in promoting their
work to ensure visibility and citations. To streamline this process and reduce
the reliance on human effort, we introduce Automatic Promotion (AutoPR), a
novel task that transforms research papers into accurate, engaging, and timely
public content. To enable rigorous evaluation, we release PRBench, a multimodal
benchmark that links 512 peer-reviewed articles to high-quality promotional posts,
assessing systems along three axes: Fidelity (accuracy and tone), Engagement
(audience targeting and appeal), and Alignment (timing and channel optimization).
We also introduce PRAgent, a multi-agent framework that automates AutoPR
in three stages: content extraction with multimodal preparation, collaborative
synthesis for polished outputs, and platform-specific adaptation to optimize norms,
tone, and tagging for maximum reach. When compared to direct LLM pipelines
on PRBench, PRAgent demonstrates substantial improvements, including a 604%
increase in total watch time, a 438% rise in likes, and at least a 2.9x boost in
overall engagement. Ablation studies show that platform modeling and targeted
promotion contribute the most to these gains. Our results position AutoPR as
a tractable, measurable research problem and provide a roadmap for scalable,
impactful automated scholarly communication.

1 INTRODUCTION

Large-scale pretrained Al models have recently advanced automated reasoning in academic settings,
fueling Al4Research applications and a marked rise in scholarly assistant (Chen et al.| 2025a}b; [Eger
et al.,2025;/Zhou et al., [2025). Therefore, as shown in Figure(a), the number of accepted conference
papers has increased sharply (White} 2019;/Azad & Banu|, 2024)). With this surge, researchers cannot
feasibly track all relevant papers across conferences (Murayama et al., 2016} Ferguson & Fenner,
2021). To obtain information more efficiently, readers increasingly rely on social media and digital
platforms to keep up with current developments (Kulczyckil 2013 |Jucan & Jucanl, 2014} Davies &
Haral 2017). Meanwhile, authors proactively promote their work to expand visibility, attract citations,
and increase influence (Collins et al., [2016; /Gudi & Basker, [2019; Mulimani, 2024). However, as
shown in Figureﬂ] (b), without promotion (PR), both influence and citations decline (Betz et al., 2023}
Weissburg et al.| [2024), yet producing high-quality promotion materials still depends on manual
effort and substantial time and cost (see Figure|l|(c)) (Earlham Institute} 2023; Maron et al., [2016)).

Recently, intelligent agent systems, which make autonomous decisions and adapt actions, have shown
promise in academic contexts (Hu et al.,|2024} |Gridach et al., [2025; /Wei et al., 2025). By automating
research-promotion tasks such as generating concise summaries, designing visual abstracts, and
conducting targeted promotion, these agents can increase the visibility and impact of scholarly work
while reducing human effort (Lu et al.| [2024; |Sun et al., 2025} [Zhang et al., |2025). However, a
systematic benchmark for automated academic promotion on social platforms is still lacking. Current
research offers neither a comprehensive evaluation of LLMs on end-to-end promotion tasks nor
complete pipelines for transforming academic papers into effective multimodal promotion materials.

To fill this research gap, as illustrated in Figure E] (d), we first introduce a novel task, AutoPR,
which automatically generates academic promotion content. To support evaluation, we construct
the Academic Promotion Benchmark (PRBench), which links 512 peer-reviewed articles across
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Figure 1: Overview of our study: Automatic Promotion (AutoPR) task, its benchmark PRBench, and
the associated method PRAgent. The details of citation trend analysis are shown in Appendix g

disciplines with curated multimodal promotion materials. We systematically assess agent performance
along three dimensions: (i) Fidelity: producing accurate, persuasive content with proper tone and
length; (ii) Engagement: identifying and involving stakeholders such as academic peers, journalists,
and policymakers; and (iii) Alignment: timing dissemination based on audience behavior and channel
dynamics. Our analysis of current agent frameworks reveals persistent limitations in contextual
understanding and targeting precision for these tasks.

To overcome these challenges and provide an end-to-end pipeline, as shown in Figure [T (e), we
further present PRAgent, a three-stage framework for scholarly promotion: (1) Content Extraction
applies hierarchical summarization and multimodal processing to create concise paper summaries,
social media posts, and graphical abstracts. (2) Multi-Agent Content Synthesis uses a collaborative
agent system to refine extracted information into polished outputs, transforming structured materials
into coherent promotion-ready content. (3) Platform-Specific Adaptation models platform-specific
preferences, allowing PRAgent to adjust tone and tagging to maximize user engagement. We evaluate
PRAgent on the PRBench against standard LLM pipelines, showing much optimized content accuracy,
engagement, and platform alignment. In real-world application, it shows a 604% increase in total
watch time and a 438% increase in likes on real social media. These findings demonstrate PRAgent’s
effectiveness and chart a path toward automated scholarly communication.

Our contributions can be summarized as follows:

* Novel AutoPR Task: We first formalize automatic academic PR (AutoPR) as a distinct research
task with systematic evaluation metrics. We scope it as translating peer-reviewed research into
tailored promotional materials, specifying inputs (manuscripts, figures, key findings) and outputs
(press releases, social media posts, visual abstracts).

* PRBench Dataset: We present PRBench, a publicly released dataset of 512 paired multimodal
samples linking peer-reviewed papers to their manually created PR posts across three Al-related
fields, enabling rigorous end-to-end study of scholarly promotion.

* PRAgent Framework: We introduce PRAgent, a three-stage framework integrating Content
Extraction, Multi-Agent Content Synthesis, and Platform-Specific Adaptation. Experiments
on PRBench show PRAgent outperforms traditional LLM pipelines aross almost all LLMs. In
real-world tests, it yields up to a 6x increase in total watch time, a 4x increase in likes.

2 TaAsk: AUTOPR

Here, we provide formal definition for Automatic Promotion (AutoPR) task. As shown in
Figure [2] the objective is to automatically generate promotional content from a research doc-
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Figure 2: The definition and overview of Automatic Promotion (AutoPR) Task.

ument, optimized for a specific audience and dissemination platform. Formally, a source re-
search document D = (D, Dy, Dg) consists of the full text content Dr; a set of visual content
Dy = {(v1,¢1), (v2,¢2), ..., (Un,cn)}, where each pair (v;, ¢;) consists of a visual (e.g., figure,
table) and its corresponding caption; any supplementary materials Dg.

The dissemination target consists of two components: T p is the target dissemination platform (e.g.,
Twitter, RedNote) and T 4 is the intended audience (e.g., academic peers, general public). The task is
to generate a promotional post P, which is a composition of text and visual elements tailored to the
dissemination target. The generation process can be modeled as:

P =argmaxPr(P | D, Tp,T,). (1
P

The goal of this task is to find an optimal post P by simultaneously maximizing multiple objectives.
This is a multi-objective optimization problem, as the core objectives are often in tension with one

another. We define the objective function F/(P) as:

mas F(P) = max {1 Ssaeiy (P | D) + coSpin(P | Te) + 03Spaee (P | T)} ()
where the Skigeiity (P | D) measures the factual accuracy and completeness of the post P with respect
to the source research document D; S, Align(P | Tp) evaluates how well the style, tone, and format
of the post P align with the norms and best practices of the target platform T p; Sgngage (P | Ta)
assesses the potential engagement of the post P to capture the attention of and resonate with the
target audience T 4. «; is a non-negative weight that controls the trade-offs between these objectives.

3 BENCHMARK: PRBENCH

This section introduces the Academic Promotion Benchmark (PRBench), a novel benchmark for
evaluating intelligent agents on the task of automated academic promotion. In this section, we detail
its construction, the evaluation protocol used, and the specific metrics derived from this protocol.

3.1 BENCHMARK CONSTRUCTION

The dataset was constructed through a three-stage process to ensure data quality, relevance, and utility
for evaluating promotional agents. Detailed statistics are reported in Table[T]and Figure[3]

Step 1: Data Collection We first collected a corpus of papers from the arXiv repository submitted
between June 2024 and June 2025, focusing on computer science subfields such as Computation &
Language, Machine Learning, and Artificial Intelligence. In parallel, we retrieved related promotion
posts for these articles from two major social media platforms: Twitter (X) and RedNote.

Step 2: Data Pairing and Curation To ensure all posts were human-authored, we first estimated
their proportion of Al-generated content and excluded those with high AI likelihood. Next, we
uniformly sampled 512 parallel pairs drawn from diverse sources and accounts. Each pair links a
formal scientific artifact with its corresponding public-facing promotional material. The curation
process required manual verification to ensure that each social media post directly promoted the
associated arXiv paper. Each final pair includes both the research manuscript (PDF and metadata)
and the promotional post (text and images).
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Statistic Value [[] computation & Language
AVg. tokens per paper 24,077.48 [[] computer Vision & Pattern Recognition
Avg. figures/tables per paper 20.91 [C] Machine Learning
Avg. tokens per post 543.30 o )
Avg. figures/tables per post 5.37 [ Antifcal tntelligence
D Non-AlI CS subfields

Table 1: PRBench corpus statistics.
Figure 3: PRBench topic distribution.

Step 3: Human Annotation and Quality Control To construct a reliable gold-standard ground
truth, we implemented two expert-driven processes, with the full protocol detailed in Appendix
(1) Annotation for Fidelity Evaluation: For each source paper, Gemini 2.5 Pro first generated
a draft checklist of key factual points. A human expert then refined this checklist through cor-
rections, additions, and deletions. Subsequently, three additional experts independently assigned
importance weights from 1 (least critical) to 5 (most critical) to each fact. This procedure ensured
both completeness and accurate representation of the paper’s core contributions. (2) Annotation for
Engagement and Alignment Evaluation: A panel of three experts independently annotated 512
authentic human-authored promotional posts. Each post was rated on a 0-5 scale according to the
multi-dimensional criteria specified in Section[3.2} Small discrepancies (< 1) were resolved through
averaging, while larger discrepancies were settled by consensus deliberation. The resulting scores
provide the ground truth for comparing LLM and human assessments of content quality.

3.2 EVALUATION METRICS

To systematically evaluate the numerous subjective attributes of social media posts, we assess the
intrinsic quality of the post itself using a scoring system, and evaluate external human interests via
preference scores(see Appendix [E]for the specific evaluation prompts).

LLM-as-Judge Calibration. For more realistic evaluation metrics, following Tan et al.| (2024);
Thakur et al.| (2025)), we calibrate human annotators and LLM evaluators with a shared 0-5 rubric
across all Fidelity, Engagement and Alignment sub-metrics. The same rubric trains experts (Step 3
in Section and conditions LLM prompts (Appendix [E)), ensuring that humans and models
apply identical criteria. We select the judge model by correlating candidate LLM scores with these
human ratings on 512 human-authored posts; Qwen-2.5-VL-72B-Ins shows the strongest and most
consistent agreement and is used as the primary evaluator (see Section[§]and Appendix[G)). To reduce
randomness and positional bias, we fix the LLM temperature at 0.01, a setting that gave the best
human alignment, average three runs for each scalar score, and query each pairwise comparison twice
with swapped order, treating disagreements as ties.

Fidelity Evaluation. Inspired by [Sun et al.|(2025)); Wu et al.| (2025), the fidelity score is an average
of two sub-metrics to measure factual accuracy and completeness: (1) Authorship and Title Accuracy,
which assesses whether the post accurately and prominently presents the authorship and title. (2)
Factual Checklist Score. For a post P and source research document ID, we create a weighted factual
checklist C = {(c1,w1),...,(cn,w,) | D}. This checklist includes both fine-grained scientific
claims and fundamental attribution facts. The Factual Checklist Score is calculated as:

Yo wi-v(P | e,D)
Z?:l Wi ’

where v(P | ¢;,D) is the verdict from the LLM judge, a numerical score between 0 and 1.

Schecklist(P | D) =

3

Alignment Evaluation. Informed by the theory of platform affordances which highlights the need
for platform-specific strategies (Marabelli et al} [2018]), alignment evaluation measures how well
the generated content conforms to the norms and expectations of specific social media platforms
Tp. The sample’s intrinsic alignment quality score is defined as the average rating across three
criteria: (1) Contextual Relevance assesses the extent to which style, tone, and language align with
platform norms and audience expectations. (2) Visual-Text Integration evaluates the effectiveness
of coordination between textual and visual elements for the specific platform. These two metrics
are constructed under the influence of P2P (Sun et al., [2025). (3) Hashtag and Mention Strategy
examines the use of platform-specific hashtags and mentions to enhance reach and discoverability.
The subjective preference alignment quality score is derived from the Platform Interest, in which the
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Figure 4: overview of PRAgent, including: (1) Content extraction for preparing multimodal research
material; (2) Multi-agent synthesis to transform structured data from Stage 1 into refined drafts; (3)
Platform-specific adaptation to finalize the draft for publication.

post P is evaluated against a reference post P,.. ;. This comparison simulates audience preferences to
determine which post is more effective for platform-specific promotion and engagement.

Engagement Evaluation. Drawing from communication studies that define social media success
through user engagement (Barger et al., 2016)), this evaluation assesses the potential of the generated
content to attract and interact with target audience T 4. The sample’s intrinsic engagement score is
the average rating across four criteria: (1) Engagement Hook Strength evaluates the effectiveness
of the opening in capturing attention and generating interest. (2) Logical Attractiveness assesses
the clarity and coherence of the narrative in conveying the core message. (3) Visual Attractiveness
scrutinizes the originality, aesthetic value, and informational contribution of visual elements. (4)
Call-To-Action (CTA) Score measures the effectiveness of guiding the audience toward a desired
next deeper action (e.g., reading the paper). The subjective preference engagement score is defined
as the average win rate in pairwise comparisons under two perspectives: (1) Professional Interest
evaluates the effectiveness in conveying scientific novelty and value to peers. (2) Broader Interest
assesses clarity and appeal to a scientifically literate wider audience.

4 METHODOLOGY: PRAGENT

PRAgent is a multi-agent framework for the autonomous transformation of academic papers into
platform-specific social media posts. As illustrated in Figure ] the PRAgent workflow employs
specialized agents across three stages: (1) Content Extraction and Structuring, (2) Multi-Agent
Content Synthesis, and (3) Platform-Specific Adaptation and Orchestration. The detailed prompts for
each agent are provided in Appendix

4.1 STAGE 1: CONTENT EXTRACTION

The initial stage converts unstructured PDF research documents (D) into structured, machine-readable
formats via parallel textual and visual content pipelines.

4.1.1 TEXTUAL CONTENT EXTRACTION AGENT

Due to frequent LLM context limitations, a structure-aware summarization strategy is applied by
the Textual Content Extraction Agent: (1) Structural Parsing: The document D is first converted
into intermediate HTML via PyMuPDF. Non-textual elements are then removed, and paragraph
content is extracted, yielding the raw text D7#*. (2) Hierarchical Summarization: It condenses
the body text by adaptive hierarchical summarization. Content within the LLM’s context window
undergoes a single-pass summary. Longer texts are processed hierarchically by section: each chunk
is independently summarized and recursively combined layer-by-layer. This method is formalized as:

D7 = Summarize(Parse(D7**)), (€))
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where Summarize and Parse denotes the structural parsing and hierarchical summarization process
described above, respectively.

4.1.2 VISUAL CONTENT PREPARATION AGENT

The Visual Content Preparation Agent manages the visual pipeline, identifying and pairing figures
and tables with their captions. (1) Image Conversion (PDF2Img): First, we render each source
PDF page into a high-resolution (250 DPI) PNG image. (2) Layout Segmentation (LayoutSeg): We
utilize DocLayout-YOLO (Zhao et al.| |2024) to perform layout analysis on each page image. This
model detects bounding boxes for visual components (e.g., figure, table) and their captions. Detected
components are subsequently cropped and saved. (3) Component Pairing (Pair): Then, we utilize a
nearest-neighbor algorithm to associate visual elements with their captions and descriptions based on
vertical proximity and a distance threshold. It yields a set of paired visual units, expressed as:

Vpairea = Pair(LayoutSeg(PDF2Img(D))), 5

where Vpgirea = {(v1,¢1), (v2,¢2), ..., (Un, cn)}, with v; being an extracted visual element and ¢;
its corresponding caption and description.

4.2 STAGE 2: MULTI-AGENT CONTENT SYNTHESIS

The core of our framework is a collaborative multi-agent system that synthesizes and adapts content,
transforming structured data from Stage 1 into polished drafts. This system comprises four distinct
agents: Logical Draft Agent, Visual Analysis Agent, Textual Enriching Agent, and Visual-Text-
Interleaved Combination Agent.

4.2.1 LOGICAL DRAFT AGENT

The Logical Draft Agent initiates content generation, converting summarized academic text (D7)

into a structured, factually accurate, and style-agnostic draft (D‘}mf t

D%Taft = Mtext(Dg“Tajtthrafta D%um% (6)
where M., is a textual generation LLM and g, f; is the drafting prompt that enforces a strict
output schema based on key analytical modules: (1) The Research Question, (2) Core Contributions,
(3) The Key Method, and (4) Key Results & Implications. This prompt ensures the output is dense
with expert-level insights by precluding generic, conversational language. The output, Dé',lf“f ! serves
as the definitive textual foundation for subsequent generation agents.

). Its operation is defined as:

4.2.2 VISUAL ANALYSIS AGENT

Operating in parallel, the Visual Analysis Agent is prompted as a multimodal expert responsible for
interpreting visual elements extracted in Stage 1. For each paired visual unit (v;, ¢;) € Vpgired, it
uses a Multimodal LLM (M ;s0r,) to produce a comprehensive analysis (A;), formalized as:

Vanaly = {(Ui7 Ci, Mvision (Az |7Tfiga Vi, Cz)) | (Uia Ci) € Vpaired}7 (7)
where 7y;, prompts the agent to act as an expert academic analyst. The model receives the figure
image (v;) in high resolution and the relevant description (c;) in low resolution, integrating both to
explain the figure’s content, main message, and its contribution to the paper’s argument.

4.2.3 TEXTUAL ENRICHING AGENT

This agent adapts the structured logical draft (D%mf "y into a purely textual social media post tailored
for a specific platform. Guided by a platform-specific prompt 7;c.¢ (pia), Where p;q is the platform
identifier (e.g., "twitter"). The agent’s function is:

Tenrich = Mte:vt(Tenrich |7Tte:vt (pid)a Da{’r‘aft’ ]D);}um), (8)

These prompts are highly engineered to transform the analytical content of ]D)%mf " into the target plat-
form’s native style, incorporating elements like hooks, calls-to-action, and appropriate hashtagging.

4.2.4 VISUAL-TEXT-INTERLEAVED COMBINATION AGENT

This agent creates posts that seamlessly integrate text and images through a two-step process. First, an
LLM (M comp) determines optimal visual engagement based on platform-specific prompt 7p.;cp, (Pid):

I:) = Mcomb(P|7Trich (pid)7 Tenricha D%Taft’ Vanaly)7 (9)

The prompt directs the LLM to rewrite the draft into a compelling story, inserting placeholders where
the corresponding figure v; has the greatest attractiveness impact.

6
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Model Name | _ Fidelity | Engagement \ Alignment | .
A&T  Factual Hook Logical  Visual CTA Prof. Broad | Context Vis-Txt Hashta. Plat. Ve
Acc.  Score Attr. Attr. Pref.  Pref. Rel. Integ. e Pref.
DeepSeek-R1-Distill-7BT | 4325 2145 | 33.07 45.04 - 1534 3770 4325 | 31.28 - 17.13  23.02 | 31.05
Qwen-2.5-VL-7B-Ins 49.15  39.17 | 62.83  46.60 - 39.19 3477 5859 | 55.86 - 4046  60.16 | 48.68
DeepSeek-R1-Distill-14B7 | 51.37 4357 | 69.14 5492 - 29.56 60.16 7578 | 64.23 - 50.13  81.64 | 58.05
DeepSeek-R1-Distill-32B®7 | 50.00 42.49 | 68.03  55.66 - 35.61 5195 7773 | 6725 - 50.46  85.16 | 58.43
Qwen3-30B-A3BT 5111 4303 | 71.68  51.69 - 3522 47.66 7461 | 67.84 - 60.16  83.59 | 58.66
InternVL3-38B 5137 4382 | 71.16 5391 - 50.07 44.14 7773 | 68.46 - 50.81 8594 | 59.74
GPT-0SS-20B/T 5230 56.11 | 69.34  40.62 - 4421 7344 7422 | 7152 - 54.88  90.62 | 62.73
InternVL3-8B 52.67 4855 | 7201  53.09 - 50.00 63.67 81.64 | 66.34 - 56.58  85.16 | 62.97
Qwen3-8BT 5176  45.09 | 73.83  51.69 - 4427 6250 7891 | 72.10 - 61.46  91.41 | 63.30
InternVL3-14B 5241  49.12 | 7129 5452 - 55.66 56.64 80.86 | 68.52 - 57.06  88.67 | 63.48
GPT-0SS-120B%T 52,67 59.85 | 6855 41.02 - 4329 76.17 7891 | 73.86 - 6745  92.19 | 65.40
Qwen-2.5-VL-72B-Ins 52.08 4443 | 7441 62.83 - 57.81 5820 8398 | 74.67 - 55.53 9375 | 65.77
Qwen3-32B7 5273 5256 | 7298  54.04 - 4727 7930 80.08 | 70.41 - 61.98 9297 | 66.43
Qwen3-235B-A22B7 5534 5428 | 7422 57.29 - 51.82 8047 8438 | 7441 - 69.99  96.09 | 69.83
Qwen-2.5-VL-32B-Ins 57.55 59.87 | 70.90  70.15 - 5892 88.67 87.50 | 67.68 - 5332 91.02 | 70.56
GPT-40 50.52  30.73 | 7293  48.06 - 42.84 28.12 6445 | 60.58 - 5326  55.08 | 50.66
GPT-4.1 51.00 3875 | 7400  56.00 - 45.67 50.00 70.00 | 69.00 - 5233 84.00 | 59.08
GPT-5-nano” 49.80 5791 | 5156 3734 - 3431 5859 5195 | 5251 - 49.28  73.05 | 51.63
GPT-5-mini® 51.37 61.80 | 5527 38.74 - 3190 6523 61.72 | 57.71 - 4030 79.69 | 54.37
GPT-5% 5273 50.19 | 74.15 4515 - 37.70 74.61 83.20 | 75.03 - 5202 9492 | 63.97
Gemini-2.5-Flash 5501 45.10 | 7448 61.78 - 4896 39.06 8398 | 80.47 - 61.20  93.75 | 64.38

Table 2: Main results on PRBench-Core. “/*”” and “7”’ denote reasoning and textual-modality models,
respectively. Boldface indicates the best result. “Avg.” reports the average score across all metrics.

4.3 STAGE 3: PLATFORM-SPECIFIC ADAPTATION

The final stage is managed by an Orchestration Agent, which refines the integrated draft P for
publication. (1) Platform Adaptation: The agent applies a platform-specific prompt to rewrite P
as Ppi .- aligning the content with the target platform’s stylistic norms, including tone, formatting,
emojis, and hashtags. This process accommodates both rich text (with images) and text-only formats,
defaulting to the latter if no visual elements were extracted in Stage 1. (2) Packaging and Output:
For rich text posts, the agent replaces placeholders with Markdown image tags and bundles the final
Markdown file alongside all referenced image assets, producing a publication-ready resource.

5 EXPERIMENTS

5.1 EXPERIMENTS SETUP

Our full benchmark, PRBench, consists of 512 paper-post pairs. To enable rapid and cost-friendly
evaluation, particularly for proprietary models with API costs, we created PRBench-Core, a subset
of 128 samples selected through stratified sampling. The difficulty levels were defined by the
average scores of open-source models on the full dataset. For all reported results, the “Avg.” column
corresponds to the simple unweighted arithmetic mean over all sub-metrics, rather than instantiating
any particular weights «; in Section [2|to avoid additional bias from manual-assigned weights. The
full set of results is available in Table% in Appendix.

To select a reliable LLLM judge, we analyzed the correlation between several models (including the
Qwen-2.5-VL (Bai et al} 2025) and GPT series (Hurst et al., [2024; |OpenAlL [2025)) and human
annotations. Our analysis, detailed in Appendix[G] shows that Qwen-2.5-VL-72B-Ins exhibits the
strongest and most consistent correlation with human judgments, and was thus selected as our primary
evaluator. The primary results in Table [2]are based on evaluations on PRBench-Core to facilitate a
efficient comparison across all models.

5.2 WHAT IS LLM’S LIMITATIONS FOR ACADEMIC PROMOTION GENERATION?

Current LLMEs are still struggling on PRBench. To systematically evaluate the capabilities of
current LLMs in generating high-quality academic promotional content, we benchmarked a diverse
set of state-of-the-art models, including both open-source and closed-source variants (implementation
details see in Appendix [[|and Table[I7). As shown in Table[2} current LLMs, even the SOTA model,
GPT-5, still struggle on PRBench, with average scores ranging from 31.05 to 70.56 across all models.
More importantly, general improvement strategies offer limited help (Appendix [J).

Fidelity Bottlenecks. Factual fidelity is a central challenge across all models(Cardenas et al.}[2023)),
as shown by the moderate-to-low Factual Scores in Table[2] Even Qwen-2.5-VL-32B-Ins, one of the
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(c) Error Analysis of Alignment of generated post.

Figure 5: Al-generated academic promotion analysis with three primary limitations. The analysis is
based on 512 posts generated by the Qwen-2.5-VL-32B-Ins.

stronger models, scores only 59.87, missing over 40% of key facts. Figure[5](a) highlights a common
error: omission of the paper’s core idea (e.g., “Mixed-Policy GRPO”), which obscures its novelty. In
512 outputs from this model, over 92% of errors fall into Numerical/Method/Terminology categories,
where essential details are omitted or misstated. Thus, while models grasp general topics, they
consistently fail to preserve the precise scientific promotion content, creating a fidelity bottleneck.

No-Genuine Engagement. Although models can mimic engagement elements, our analysis reveals
a consistent gap between formulaic output and genuine, human-like interaction. In Figure [3 (b),
the Al-generated post reduces to an announcement, whereas the human-authored post develops a
narrative with a strong hook (“Representation matters.”), a familiar challenge (“People in academia
always tell me...”), and a sense of discovery. Analysis of hook strategies shows that 42% of posts
lack any engagement device. These results indicate that current models often miss basic heuristics
and fail to reproduce the authentic voice and narrative depth needed for meaningful connection.

Superficial Platform Alignment. Table[2]shows that current LLMs achieve only moderate align-
ment scores (e.g., the Hashtag metric), reflecting shallow understanding. Figure [3] (c) further
illustrates their reliance on generic, high-frequency tags rather than platform-specific styles. The
average Jaccard similarity between generated and human hashtags was only 0.03, demonstrating
failure to capture niche keywords critical for targeted discovery. Thus, current LLMs mimic surface
conventions but neglect the strategic functions needed to engage expert audiences.

5.3 PRAGENT CAN IMPROVE AUTOMATIC PROMOTION QUALITY.

PRAgent markedly surpasses direct prompting baselines. Given the suboptimal performance of
direct prompting identified in earlier sections, we proceed to assess the effectiveness of PRAgent. As
shown in Table[3] the results indicate that PRAgent consistently exceeds the direct prompting baseline
by at least 7.15% across nearly all models and metrics. Notably, on GPT-5-mini, improvements
surpass 20%, highlighting the substantial advantage of PRAgent’s structured, multi-agent framework.
This approach effectively decomposes the complex task into sequential stages of content extraction,
synthesis, and platform-specific adaptation, which collectively contribute to its superior performance,
even surpassing human authors in preference studies (See analysis in Appendix [K). Meanwhile,
PRAgent remains robust across output languages, as shown by language-swap experiments in
Appendix [N} Beyond computer-science papers, a pilot study on biomedical Twitter promotion further
demonstrates consistent gains and a strong human preference for PRAgent-generated posts over
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Model Name | Fidelity | Engagement | Alignment | Ave

A&T  Factual Logical  Visual Prof.  Broad | Context Vis-Txt S Plat. g

‘ Acc.  Score Hook Attr. Attr. CTA Pref. Pref. Rel. Integ. Hashtag Pref. ‘

Qwen2.5-VL-7B-Ins | 49.15  39.17 | 62.83  46.60 - 39.19 3477 5859 | 55.86 - 40.46 60.16 | 48.68
+ PRAgent 62.17 57.89 6257 5833 5932 1562 6641 74.61 57.40 60.61 50.26 70.31 | 57.96
InternVL3-14B 5241 49.12 | 7129 5452 - 5566 56.64 80.86 | 68.52 - 57.06 88.67 | 63.48
+ PRAgent 6478 5591 7526 67.06 73.05 52.80 73.05 92.19 80.79 71.55 53.22 87.89 | 70.63
GPT-0SS-20B#T 5230 56.11 | 69.34  40.62 - 4421 7344 7422 | 7152 - 5488  90.62 | 62.73
+ PRAgent 70.12 7528 7500 64.84 7246 4733 9922  98.05 83.59 73.63 62.76 99.22 | 76.79
Qwen2.5-VL-32B-Ins | 57.55 59.87 | 70.90  70.15 - 5892 88.67 87.50 | 67.68 - 5332 91.02 | 70.56
+ PRAgent 7285 7249 7480  82.03 7533 5169 98.05 100.00  83.82 75.03 61.65 96.48 | 78.69
Qwen3-32B7 5273 52.56 | 7298  54.04 - 4727 7930  80.08 | 70.41 - 6198 9297 | 66.43
+ PRAgent 7031 6494 7500 83.72 7461 4232 9922 100.00 86.91 75.39 60.71 99.22 | 77.70
GPT-0SS-120B*7 5267 59.85 | 68.55  41.02 - 4329 76.17 7891 | 73.86 - 67.45 92.19 | 65.40
+ PRAgent 69.34 7942 7500 66.37 72779  46.94 100.00 98.05 81.74 74.12 60.61 100.00 | 77.03
Qwen3-235B-A22BT | 5534 5428 | 7422 5729 - 51.82 8047 84.38 | 7441 - 69.99 96.09 | 69.83
+ PRAgent 66.80 6692 7533 83.69 74.87 4258 97.66 100.00 87.17 75.10 61.13 97.66 | 77.41
GPT-5% 5273 50.19 | 74.15 45.15 - 3770 7461  83.20 | 75.03 - 52.02 94.92 | 63.97
+ PRAgent 68.16 7330 75.00 80.40 7520 3470 9922 100.00  86.65 75.33 53.06 98.44 | 76.62
GPT-5-mini® 51.37 61.80 | 5527 38.74 - 3190 6523 6172 | 57.71 - 40.30 79.69 | 54.37
+ PRAgent 7233 8361 7461 68.07 74.61 4349 9922  99.61 81.97 73.83 52.60 96.48 | 76.70

Table 3: Comprehensive main results on the PRBench-Core. For each model, we compare the
performance of our PRAgent against the Direct Prompt baseline.For a complete list of results for
all models on PRBench-Core, please see Table |§| in the Appendix.
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Figure 6: PRAgent significantly outperforms a direct-prompt baseline in a 10-day real-world study
on the social media platform RedNote, with both methods using GPT-5 as the backbone model.

original author tweets (Appendix [[). Furthermore, ablation results indicate that all stages of PRAgent
are necessary (Appendix |E)

PRAgent performs well on RedNote. To validate PRAgent in a real-world setting, we ran a 10-day
in-the-wild study on RedNote (see Appendix [P|for detailed settings). We selected 10 recent NLP
and CV papers from arXiv (Aug. 2025) as promotional targets. Two new accounts were created:
one posting PRAgent-generated content (experimental) and one using a direct-prompt baseline
(control). Both accounts simultaneously posted one paper promotion per day. As shown in Figure[6]
(left), PRAgent posts consistently achieved substantially higher combined engagement (likes, saves,
and shares) per article than the baseline, with the largest margin for Paper 10. Furthermore, the
daily engagement trend in Figure[6| (right) shows that the PRAgent account received far more total
interactions. Specifically, relative to the baseline, interaction metrics improved by at least 294%. For
the most extreme metrics, total watch time increased by 604% and profile visitors by 575%. For a
qualitative comparison of generated content, please see the examples showcased in Appendix

PRAgent also improves engagement on Twitter (X). To examine whether these gains transfer
to another major platform, we conducted a 7-day in-the-wild study on Twitter (X) that mirrored the
RedNote setup. We created two new accounts, one posting PRAgent-generated tweets and one using
a direct GPT-5 prompting baseline, and synchronously posted one promotional tweet per day about
the same papers. Although absolute engagement on X was modest, the PRAgent account consistently
outperformed the baseline. Over the week, as shown in Figure [/} it accrued 195 impressions
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Figure 7: Comparison between PRAgent and a direct-prompt baseline in a 7-day real-world study on
Twitter (X). Both accounts use GPT-5 as the backbone model.

versus 56 for the baseline and produced substantial downstream interactions: 170 engagements, 142
detail-expands, and 8 profile visits, whereas the baseline elicited almost no interactions beyond raw
impressions. The low absolute numbers for both accounts likely reflect strict throttling and visibility
limits applied to brand-new accounts, which hinder broad reach. Even under this constrained exposure
regime, the relative gains indicate that PRAgent produces more engaging content.

6 RELATED WORK

Artificial intelligence is reshaping science, giving rise to Al for Research (Al4Research)
2025b}; [Zhou et al} [2025). Existing systems support literature discovery, hypothesis generation,
and scientific writing (Zheng et al.| 2025). With Large Language Models (LLMs), the emphasis
has shifted toward generative tasks (Li & Ouyang), [2024). More recently, multi-agent systems
coordinate specialized Al agents to emulate research teams (Gridach et al.l 2025}, [Wei et al.| [2025).
Yet, while visions of autonomous research pipelines exist, the promotion stage is often only nominally

considered and rarely implemented (Liu et al.,[2025).

Social media has become integral to scientific dissemination (Van Eperen & Marincolal 201 1), driving
the rise of altmetrics as complements to citations (Bornmann, 2014)). Despite positive correlations,
translating online attention into scholarly impact remains uncertain (Ouchi et al., 2019). Effective
engagement often requires strong narratives (Montes et al., 2025). Early automation efforts include
poster generation (Sun et al, 2025} [Zhang et al.,[2025)) and science journalism [2025),

but challenges persist: LLM-generated summaries, though rated fluent, sometimes reduce reader

comprehension 2025b).

While Al4Research addresses many stages of science, Research Promotion and Dissemination
remains underexplored. To address this gap, we introduce the AutoPR task, alongside PRBench
for standardized evaluation and PRAgent for practical deployment, bridging the divide between

publication and public engagement (Montes et al, 2023).

7 CONCLUSION

We introduced automatic academic promotion (AutoPR) as a new, tractable research task for au-
tomated scholarly promotion, released PRBench to enable rigorous measurement across Fidelity,
Engagement, and Alignment, and proposed PRAgent, a modular agentic framework that automates
content extraction, multi-agent synthesis, and platform-specific adaptation. Across PRBench and
downstream social metrics, PRAgent substantially outperforms strong LLM and rule-based baselines,
yielding up to a 604% increase in total watch time, a 438% increase in likes, and at least a 2.9x rise
in engagement. Ablations highlight the importance of platform modeling and targeted promotion,
underscoring that effective academic PR requires more than generic summarization.

10
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REPRODUCIBILITY DISCUSSION & ETHICS STATEMENT

Reproducibility Discussion. To ensure the reproducibility of our work, we have made our code,
data, and supplementary materials publicly available in an anonymous repository: https://
anonymous.4open.science/r/PRAgent—-80AB. This repository contains the complete
source code for our PRAgent framework and the full PRBench benchmark dataset. All scripts
required to replicate our experiments and evaluations are included. All agent and evaluation prompts
are provided in Appendices [E] & [F

Ethics Statement. This work on Automatic Promotion (AutoPR) aims to support the scholarly
community in disseminating research more efficiently. However, we recognize the significant ethical
responsibilities involved in the development and use of automated communication tools. A primary
concern is the risk of misrepresenting or exaggerating research findings. Our framework is designed
to address this by prioritizing factual accuracy. We also emphasize that these tools should be used
with human oversight, ensuring authors review and approve content before publication. Additionally,
there is a risk that the model could learn and perpetuate biases present in the training data, potentially
favoring specific research topics or institutions.

While designed to promote peer-reviewed science, the system may be misused to create promotional
content for low-quality or pseudoscientific work. We advocate for its use within institutional and
platform-level guidelines that ensure the research quality. Ultimately, the responsibility for the ethical
use of the tool rests with the end-user. The dataset was constructed from publicly available data, with
all annotators fairly compensated, provided informed consent, and their data anonymized.

To construct PRBench, we collect promotion posts from public social media platforms (X and
RedNote). Given the dataset scale and the public nature of these posts, obtaining informed consent
from each of the 512 authors is not feasible. To comply with platform Terms of Service and prevailing
research-ethics guidelines for Twitter-like datasets, the public PRBench release omits all raw post text
and images. Instead, we only release pairs of paper links and post identifiers. PRBench is constructed
and released solely for non-commercial academic research and evaluation under a fair-use rationale.

The relationship between promotion and citations is indeed complex and multifaceted. While our
observations (following settings of [Venkatesh & BK](2024))) suggest a correlation between effective
promotion and increased citation counts, establishing a direct causal link is challenging. Promotion
can be a significant factor in enhancing visibility, but it is not the sole determinant of citation
impact (Betz et al., |2023)). Other factors such as the inherent quality of the research, the relevance of
the topic to current trends, and the existing reputation of the authors also play crucial roles.
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Appendix

A LIMITATIONS AND FUTURE WORK

While PRBench and PRAgent provide a first systematic treatment of automatic academic promotion,
several limitations remain and point to promising directions for future work.

Metric and judge limitations. Our evaluation still relies on LL.M-as-a-judge metrics that only
imperfectly approximate human preferences. For subjective dimensions such as Visual Attractiveness,
the correlation between Qwen-2.5-VL-72B-Ins and human ratings is only moderate, and off-the-
shelf factuality metrics such as SummaC (Laban et al[2022)) behave almost randomly on PRBench
(Appendix[G.2). A natural next step is to train AutoPR-specific fidelity and aesthetic evaluators
202T) on PRBench-style bilingual, multimodal data so that they more faithfully capture
human judgements.

Objective weighting and user control. In Equation[2] we conceptualize AutoPR as jointly optimiz-
ing Fidelity, Alignment, and Engagement, but in experiments we simply report unweighted averages
(all weights = 1). This ignores that different authors and audiences may prioritize these objectives
differently. Future work includes user-controllable and learned weighting schemes, for example by
allowing authors to specify preferences (e.g., emphasizing Fidelity for technical audiences) or by
learning weights directly from downstream engagement signals.

Closed-loop adaptation and platform generalization. PRAgent currently uses platform-specific
prompt templates but does not yet perform explicit closed-loop optimization. Although our real-world
studies on RedNote and Twitter (X) already show large gains over direct prompting, a more agentic
system could adapt online to audience feedback (e.g., likes, comments, click-ratio) and transfer more
automatically to new or smaller platforms. Incorporating reinforcement-learning or bandit-style
strategies for active learning from audience feedback, together with automated platform-generalization
techniques, are key next steps.

Long-term impact and model efficiency. Our real-world experiments span only short time win-
dows and measure engagement rather than long-term citation impact, so we cannot yet draw strong
causal links between promotion and citations. Extending PRAgent to support longitudinal field
studies that track citation and collaboration outcomes over time is therefore an important direction.
In addition, while PRAgent remains helpful with smaller models such as Qwen-2.5-VL-7B-Ins, their
generated posts are still weaker than those from larger backbones; future work includes distilling
PRAgent-style behaviors into smaller models that are easier to deploy in resource-constrained settings.

B THE USE OF LARGE LANGUAGE MODEL

In preparing this manuscript, large language models were only utilized as general-purpose writing
assistants. Their role was confined to improving the clarity, and refining the phrasing of the text. All
scientific content, analyses, and core arguments were developed by the human authors, who take full
responsibility for the final version of the paper.

C CITATION TREND ANALYSIS DETAILS

To analyze citation trends in papers influenced by promotion, we followed the methodology of
let al| (2021}, 2023)); [Venkatesh & BK| (2024)), randomly selecting 20 Al researchers across various
fields and collecting their papers published between 2023 and 2025. Citation counts were recorded to
assess changes in academic impact. To ensure data diversity and quality, the sample comprised
journal articles, conference papers with comparable openreview scores, and preprints rated
similarly by humans. In addition to citation data, we investigated each paper’s initial public release
date through internet searches, focusing on sources like arXiv. If no preprint was found, the official
publication date was used. We defined promotion based on whether the paper received significant
academic attention, such as media coverage or widespread discussion, within one month of its release.

To maintain data reliability, we applied rigorous statistical analysis. We required at least 200 papers
in each category (promoted and non-promoted) to avoid biases from small sample sizes. Despite
efforts to minimize bias through random sampling and broad field coverage, selection bias could
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Figure 8: Various strategies for improving Large Language Model performance on the AutoPR task.
Enabling Long CoT reasoning does not consistently improve performance across different model
sizes(left).In contrast, Overall performance generally increases with model parameter size, aligning
with established scaling laws(middle).However, simply increasing inference-time computation not
only fails to improve results but also exhibits a slight negative correlation with the final score(right).

still occur, as researchers in some fields may receive more promotional resources than others. To
address this, following |[King et al.|(2017) and|Aiza et al.|(2024), we ensured representation across
diverse academic fields, institutions, gender, and career stages. This helped increase data diversity
and applicability. Moreover, we ensured an even distribution of promoted and non-promoted papers
across fields, pairing papers from the same researcher within similar fields to maintain quality.

D HUMAN ANNOTATION PROTOCOL

To construct a reliable gold-standard for our benchmark, we implemented a meticulous human
annotation protocol. This protocol was designed to ensure high-quality, consistent data.

D.1 ANNOTATION PROCEDURE AND QUALITY CONTROL

Our annotation process was structured to ensure the reliability and validity of the collected scores,
following the quality assurance pipeline in similar data-centric works.

Annotation Rubric To align human evaluation with the LLM judge’s criteria, human annotators
were provided with a detailed scoring rubric identical to the prompt used for the automated judge.
This guide specified the criteria for each metric, with annotators assigning a score on a 0-to-5 scale.

Annotator Allocation To mitigate subjective bias, each promotional post was independently
assessed by a panel of at least three annotators. This multi-annotator setup is crucial for ensuring the
robustness of the final scores.

Metric Qwen-2.5-VL-72B-Inst. GPT-40 Qwen-2.5-VL-32B-Inst. GPT-5-mini
Pearson Spearman Pearson  Spearman Pearson Spearman Pearson  Spearman
Fidelity
Authorship & Title Accuracy  0.7511 0.6573 0.5910 0.5176 0.3223 0.3543 0.5215 0.4202
Factual Checklist Score 0.9811 0.9777 0.9013 0.8470 0.9452 0.8968 0.9433 0.9208
Engagement
Logical Attractiveness 0.7414 0.7451 0.5559 0.5579 0.5877 0.5581 0.5795 0.5509
Visual Attractiveness 0.4859 0.5024 0.0838*  0.0561* 0.5156 0.4827 0.4398 0.3255
Engagement Hook Strength 0.7280 0.7204 0.5784 0.5759 0.6099 0.6108 0.5817 0.5746
Call-To-Action Score 0.8073 0.7762 0.5393 0.5328 0.3095 0.3309 0.5994 0.5665
Alignment
Contextual Relevance 0.6799 0.6840 0.5585 0.5526 0.5117 0.4729 0.4329 0.4531
Visual-Text Integration 0.6266 0.6028 0.3594 0.3065 0.5055 0.4728 0.3745 0.2855
Hashtag & Mention 0.7552 0.7849 0.4859 0.3894 0.5550 0.5741 0.8473 0.8258

Table 4: Correlation between LLM Judges and Human Annotations. We report both Pearson (P)
and Spearman (S) correlation coefficients across all Individual Post-level evaluation metrics. The
analysis was performed on a dataset of 512 posts authored by humans.For the Factual Checklist Score,
we randomly selected 135 sub questions for manual analysis.The metrics are categorized by their
high-level evaluation objective. Maximum values in each metric are bolded. Except those results
with “*”, all results with p < 0.01.
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Category Metric Krippendorff’s o
A Authorship & Title Accuracy 0.5982
Fidelity gy ctual Checklist Score 0.9312
Logical Attractiveness 0.6397
Encacement Visual Attractiveness 0.6415
gag Engagement Hook Strength 0.7608
Call-To-Action Score 0.8146
Contextual Relevance 0.5858
Alignment Visual-Text Integration 0.5752
Hashtag & Mention 0.8900

Table 5: Inter-annotator agreement for PRBench human annotations, measured by Krippendorff’s «
across triple-annotated samples for each metric.
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Figure 9: Cross-model agreement among candidate LLM judges on PRBench, visualized as pairwise
Pearson (left) and Spearman (right) correlations between their metric scores, highlighting substantial
disagreement between different LLM judges on this task.

Consensus and Quality Assurance We implemented a two-tier protocol to reconcile scores and
ensure high inter-annotator agreement. For each evaluated item, if the discrepancy between the
maximum and minimum score was 2 points or less, the arithmetic mean of the three scores was
taken as the final value. If the discrepancy exceeded 2 points, the item was flagged for a deliberative
reconciliation session. In this session, the involved annotators discussed their rationales to reach a
consensus, after which a final score was determined.

Inter-Annotator Agreement To quantify inter-annotator reliability for each human evaluation
metric in PRBench, we compute Krippendorff’s cv on triple-annotated items. As shown in Table 5}
most metrics achieve at least moderate agreement, with several exceeding 0.75, and factual-accuracy
and tagging dimensions exhibit particularly high reliability.

Cross-Model Disagreements among LLM Judges Beyond human-human reliability, we also
examine how different LLM judges relate to each other. Figure Q] plots pairwise Pearson (left) and
Spearman (right) correlations between their metric scores on PRBench, showing that AutoPR, which
jointly emphasizes factual rigor and aesthetic appeal, induces substantial cross-model disagreement
even among strong LLM judges.

D.2 ETHICAL CONSIDERATIONS

Our annotation process was conducted in adherence to strict ethical guidelines to ensure the fair and
transparent treatment of all participants. The research articles used in this study were sourced from
public, open-access repositories such as arXiv, aligning with our commitment to ethical data use
by utilizing materials that are freely available for academic research. We recruited annotators from
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university graduate programs, and all participants were required to have a strong background in the
relevant scientific fields to ensure a high level of comprehension for the annotation task. Prior to
their engagement, all annotators provided informed consent and were fully aware of the research
objectives and their role in the project. Furthermore, all participants were compensated for their work
at an hourly rate that is in excess of the local minimum wage, a rate designed to fairly reflect the
expertise and cognitive effort required. To protect the privacy of the participants, all data related to
the annotators was anonymized and stored securely.

E EVALUATION PROMPTS FOR PRBENCH

This section contains the detailed prompts provided to the LLM judge for the automated evaluation
of promotional posts within the PRBench benchmark. Each prompt is designed to assess a specific
metric of post quality, ensuring a structured and consistent evaluation process.

Evaluation Prompt: Authorship and Title Accuracy

ole: You are an expert evaluator of social media communications for academic research. Your task is to assess an academic
Role: Y t evaluator of 1 med i f d h. Your task is t d
promotional post from social media based on "Author and Title Presentation."

Task: Your evaluation must follow a structured, step-by-step process:

1. Independently score two criteria: 1. Author Attribution Clarity and 2. Title Presentation Effectiveness, using the detailed 1-5
scale rubrics below.

2. Calculate a Final Score by taking the average of the two individual scores.

3. Provide a Detailed Justification, explaining the reasoning for each score with specific evidence from the provided post.

Criterion 1: Author Attribution Clarity
¢ 5 (Excellent): Attribution is immediate, direct, and complete. This can be achieved in one of two ways:

— A) Direct Mention: The author’s full name and/or social media handle is explicitly mentioned, with a direct link to the
publication or author’s profile.

— B) Clear Team Attribution: The post uses collective phrasing (e.g., "We are excited to share...", "Our new paper...") and clearly
tags the social media handles of the primary author(s) and key contributors prominently within the main text. A link to the
publication is also included.

* 4 (Good): Attribution is clear but requires a minor step. For example, the post uses collective phrasing ("we") and tags authors, but
a direct link to the paper is missing. Or, the post says "Our new paper is out" and provides a link, but specific author names/tags are
not in the post itself, requiring a click-through to identify them.

¢ 3 (Adequate): The author is mentioned, but attribution is not prominent. This includes posts that use "we" and mention author
names as plain text (without tagging/linking their accounts), or place names/tags in a less visible area.

¢ 2 (Weak): Attribution is vague or indirect. The post uses collective phrasing like "we" or "researchers from our lab" without
providing any specific names, tags, or a direct link to the publication, making it difficult to identify authors without significant
effort.

¢ 1 (Poor): Author attribution is completely missing, incorrect, or so ambiguous that it’s impossible to identify the author.
Criterion 2: Title Presentation Effectiveness

¢ 5 (Excellent): The post accurately summarizes the core topic or main finding of the research in engaging, accessible language
suitable for a general audience (e.g., poses a question, uses a key statistic, or states a clear takeaway). It avoids jargon while
maintaining scientific accuracy.

* 4 (Good): The post accurately presents the topic, but the language could be more engaging or is slightly too technical for a general
audience. It’s a faithful but not particularly compelling summary.

¢ 3 (Adequate): The post uses the exact, formal academic title of the paper as the primary description without any attempt to rephrase
it for a social media context. The title is accurate but dry.

¢ 2 (Weak): The post alludes to the topic but does so in a way that is unclear, overly simplistic, or slightly misrepresents the focus of
the research.

¢ 1 (Poor): The title is completely missing, inaccurate, or presented in a misleading/clickbait manner that significantly misrepresents
the research.

Figure 10: The evaluation prompt used by the LLM judge to score the Authorship and Title Accuracy
metric. It provides a detailed, multi-criterion rubric to ensure a consistent and fine-grained assessment
of how well a post attributes authorship and presents the research topic.
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Evaluation Prompt: Logical Attractiveness

Role: You are a Content Strategist specializing in science communication. Your task is to review a social media post about an
academic study and evaluate its Logical Attractiveness’ specifically for a non-expert audience.

Task: Your evaluation should consist of two parts:

1. An Overall Assessment that explains your reasoning.
2. A Score on a continuous scale from 0 to 5.

First, analyze the post by identifying the following key components of a logical narrative structure:
* Hook: Does the post start with an engaging question, a surprising fact, or a relatable problem to capture attention?

¢ Context: Does it provide the necessary background or establish the ’problem’ in a way that a non-expert can understand its
importance?

¢ Core Finding: Is the main result or key message of the academic study clearly and simply stated?
« Significance/Impact: Does it explain the so what?’—the potential impact, application, or importance of the findings?
¢ Cohesion: Are there smooth transitions connecting these components into a coherent story?

Then, use the detailed rubric below to assign your score. You are encouraged to use intermediate scores (e.g., 2.5, 4.5) for a precise
assessment.

* 5 (Excellent):

— Structure: All key components (Hook, Context, Core Finding, Significance) are present and arranged in a highly logical and
persuasive order.

— Clarity: The narrative is self-contained. A non-expert can effortlessly follow the story from the initial hook to the final impact
without needing prior knowledge.

— Cohesion: Transitions between different parts of the post are seamless, creating a single, compelling narrative.

* 4 (Good):

— Structure: All key components are present, but the ordering could be slightly optimized for better impact.
— Clarity: The information is clear, but a non-expert might need to pause momentarily to connect the ideas.
— Cohesion: Transitions are effective but may feel slightly functional rather than seamless.

¢ 3 (Adequate):

— Structure: One key component is missing (e.g., no clear context or significance) or the components are arranged in a way that
requires re-reading.

— Clarity: The core message is understandable, but the surrounding information is somewhat disjointed, making the overall story
harder to piece together.

— Cohesion: Lacks clear transitions, forcing the reader to infer the connections between statements.

« 2 (Lacking):

— Structure: Multiple key components are missing, or the information is presented as a list of facts rather than a narrative.
— Clarity: The purpose or main finding of the research is unclear to a non-expert. Key terms might be undefined.
— Cohesion: The flow is abrupt and fragmented.

* 1 (Poor):

— Structure: The post lacks a discernible logical structure. Information appears randomly placed.

— Clarity: The content is confusing, jargon-heavy, or internally contradictory, making it nearly impossible for a non-expert to
understand.

— Cohesion: There is no logical connection between sentences or ideas.

Figure 11: The evaluation prompt used by the LLM judge to score the Logical Attractiveness metric.
It assesses the narrative structure and cohesion of a post, focusing on how effectively it communicates
the research story to a non-expert audience.
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Evaluation Prompt: Contextual Relevance

Role: You are an expert social media analyst. Your task is to review the following academic promotion post and evaluate its
’Contextual Relevance’ for the specified platform: {platform source}. Note that this platform will be either X (formerly
Twitter) or RedNote.

Task: Your review must include two parts:
1. Detailed Assessment: Provide a structured analysis of the post, adapting your evaluation to the norms of the specified
{platform_source}. Specifically comment on:
¢ Tone & Framing: How is the content framed? Is the tone appropriate for the platform (e.g., X’s conversational style vs.
RedNote’s personal, storytelling style)? For RedNote, pay special attention to the title’s effectiveness as a "hook."

¢ Format & Visuals: How well are the format and visuals optimized for the platform? (e.g., For X: conciseness, use of threads,
and a single strong visual. For RedNote: high-quality cover image, aesthetic carousels, and scannable text with emojis).

Content & Value: How is the academic content presented? Is it distilled into a valuable, easy-to-digest insight for a general
audience? Is jargon explained?
« Engagement Strategy: Does it use platform-specific features to drive interaction? (e.g., For X: strategic hashtags, mentions,
polls. For RedNote: topic tags (#) and encouraging "Saves," "Likes," and comments).
2. Overall Score: Based on your assessment, provide a score on a continuous scale from 0 to 5. Use the detailed rubric below,
paying close attention to the examples specific to {plat form_source}. You are encouraged to use intermediate scores (e.g.,
2.5, 4.5). Justify your score by referencing your analysis.

« 5 (Excellent - Native to the Platform): The post feels perfectly designed for the platform.

— On X: It is concise, conversational, and features a strong visual hook. It uses strategic hashtags/mentions and has a clear
call-to-action, potentially using a thread for depth.

— On RedNote: It has a magnetic title and a high-quality, aesthetic cover image. The tone is personal and story-driven. The
content is presented as valuable useful stuffwith great formatting, encouraging saves and comments.

¢ 3 (Adequate - Adapted but not Native): The post shows adaptation but doesn’t fully embrace the platform’s culture.

— On X: It might be too formal or slightly too long (without using a thread). The visual may be generic or missing, and the
engagement strategy is weak. It feels like a shrunken-down press release.

— On RedNote: The title and cover image are functional but not compelling. The tone is more informational than personal. It
looks like content designed for another platform and cross-posted.

« 1 (Poor - Disregards the Platform): The post is a clear copy-paste from a formal document and ignores all platform norms.

— This applies to both platforms. The post is a dense block of unformatted, academic text. It lacks any relevant visuals, has no
title hook (for RedNote), and uses no engagement features (hashtags, mentions, CTAs).

Figure 12: The evaluation prompt used by the LLM judge to score the Contextual Relevance metric.
This prompt is adaptive, instructing the judge to evaluate a post based on the specific cultural norms,
formatting conventions, and engagement strategies of the target platform (either X or RedNote).
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Evaluation Prompt: Visual Attractiveness

Role: As an expert social media content reviewer, analyze the provided academic promotion, focusing on *Visual Attractiveness’.
Task: If the post contains multiple images (e.g., a carousel or gallery), please evaluate them as a single, cohesive unit. Your
overall assessment and final score should reflect the combined quality and effectiveness of the entire set of images.

Use the detailed rubric below as a guide. The rubric values the effectiveness of the visual package in the social media context
above all else. Provide a score on a continuous scale from 0 to 5.

SCORING RUBRIC (HANDLES MULTIPLE IMAGES)

« 5 (Excellent): The visual package is exceptionally effective. If a single image, it’s perfectly clear and compelling. If multiple
images, all are of high quality and work together cohesively to tell a story or break down a concept. The set feels unified and
purposeful. This can be a mix of custom graphics or exceptionally clear figures from the paper.

4 (Good): A strong, professional visual choice. If a single image, it’s a clean, effective illustration. If multiple images, the set is
consistently good and directly supports the text. There might be a minor inconsistency, but the overall package is effective. This
is the typical score for a post that makes good use of several clear paper figures.

3 (Adequate): The visual(s) are relevant but lack impact. If a single image, it’s acceptable but uninspired. If multiple images, the
set is a "'mixed bag," containing some good images but also others that are generic, overly complex, or less relevant. The overall
impression is inconsistent.

2 (Subpar): The visual package has noticeable flaws. If a single image, it’s weak. If multiple images, the set is dragged down by
one or more poor-quality images (blurry, irrelevant, poorly cropped), even if other images in the set are acceptable. The overall
presentation feels unprofessional.

1 (Poor): The visual(s) are of very low quality or irrelevant. If multiple images, most or all of them are flawed. This score also
applies if images are absent when they are clearly needed.

Figure 13: The evaluation prompt used by the LLM judge to score the Visual Attractiveness metric.
This rubric is designed to holistically assess the quality, relevance, and narrative cohesion of all visual
elements in a post, whether it’s a single image or a multi-image carousel.

Evaluation Prompt: Optimal Visual-Text Integration

As a visual communication expert, you are to evaluate an academic promotional post from a social media in {platform_source}. Your
primary task is to assess its ’Optimal Visual-Text Integration’ by analyzing how effectively the visual elements and the text work
together. Your evaluation should be holistic, beginning with foundational principles and building up to nuanced qualities.

Provide an overall assessment and a score on a continuous scale from 1 to 5. Use the detailed rubric below as a guide.

Foundational Principles of Visual Balance

An effective social media post is built on a solid foundation. Before assessing finer details, consider these two fundamental principles
of structure and layout:

« Optimal Image Quantity: A well-balanced post typically utilizes 3 to 7 visuals. This range is the foundation for effective
communication, providing sufficient detail without causing audience fatigue. Posts significantly outside this range often struggle to
maintain a clear, compelling narrative.

< Platform-Native Flow (Especially Twitter): The foundation of a strong narrative is the strategic interplay of text and visuals. On

platforms like Twitter (X), stacking multiple images together in a single tweet disrupts this flow and fundamentally weakens the
post’s structure, forcing the user to context-switch instead of being guided through the information.

SCORING RUBRIC: VISUAL-TEXT INTEGRATION
* 5 (Excellent Anchor): Synergistic, engaging, and built on a strong foundation.

— Foundational Strength: The post is built on a strong foundation, employing an optimal number of visuals (3-7) and exemplary,
platform-native placement that enhances the narrative flow.
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Evaluation Prompt: Optimal Visual-Text Integration (Continued)

¢ — Interdependence: The visual(s) and text are fully interdependent and synergistic. One is incomplete without the other, creating
a message more powerful than the sum of its parts.
— Clarity & Brevity: The post is immediately understandable. The core message is grasped within seconds.

¢ 3 (Adequate Anchor): Functional but foundationally flawed.

— Foundational Weakness: The post exhibits a fundamental weakness in its structure. This is typically due to an inappropriate
number of visuals (e.g., fewer than 3 or more than 7) or poor, non-native layout (e.g., image stacking on Twitter). While some
information is conveyed, these foundational issues prevent it from being truly effective, limiting its overall quality to an
adequate level.

— Partial Redundancy: There may be some overlap between the visual and the text, or the visuals feel more like decoration than
essential information.

— Moderate Effort Required: The core message is present but requires more cognitive effort to parse.

¢ 1 (Poor Anchor): Ineffective and structurally unsound.

— Lacks Foundation: The post lacks any structural foundation. It severely disregards the basic principles of quantity and
placement, resulting in a chaotic, confusing, or barren presentation.

— Severe Imbalance: The post is characterized by a "wall of text" with a non-existent or irrelevant visual, or vice-versa.

— High Cognitive Load: The message is buried and difficult to understand due to the chaotic layout and lack of clear connection
between text and visuals.

Figure 14: The evaluation prompt used by the LLM judge to score the Optimal Visual-Text Integration
metric. This rubric assesses the synergy between a post’s visual and textual components, focusing on
interdependence, clarity, and platform-specific optimization.

Evaluation Prompt: Engagement Hook Strength

Role: You are a social media growth expert. Your task is to analyze the 'Engagement Hook Strength’ of an academic promotion post
for social media. The "hook" is the first one or two sentences designed to capture audience attention.

Task: Provide an overall assessment and a score on a continuous scale from 0 to 5. Use the detailed rubric below as a guide for the
anchor points (1, 3, and 5). You are encouraged to use intermediate scores (e.g., 2, 4, or even decimals like 3.5) to reflect the precise
quality.

SCORING RUBRIC
¢ 5 (Excellent Anchor): The hook is strategically designed for high engagement.

— Criteria (must meet at least two):
+ Sparks Curiosity: Asks a provocative question, presents a surprising fact/statistic, or makes a bold, counter-intuitive claim.
(e.g., "What if everything we know about X is wrong?")
+ Problem-Agitation: Directly addresses a known pain point or question relevant to the target audience. (e.g., "Tired of
struggling with data analysis? Our new study offers a solution.")
+ Direct & Personal: Uses direct address ("You," "Your") to create an immediate connection with the reader.
# Clear Value Proposition: Immediately signals a clear benefit, solution, or fascinating insight for the reader.

¢ 3 (Adequate Anchor): The hook is clear and functional but lacks a strong engagement strategy.

— Criteria:
+ Informative Statement: Clearly and concisely states the topic of the research. (e.g., "A new study explores the impact of
climate change on coastal erosion.")
+ Conventional Phrasing: Uses standard, predictable language for academic announcements. (e.g., "We are excited to announce
the publication of...")
+ Passive Consumption: It informs the audience but does not actively invite interaction, curiosity, or emotional response. The
value is implied rather than explicitly stated as a hook.

¢ 1 (Poor Anchor): The hook is ineffective and likely to be ignored.

— Criteria (meets at least one):
# Overly Technical/Jargon-laden: Uses specialized terms not understandable to a general audience, making it inaccessible.
* Vague or Abstract: Fails to clearly state the topic or its relevance, leaving the reader confused. (e.g., "A new paper on
methodological considerations is now available.")
+* No Hook Present: The post begins with dense details, publication citations, or a generic, uninteresting opening.
+ Burying the Lead: The interesting or relevant part of the research is hidden behind introductory fluff or boilerplate language.

Figure 15: The evaluation prompt used by the LLM judge to score the Engagement Hook Strength
metric. This rubric focuses specifically on the opening sentences of a post, assessing their ability to
capture attention and spark curiosity.
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Evaluation Prompt: Hashtag and Mention Strategy

Role: You are a social media strategist specializing in academic communications. Your task is to evaluate the "Hashtag and Mention
Strategy’ of the provided social media post, which aims to promote academic work.

Task: Provide a concise overall assessment of the strategy’s effectiveness and assign a score on a continuous scale from 1.0 to 5.0.

Use the detailed rubric below. The anchor points (1, 3, 5) provide clear criteria. You are encouraged to use intermediate scores (e.g.,
2.5, 4.0) to reflect the precise quality of the strategy based on these criteria.

DETAILED SCORING RUBRIC
¢ Score 5.0 (Excellent / Strategic)

— Award this score if the strategy meets almost all of the following criteria:
+ Tiered Hashtag Approach: Utilizes a sophisticated mix of at least two, and ideally three, types of hashtags:
- Broad/Topical: Includes 1-2 high-traffic, general hashtags to maximize broad reach (e.g., #Science, #Research,
#ATI).
- Niche/Specific: Includes 2-4 specific hashtags that target a specialized audience, such as the academic sub-field, methodol-
ogy, or specific conference (e.g., #QuantumComputing, #CRISPR, #MLA2025).
- Community/Branded: Includes relevant hashtags for the institution, lab, or campaign (e.g., #StateUResearch).
+ Strategic Mentions: Effectively uses @mentions to tag relevant entities such as co-authors, the university/institution, the
research lab, funders, and the publisher/journal. This is done to directly notify partners and encourage network amplification.
+ Optimal Quantity: The total number of hashtags is appropriate for the platform and feels integrated, not spammy (generally
3-6 hashtags is a strong range).
+ Overall: The combination of hashtags and mentions creates clear pathways for discovery by both a broad audience and niche
academic peers.

¢ Score 3.0 (Adequate / Functional)

— Award this score if the strategy is functional but lacks sophistication.

Generic Hashtags: Primarily uses relevant but overly broad hashtags (e.g., uses only #Science, #Academic, #Paper).
Missed Opportunities: Fails to include specific, niche hashtags that would effectively target the core academic audience.
Limited Mentions: May mention the primary institution but omits key collaborators like co-authors, funders, or the specific
journal.

+ Suboptimal Quantity: May use too few hashtags (e.g., only one) or a slightly excessive amount of generic ones.

Overall: The strategy is better than nothing and will contribute to some discoverability, but it does not effectively target the
most relevant communities.

* Score 1.0 (Poor / Ineffective)

* %

*

*

— Award this score if the strategy demonstrates a clear lack of understanding.
+ Irrelevant or No Hashtags: Uses hashtags that are completely unrelated to the academic content (e.g., #photooftheday),
are broken (e.g., #My Research Paper), or are absent altogether.
+ Spammy: Uses an excessive number of unrelated, high-volume hashtags in a clear attempt at "hashtag stuffing."
* No Mentions: Makes no use of @mentions to tag any relevant people or organizations, isolating the post from its potential
network.
# Overall: The strategy does nothing to enhance discoverability or engagement and may even detract from the post’s credibility.

Figure 16: The evaluation prompt used by the LLM judge to score the Hashtag and Mention Strategy
metric. This rubric assesses the strategic use of hashtags and @mentions to maximize a post’s
discoverability among both broad and specialized audiences.

Evaluation Prompt: Call- ion (CTA) Score

Role: You are a Conversion Rate Optimization Specialist. Your task is to evaluate the post’s Call to Action (CTA) based on a checklist
of five criteria.

Task: For each criterion below, determine if it is substantially met. Your final score will be the total number of criteria that are met,
resulting in an integer score from 0 to 5.

CTA CHECKLIST

1. Action-Oriented Language: Does the CTA use strong, direct command verbs (e.g., "Read," "Download," "Comment")?

2. Benefit Highlighting: Does the CTA explain or imply what the user will gain by taking the action (e.g., "...to learn our method")?
3. Clarity & Conciseness: Is the CTA instruction unambiguous, simple, and easy to understand at a glance?
4

. Strategic Placement: Is the CTA located in a prominent and logical position where a user is likely to see it and act (e.g., at the
end of the post, in the bio link callout)?

5. Urgency/Scarcity: Does the CTA create any sense of immediacy or exclusivity (e.g., linking to a current trend, "be the first to
read")?

25



Under review as a conference paper at ICLR 2026

Evaluation Prompt: Call-To-Action (CTA) Score (Continued)

Count how many of these criteria are met and provide this number as the score.

Figure 17: The evaluation prompt used by the LLM judge to score the Call-To-Action (CTA) Score
metric. This checklist-based rubric provides a quantitative measure of the CTA’s effectiveness by
assessing its clarity, language, placement, and persuasive elements.

Evaluation Prompt: Platform Interest

YOUR ROLE

You are an expert social media strategist, skilled in tailoring academic content for different social media platforms.

YOUR TASK

You are presented with two promotional posts (Post A and Post B) for a research paper, designed for the {platform_source}
platform. Your goal is to conduct a holistic, head-to-head comparison and determine which post is preferable overall for promoting
the research paper effectively on {platform source}.

PLATFORM-SPECIFIC EVALUATION CRITERIA
Your analysis MUST be tailored to the specific platform: {platform_source}. Use the corresponding criteria below to evaluate

the tone, style, clarity, and engagement potential, and to justify your choice.

IF THE PLATFORM IS REDNOTE:

« Visual & Title Hook: How compelling is the cover image and title combination? Does it balance aesthetic appeal with informational
clarity to make users click?

Value & Readability: Is the content genuinely useful? Is it well-structured with emojis and paragraphs for easy reading? Does it
strike the right balance between completeness and conciseness for this platform?

Authentic Tone: Does the post’s tone and style feel like a personal, genuine recommendation rather than a dry advertisement?
Does it respect the academic source while being accessible?

Community Tropes & Engagement: Does the post effectively use @mentions, relevant topic hashtags (#), and a conversational
tone to encourage interaction?

Actionability: Does it effectively encourage users to Save for later, Like, and Comment with questions?

IF THE PLATFORM IS TWITTER (X):

¢ Brevity & Impact: How quickly does the first sentence grab attention? Is the core message delivered concisely? Does it achieve a
balance between providing enough information and being brief?

Virality Potential: Is the content surprising, insightful, or framed in a way that makes users want to Retweet or Quote Tweet?

Clarity & Structure: Is the core research explained clearly? If it’s a thread, is it easy to follow, and does each tweet build logically
on the last?

Professional Tone & Style: Is the tone appropriate for public-facing academic communication on this platform? Does it maintain
credibility?

Discoverability & CTA: Is there strategic use of relevant hashtags and keywords? Is there a clear, single Call to Action (e.g., click
a link, reply, follow)?

CONTENT FOR REVIEW
Post A Content:

{post_a_content}

Post B Content:

{post_b_content}

FINAL INSTRUCTION

Based on your comprehensive assessment using the platform-specific criteria for {plat form_source}, indicate your preference.

Figure 18: The evaluation prompt used by the LLM judge to score the Platform Interest metric. This
is a pairwise comparison task where the judge determines which of two posts is better optimized for
a specific social media platform (RedNote or X) based on a detailed, platform-specific rubric.
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Evaluation Prompt: Professional Interest

YOUR ROLE

You are a busy professional (Engineer, Data Scientist, etc.) in a related field, scrolling your feed for useful and interesting new
developments.

YOUR TASK

You see two posts (A and B) about the same new paper. Based on your immediate reaction, which one would be more likely to make
you stop, read, and click the link to the paper or code?

GUIDING QUESTIONS FOR YOUR DECISION

« Efficiency of Information Transfer: Which post helps a busy professional grasp the key innovation and its performance faster?

Technical Credibility: Which post appears more rigorous, professional, and technically sound?

Impact Claim: Which post makes a more compelling claim about performance, efficiency, or a new capability?

Time Investment: Which post looks like it will give me the essential *so what’ in the least amount of time?

The "I Need to Check This Out" Feeling: Which post gives you a stronger feeling of "This could be useful. I should save this
link or check out the repository"?

CONTENT FOR REVIEW
Post A Content:

{post_a_content}

Post B Content:

{post_b_content}

FINAL INSTRUCTION

Based on your gut reaction as a busy professional, indicate your preference.

Figure 19: The evaluation prompt used by the LLM judge to score the Professional Interest metric.
This pairwise comparison prompt frames the judge as a busy technical professional, forcing a decision
based on efficiency, credibility, and perceived impact, simulating the quick judgment of an expert
audience.

Evaluation Prompt: Broader Interest

YOUR ROLE

You are a top-tier science communicator (e.g., a producer for Veritasium or 3Blue1Brown), skilled at making complex topics engaging
and understandable for the public.

YOUR TASK

You are presented with two posts (A and B) promoting the same research to an enthusiast audience on {platform_source}.
Determine which post is a more effective piece of science communication.

EVALUATION CRITERIA
 Intuition Building: Which post does a better job of building intuition around the core concept, rather than just stating facts?
« Engagement and "Wow’ Factor: Which post is more likely to generate genuine excitement and a sense of wonder?

¢ Clarity without Oversimplification: Which post strikes a better balance, making the topic understandable without losing the
essence of the science?

Potential for Virality: Which post has a higher potential to be shared widely among a curious, non-expert audience?

CONTENT FOR REVIEW
Post A Content:

{post_a_content}

Post B Content:

{post_b_content}

27



Under review as a conference paper at ICLR 2026

Evaluation Prompt: Broader Interest (Continued)

FINAL INSTRUCTION

Based on your expert assessment of science communication strategy.

Figure 20: The evaluation prompt used by the LLM judge to score the Broader Interest metric. This
pairwise comparison prompt frames the judge as a top science communicator, forcing a choice based
on narrative engagement, clarity, and potential for virality among a non-expert audience.

Evaluation Prompt: Factual Checklist Score

Role: Please act as a meticulous fact-checker.

Task: Based on the provided research paper content and the {plat form_source} post, evaluate the post against the following
criterion:

Criterion: " {description}"

Your task is to provide an integer score from 0 to {max_score} and a clear explanation for your score. A score of {max_score}
means the post perfectly meets the criterion. A score of 0 means it completely fails.

Figure 21: The evaluation prompt used by the LLM judge to score the Factual Checklist Score metric.
This prompt is used iteratively for each key fact extracted from the source paper. The judge provides
a score indicating how well that specific fact is represented in the promotional post.

F PRAGENT PROMPTS

This section provides the detailed prompts used by the various specialized agents within the PRAgent
framework. These prompts are engineered to guide the Large Language Models at each stage of the
content generation pipeline, from initial content synthesis to final platform-specific adaptation.

Logical Draft

Role: You are a top-tier technology analyst and industry commentator. Your articles are renowned for their depth, insight, and concise
language, getting straight to the point and providing genuine value to readers.

Task: Strictly adhere to all the requirements below to transform the provided "Original Paper Text" into a high-quality,
high-density blog post in Markdown format, filled with expert-level insights.

— High-Quality Blog Post Example —

[... One-shot blog post example omitted for brevity ... ]

— Your Creative Task —
Core Requirements:

« Title and Authorship:
— Create a New Title: Based on the original paper title, create a more engaging and accessible title for social media.
— Extract Author Info: Accurately identify and list the main authors from the "Original Paper Text". Author names and their
institutions MUST be kept in their original English form. Use "et al." if there are too many.
— Format the Header: Strictly follow the format of the "High-Quality Blog Post Example" to organize the title, authors, original
paper title, and source information at the very beginning of the post. Use the same emojis (7, &, @).

« Content Structure: Your article must clearly contain the following core analytical modules. Do not add unnecessary sections.

— The Research Question: Precisely distill the core problem this paper aims to solve. What is the context and importance of this
problem?

— Core Contributions: Clearly list the 1-2 most significant innovations or contributions of this paper. What’s new here for the field?

— The Key Method: Break down the key method or core idea proposed in the paper. How does it achieve its contributions? What
are the technical details?

— Key Results & Implications: What key results did the paper present to support its claims? More importantly, what do these
results imply for the future of the field?
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Logical Draft Agent Prompt (Continued)

« Writing Style : You must completely abandon the writing patterns of an Al assistant and adopt the perspective of a critical,
analytical expert.
— STRICTLY FORBIDDEN: Absolutely prohibit the use of generic, low-density, Al-like phrases such as "In conclusion," "It is
worth noting that," "Firstly," "Secondly," "Furthermore," "To summarize," "As can be seen," etc.
— BE CONCISE: Eliminate all filler words and conversational fluff. Every sentence must carry information.
— CONFIDENT & DIRECT: As an expert, you must state points directly and confidently. Use "The method validates..." instead of
"The method seems to validate...".
¢ Formatting :
— Use relevant emojis as visual guides for each core module, as shown in the example.
— Include relevant technical hashtags at the end of the post.

— Original Paper Text —
{paper_text}
Begin your creation. Remember, your goal is not to "imitate a human," but to "be an expert."

Figure 22: Prompt used by the Logical Draft Agent. Its primary function is to transform the
summarized academic text into a structured, factually-dense, and style-agnostic draft, which serves as
the foundational document for subsequent agents. The prompt enforces a strict output schema based
on key analytical modules such as the research question, core contributions, key method, and results.

Visual Analysis Agent Prompt

Role: You are an expert academic analyst.

Task: Your task is to provide a detailed explanation of the provided image, using its original caption as context. Describe what the
figure shows, what its main takeaway is, and how it supports the paper’s argument. Be clear, comprehensive, and ready for a blog post.

—Image Inputs —

Image:

A high-resolution PNG image extracted from the source research paper, representing a key figure, chart, or table that requires analysis.
Image Caption:

The full, original caption text associated with the image above, exactly as it appears in the research paper. This text provides the
necessary context for interpreting the visual data.

Figure 23: Prompt used by the Visual Analysis Agent (7s;4). This prompt instructs the Multimodal
LLM to act as an expert academic analyst, providing a comprehensive analysis of each figure’s
content, its main message, and its contribution to the paper’s overall argument.

Visual-Text-Interleaved Combination Agent Prompt

Role: You are a master science communicator and blogger.

Task: Your task is to transform a dry academic text into an engaging blog post, weaving in figures and tables to tell a compelling story.

— Inputs —

Logical Draft (for factual context):

The structured, fact-checked draft created by the Logical Draft Agent. This serves as the ground truth for the core scientific claims.
Textual Post (for stylistic inspiration):

The text-only social media post created by the Textual Enriching Agent. This provides the tone and style to be adapted.

Analyzed Visuals (to be integrated):

A list of all available figures and tables, each paired with a detailed analysis of its content and significance, provided by the Visual
Analysis Agent.

Figure 24: Prompt used by the Visual-Text-Interleaved Combination Agent (7,;.;). This prompt
directs the LLM to synthesize inputs from previous stages into a cohesive, engaging narrative. It
strategically integrates visual elements by weaving them into the story where they can best clarify
concepts and showcase results.
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Platform Adaptation & Textual Enriching Prompt(Twitter)

ROLE: You are an expert communicator—a researcher who can captivate both peers and the public. Your goal is to create a Twitter
(X) thread that is both technically credible and excitingly viral.

TASK: Rewrite the provided draft into a single, high-impact Twitter thread that satisfies BOTH busy professionals and curious
enthusiasts.

UNIFIED STRATEGY (Strictly Follow):

Hook with Impactful ""Wow'': Start with a hook that is both a quantifiable achievement (for professionals) and a surprising fact
(for enthusiasts). E.g., "Just cut model inference time by 50% with a surprisingly simple geometric trick. Here’s the story: H."
Intuitive Storytelling with Hard Data: Frame the content as a story (Problem -> Insight -> Solution). Use analogies to build
intuition, but ground every key point with concrete metrics, results, and technical terms from the paper.

Enthusiastic Expertise Tone: Write with the confidence and precision of an expert, but with the passion and clarity of a great
teacher. Avoid dry, academic language AND overly simplistic fluff.

Visually Informative: Choose figures that are both information-dense (showing data, architecture) and visually clean/compelling.

YOUR INSTRUCTIONS:
1. Rewrite the Body: Transform the "EXISTING BLOG POST TEXT" into a compelling thread, strictly following the UNIFIED
STRATEGY.

2. Integrate Figures: Weave the figures into the narrative where they best support a key insight or result. Place the figure placeholder
on its own new line.

3. Incorporate Author/Paper Info: Naturally integrate author and paper details. Ensure author names and institutions remain in
English.

4. Add Engagement Elements: End with a thought-provoking question and 3-5 hashtags that appeal to both audiences (e.g., #Al,
#MachineLearning, #Innovation).

5. Output Format: Your response must be only the final, ready-to-publish thread text.

— Inputs —

ORIGINAL SOURCE TEXT (for deep context):
{source_text}

EXISTING BLOG POST TEXT (to be rewritten):
{blog_text}

AVAILABLE FIGURES AND DESCRIPTIONS:

{items_list_str}

Figure 25: Prompt used for both the final Platform Adaptation stage and the Textual Enriching Agent
(T¢eqt)- it is tailored for generating a Twitter (X) post.

Platform Adaptation & Textual Enriching Prompt (RedNote)

ROLE: You are an expert tech content creator on RedNote. Your style is a perfect blend of a professional’s "dry goods" and a science
communicator’s engaging storytelling.

TASK: Transform the provided draft into a single, high-quality RedNote post that is highly valuable to BOTH industry professionals
and curious tech enthusiasts.

UNIFIED STRATEGY:

« Title is an ""Impactful Hook'': The title must be a compelling hook that also states the core, quantifiable achievement. E.g., "This
Al paper is a must-read! % They boosted performance by 30% with one clever trick."

Narrative Structure with Clear Signposts: Start with a story-like intro (the "why"). Then, break down the core content using
clear, emoji-led headings like ", The Core Problem," " = The Big Idea," "ul The Key Results." This makes it scannable for
professionals and easy to follow for enthusiasts.

Intuition-Building backed by Data: Explain complex ideas using simple analogies, but immediately follow up with the key
technical terms and performance metrics from the paper.

Visually Compelling and Informative Images: Select figures that are clean and easy to understand, but also contain the key data
or diagrams that a professional would want to see.

YOUR STEP-BY-STEP EXECUTION PLAN

STEP 1: REWRITE THE POST BODY

« Create the Title and Body: Rewrite the entire post following the UNIFIED STRATEGY.

¢ Include Author Info: After the title, you MUST include the author, paper title, and source details. Ensure author names and
institutions remain in their original English form.

¢ Format for Scannability: Use emojis, short paragraphs, and bold text to make the post visually appealing and easy to digest.
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Platform Adaptation & Textual Enriching Prompt (RedNote) (Continued)

STEP 2: SELECT AND APPEND BEST IMAGES

¢ Select the 3-4 most suitable figures that align with the UNIFIED STRATEGY.
« Append ONLY the placeholders for these selected figures to the very end of the post.

STEP 3: DRIVE ENGAGEMENT

¢ Topic Tags (#): Add a mix of broad and specific hashtags (e.g., #AI, #Tech, #DataScience, #LLM).
¢ Call to Action (CTA): End with a CTA that invites discussion from everyone (e.g., "This could change so much! What do you all
think? ").

— AVAILABLE ASSETS —

1. STRUCTURED DRAFT:
{blog_text}

2. AVAILABLE FIGURES AND DESCRIPTIONS:

{items_list_str}

— FINAL OUTPUT —
Your final output must be only the complete, ready-to-publish post text, with the selected image placeholders at the end.

Figure 26: Prompt used for the Textual Enriching Agent and Platform Adaptation stage, tailored for
RedNote.

G ACADEMIC PROMOTION QUALITY ASSESSMENT

Owing to human quality annotation being costly and time-consuming, a critical component of our
benchmark is the reliance on LLMs for large-scale evaluation. To validate this approach, we measured
the correlation between the judgments of several prominent LLM judges and our human-annotated
ground truth on PRBench.

G.1 EVALUATION PROTOCOL

We adopt the LLM as a Judge paradigm (Zheng et al., 2023} |Gu et al., 2024; |Chen et al., [2024al)
for automated evaluation, using Qwen2.5-72B-VL. Our protocol comprises two complementary
evaluation modes.

Individual Post-level Evaluation assesses the absolute quality of a single promotional post based
on a set of predefined criteria. To ensure stability, for each criterion requiring a scalar score (e.g., on
a 0-to-5 scale), we query the LLM judge 3 times and use the arithmetic mean as the final score.

Pairwise Comparative Evaluation assesses the relative quality between a candidate post P4 and
a post from a chosen reference set, Sy. This reference-based framework is designed to allow the
benchmark’s difficulty to evolve. While it is possible for a demonstrably superior set of machine-
generated posts to become a future reference set (i.e., if Pref( Pygent, S) > T, it can become Sj;41),
the evaluations conducted in this paper use the collection of human-authored posts as the primary
reference set (Sg). For a given pair (P4, Pg) where Pg € Sy, an evaluator provides a preference
judgment. To implement this with an LLM judge and mitigate positional bias, each pair is presented
twice in swapped order. A consistent choice results in a preference outcome, recorded as P4 > Pp
(A is better) or Pg > P4 (B is better), while inconsistent choices result in a tie (P4 ~ Pg). These
outcomes are then aggregated to quantify performance, typically as a win rate against the references.

G.2 EVALUATION EXPERIMENT ANALYSIS

Current LLMs effectively assess the quality of promotional content. As shown in Table |4}
it demonstrates a positive correlation (greater than 0.5) between LLM evaluations and human
annotations across most individual PRBench metrics. These findings underscore the reliability of
LLMs as evaluators, emphasizing both their strengths and limitations in this context. Moreover, this
strong correlation suggests that LLMs can be valuable tools in providing consistent assessments,
which are crucial for applications such as automated content moderation and performance analysis.
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Generator SummaC-ZS SummaC-Conv
GPT-5 -0.073 0.202
+ PRAgent -0.072 0.229
Qwen3-235B-A22B -0.055 0.202
+ PRAgent -0.369 0.222
Qwen2.5-VL-32B-Ins -0.033 0.204
+ PRAgent -0.066 0.211
Qwen3-32B -0.231 0.231
+ PRAgent -0.099 0.219
InternVL3-14B -0.378 0.209
+ PRAgent -0.281 0.213

Table 6: SummaC consistency scores on PRBench-Core. For each system, we treat each weighted
checklist item as a candidate “summary” and compute SummaC-ZS and SummaC-Conv scores
against the generated promotional post, then average over all checklist items and test examples.
Higher scores indicate stronger consistency under the SummaC metrics.

Open-Source LLMs show greater alignment with human judgment. Open-source LLMs exhibit
stronger alignment with human judgment across most metrics compared to closed-source models
like GPT-40 and GPT-5-mini, as shown in Table ] This suggests that open-source models more
accurately capture the nuances of human evaluative criteria. In contrast, closed-source models tend to
prioritize logical coherence and factual accuracy, as evidenced by their higher scores in Contextual
Relevance, Logical Attractiveness, and Factual Checklist Score. However, they often overlook critical
engagement factors, which are vital in social media contexts, leading to suboptimal performance.

LLMs excel at evaluating objective, text-based criteria but struggle with subjective, multi-modal
judgments. The analysis in Table[d]shows that LLMs perform effectively in assessing objective,
text-based metrics. Measures like Hashtag & Mention Strategy and Call-To-Action Score, which rely
on identifiable textual patterns, exhibit strong correlations with human judgment. However, GPT-40’s
low correlation score for Visual Attractiveness (less than 0.1) suggests that aesthetic evaluations
remain challenging for LLMs. This highlights that subjective judgments, particularly in aesthetics,
are still an evolving area for LLM-human alignment. Despite this, the high correlation in most metrics
underscores the reliability of LLMs as scalable proxies for human evaluation in academic promotion.

Qwen-2.5-VL-72B-Ins exhibits the strongest and most consistent correlation with human
judgments. Among the tested models, as shown in Table E[, Qwen-2.5-VL-72B-Ins shows the
highest and most consistent correlation with human judgments across most metrics. It achieves
strong Pearson and Spearman correlations in criteria, confirming its selection as the primary judge
in our evaluation protocol. For all evaluations, including absolute scores and pairwise preferences,
Owen-2.5-VL-72B-Ins served as the primary and economical LLM judge framework, due to its
strong alignment with human annotations.

H LIMITATIONS OF OFF-THE-SHELF FACTUALITY METRICS ON PRBENCH

Automatic metrics for factuality and faithfulness have been widely explored in summarization and
lay-science generation (Caban et al| 2022} [Scialom et al.| 2021]). However, these metrics are typically
calibrated for summaries that are concise, coverage-oriented, and strictly non-additive with respect to
the source document. In contrast, AutoPR is a promotion task: effective posts selectively highlight a
paper’s core contributions, situate them with additional background, and sometimes use metaphors
or analogies to ease comprehension for non-expert readers, raising the question of whether existing
factuality metrics adequately capture fidelity in PRBench.

To investigate this, we instantiate SummaC-ZS and SummaC-Conv (Laban et al.| 2022)) as represen-
tative NLI-based factuality metrics. For each generated promotional post P and its human-curated
factual checklist C = {(c;, w;)} (Section[3.2)), we treat each checklist item ¢; as a candidate “sum-
mary” and use the post P as the reference document. SummaC then produces a consistency score for
each (¢;, P) pair, and we average these scores (weighted by w;) to obtain system-level SummaC-ZS
and SummaC-Conv scores that are directly comparable to our weighted Factual Checklist Score.
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Model | Fidelity Engagement Alignment Overall Avg
Qwen-2.5-VL-7B 4242 4791 51.53 47.29
+ 1-shot 45.01 45.79 48.25 46.37
Qwen-2.5-VL-32B | 56.39 73.31 69.18 68.88
+ 1-shot 62.79 71.67 69.76 69.32
Qwen-2.5-VL-72B | 63.94 73.46 72.89 71.69
+ 1-shot 57.27 73.65 77.47 71.52
InternVL3-8B 48.30 62.08 69.01 61.40
+ 1-shot 57.14 69.80 73.93 68.51
InternVL3-14B 49.07 61.93 70.31 61.87
+ 1-shot 55.62 64.39 68.90 63.99
InternVL3-38B 46.20 59.21 67.15 58.99
+ 1-shot 52.53 55.26 58.68 55.74

Table 7: Performance comparison between the standard Direct Prompt (zero-shot) and a stronger
baseline incorporating one-shot example (+ 1-shot).

Table [f]reports these scores on PRBench-Core across several backbone models and their PRAgent-
enhanced variants. All values cluster around zero for SummaC-ZS and ~ 0.20 for SummaC-Conv,
with no consistent separation between direct prompting and PRAgent or with our human- and LLM-
based fidelity assessments. In other words, SummaC behaves almost like a random scorer in this
setting, failing to reflect either the substantial fidelity differences we observe in manual error analysis
(Section[3.2] Appendix [D) or the clear gains brought by PRAgent (Section 3).

We hypothesize two main causes. First, SummacC relies on an early ALBERT
backbone with a relatively short maximum input length (500 tokens), whereas AutoPR posts in
PRBench often exceed 1,000 tokens and contain dense multimodal references. Truncation and
sentence-level matching therefore discard much of the fine-grained context needed to evaluate
whether a promotional claim is factually grounded. Second, the publicly available SummaC models
are trained exclusively on English summarization corpora, while PRBench includes a substantial
portion of Chinese posts; this cross-lingual mismatch likely further degrades reliability. Together,
these factors suggest that directly reusing summarization-oriented factuality metrics underestimates
fidelity in AutoPR and obscures real system-level differences.

Looking forward, we view the construction of a dedicated factuality validator for AutoPR as an
important avenue for future work. Such a validator should be trained on PRBench-style data, handle
bilingual and multimodal inputs, and explicitly account for the permissible addition of contextual
information typical of promotional writing, rather than penalizing all non-literal elaborations as
hallucinations.

I DIRECT PROMPTING BASELINE IMPLEMENTATION

To establish a clear performance benchmark, we implemented a baseline referred to as "Direct
Prompting." This method is designed to simulate a straightforward, non-agentic approach to the
AutoPR task, reflecting how a user might naively employ a LLM for academic promotion.

Specifically, given that a full research paper’s text exceeds these limits, we employed a simple “left”
truncation strategy. The input for the LLM was constructed by extracting the initial 80K characters
(approximately 20K tokens) from the paper’s plain text, which typically includes the title, authors,
abstract, introduction, and parts of the related work. This truncated text was then passed to the model
with a direct and simple instruction: "Based on the following research paper content, generate a
social media post to promote it." No further guidance on tone, structure, or platform-specific features
(like hashtags) was provided.

J HoOW DO GENERAL STRATEGIES EFFECT PERFORMANCE ON PRBENCH?

Long CoT Reasoning does not consistently improve AutoPR tasks. Long chain-of-thought (Long
CoT) has recently emerged as a promising approach for tasks that require iterative reasoning

et al}, 2024b; [Cheng et all,[2025} [Chen et al., [20254). To assess its effect, we evaluated the Qwen3
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Model Name | Fidelity | Engagement | Alignment | N
A&T  Factual Hook Logical  Visual CTA Prof.  Broad | Context Vis-Txt Hashtag Plat. &
Acc.  Score 00 Attr. Attr. Pref. Pref. Rel. Integ. ashtag  pref.
DeepSeek-R1-Distill-7B* T 4325 2145 ‘ 3307 4504 - 1534 3770 4325 3128 - 1713 23.02 | 3105
+ PRAgent 55.60 3643 68.10 71.58  62.89 3496 7227 88.67 66.89 66.47 52.64  81.64 | 63.18
InternVL3-8B 5267 4855 | 7201  53.09 - 50.00 63.67  81.64 66.34 - 56.58  85.16 | 62.97
+ PRAgent 64.06 5250 7337 57.62 6875 4427 60.55 @ 88.67 74.93 66.24 50.68  80.86 | 65.21
Qwen3-8B7 5176 45.09 | 73.83 5169 - 4427 6250 7891 72.10 - 61.46 9141 | 63.30
+ PRAgent 69.01 62.11 75.00 83.53 70.57 4544 96.09 98.44 86.33 71.78 62.11  98.44 | 76.57
DeepSeek-R1-Distill-14B#T | 51.37  43.57 ‘ 69.14  54.92 - 29.56 60.16  75.78 64.23 - 50.13  81.64 | 58.05
+ PRAgent 66.60 5721 7480 77.64 7331 3848 91.80 98.83 80.37 72.66 5495  99.22 | 73.82
Qwen3-14B7 5091 4744 | 7480 5625 - 38.15 69.53  82.03 7230 - 65.23 9531 | 6520
+ PRAgent 7031 67.70 75.00 8138 72.85 3535 97.66 99.61 86.88 74.38 61.33  97.27 | 76.64
Qwen3-30B-A3B7 5111 43.03 ‘ 71.68  51.69 - 3522 4766  74.61 67.84 - 60.16  83.59 | 58.66
+ PRAgent 69.79 5645 7500 7998  72.01 30.01 9844 98.44 85.61 72.36 66.54  98.44 | 75.26
DeepSeek-R1-Distill-32B™T | 50.00 42.49 | 68.03  55.66 - 3561 5195 7773 6725 - 5046 85.16 | 5843
+ PRAgent 65.94 5582 7238 8022 69.38 37.80 9291  96.06 79.63 70.51 4777 9252 | 71.74
InternVL3-38B 5137 4382 | 71.16 5391 - 50.07 44.14 7773 68.46 - 50.81 85.94 | 59.74
+PRAgent 65.69 56.84 7500 7210 74.02 4792 8555 96.88 83.66 74.28 50.91 96.09 | 73.25
Qwen-2.5-VL-72B-Ins 5208 4443 | 7441  62.83 - 57.81 5820  83.98 74.67 - 55.53  93.75 | 65.77
+ PRAgent 70.05 60.75 75.00 75.68 7493 30.99 8945 97.27 81.32 74.22 41.60  96.48 | 72.31
Gemini-2.5-Flash 5501 45.10 | 7448 61.78 - 48.96  39.06  83.98 80.47 - 61.20 9375 | 64.38
+ PRAgent 7083 70.01 7500 8232 7448 46.81 9727 98.83 85.84 74.80 5742 98.05 | 77.64
Gemini-2.5-Proft 56.77  47.44 ‘ 75.00  69.79 - 4427 4688  88.67 81.41 - 59.57  94.92 | 66.47
+ PRAgent 71.81  63.14 7447 8597 73.89 4544 9727 99.22 86.04 74.58 58.40  98.05 | 77.36
GPT-4.1 51.00 3875 | 7400  56.00 - 45.67  50.00 70.00 69.00 - 52.33 84.00 | 59.08
+ PRAgent 70.67 77.19 7550 83.00 7533 46.67 100.00 100.00 | 86.00 75.33 60.67  98.00 | 79.03
GPT-40 5052 30.73 | 7293  48.06 - 42.84 28.12  64.45 60.58 - 53.26  55.08 | 50.66
+ PRAgent 66.99 4658 7500 7507 7480 4759 7578  98.05 81.87 73.93 5215  97.66 | 72.12
GPT-5-nano” 49.80 5791 | 51.56 37.34 - 3431 5859 5195 52.51 - 49.28  73.05 | 51.63
+ PRAgent 71.29 70.80 7253 6175 69.53 3470 94.92 94.14 73.63 67.81 5547 9453 | 71.76
Table 8: The remaining results on the . For each model, we compare the performance

of our PRAgent against the Direct Prompt baseline.

series under two settings: a “thinking” mode that enables Long CoT and a “non-thinking” mode that
uses standard inference. As shown in Figure[§](a), enabling Long CoT did not yield notable gains in
average performance. Consistent improvement is observed only on the Engagement metric, and Long
CoT even negatively affects other metrics for the Qwen3-235B model. These results indicate that
Long CoT is not a universally effective strategy for improving performance on AutoPR tasks.

Parameter scaling laws also hold in AutoPR scenarios. In general, increasing a model’s parame-
ters is a common way to improve performance. To examine this, we analyze four established LLM
series. As shown in Figure [§|(b,c), we observe clear parameter-scaling effects across these models,
which is well align with parameter scaling laws (Kaplan et al., 2020; [Henighan et al.}2020). While
performance generally increases with model size, the trend is not strictly consistent across series.
For example, Qwen3-32B can outperform the larger InternVL3-38B, indicating that, for this task,
performance does not align uniformly with scale across model families.

Inference-time scaling does not hold for AutoPR tasks. To investigate the impact of inference-
time scaling, we analyze the relationship between think token count on Qwen3-30B-A3B and the
average score on PRBench. Figure 8|(d) shows that, contrary to conventional scaling laws, increased
inference-time scaling does not yield monotonic performance gains in the AutoPR task. There is
no positive trend; instead, we observe a negative correlation between think token count and average
score (Pearson’s r = —0.1616, p = 0.0003). We hypothesize that this arises from “specification
drift,” where excessive, unguided reasoning leads the model to over-interpret instructions, introduce
extraneous details, or deviate from core objectives of Fidelity, Alignment, and Engagement.

In-context Learning does not consistently improve performance. Our experiments show that
In-context Learning (ICL), while always beneficial in other generation tasks (Dong et al., [2022;
Qin et al.| 2023} |2024; |Wang et al.l [2024), does not uniformly enhance performance across all
metrics. This indicates that the effectiveness of prompting strategies is task- and model-dependent.
As demonstrated in Table [/| the impact of ICL varies across models and metrics. For example,
Qwen-2.5-VL-7B shows a slight improvement in Fidelity, from 42.42% to 45.01%, but a decrease in
Engagement (from 47.91% to 45.79%) and Alignment (from 51.53% to 48.25%). Similarly, Qwen-
2.5-VL-72B experiences a drop in Fidelity but an increase in Alignment. These mixed outcomes
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Model Name | _ Fidelity | Engagement \ Alignment | .
A&T  Factual Hook Logical  Visual CTA Prof. Broad | Context Vis-Txt Hasht Plat. Ve
Acc.  Score 00 Attr. Attr. Pref.  Pref. Rel. Integ. ashtag pro.
DecpSeek-RI-Distill-7B®7 | 4327 2039 | 3653 4830 - 1887 40.16 4557 | 3352 - 2028 26.38 | 3333
+PRAgent 5575 3261 6794 7033 6396 3397 6562 8740 | 6581 6649 4862 81.45 | 61.66
Qwen-2.5-VL-7B-Instruct | 4832 3652 | 6198 4698 - 3882 3535 5645 | 55.86 - 4072 5801 | 47.90
+PRAgent 6175 5569 6176 5866 6024 1606 6797 7500 | 5743 6164 4965 67.09 | 57.74
InernVL3-8B 5171 4489 | 7096 5300 - 5000 5859 77.83 | 66.76 - 5628  83.98 | 61.40
+ PRAgent 6408 5106 7347 5849 69.90 4585 6328 8877 | 7549 6733 5144 8193 | 6592
Qwen3-8B7 5116 4269 | 7326 5251 - 4124 6064 76.17 | 7140 - 60.61  89.65 | 61.93
+PRAgent 6795 5896 7500 8353 7197 4530 97.56 9922 | 8686 7274 6150 97.95 | 76.54
DecpSeek-RI-Distill-14BE7 | 5067 4173 | 6947 5539 - 3072 5744 7133 | 6434 - 4941 81.02 | 57.15
+PRAgent 6561 5386 7462 7794 7194 3929 9131 9863 | 8053 7191 5332  97.85 | 73.07
InternVL3-14B 5163 4651 | 71.06 5417 - 5482 5342 7617 | 68.76 - 5632 85.84 | 61.87
+PRAgent 6456 5434 7562 6808 7308 5213 7461 9424 | 8157 7154 5441 9053 | 7123
Qwen3-14B7 5112 4633 | 7373 5645 - 39.62 6846 80.57 | 7234 - 6478 92.09 | 6455
+PRAgent 6958 65.18 7500 8218 7388 3488 9893 9971 | 8683 7459 6090 98.05 | 76.64
GPT0ss-20BRT SI71 5489 | 69.97 4163 - 4414 7148 7227 | 7177 - 5451 90.92 | 6233
+PRAgent 69.74 7307 7485 6497 T3.04 4943 9844 9746 | 8347 7392 6224 9775 | 7653
Qwen3-30B-A3B” 5114 4076 | 7108 5168 - 3563 4844 6846 | 6743 - 6009  81.74 | 57.64
+PRAgent 69.40 5495 7485 80.60 7227 30.08 96.68 98.24 | 8545 7332 6589  97.56 | 7495
DeepSeek-R1-Distill-32BR7 | 5052 4179 | 69.16 5720 - 3665 3664 7363 | 67.16 - 49.63 8516 | 5875
+PRAgent 6585 5488 7410 8144  70.65 3953 9286 97.26 | 8125 7158  49.12  93.64 | 7268
Qwen-2.5-VL-32B-Instruct | 5690 5588 | 69.71 69.78 - 5620 87.01 8584 | 66.18 - 5278 88.57 | 68.88
+PRAgent 7156 6996 7495 8275 7515 5347 9883 9971 | 8346 7501 6190 97.16 | 78.66
Qwen3-32B7 5205  49.68 | 7251 5352 - 4797 7822 7793 | 69.60 - 6121  90.53 | 6534
+PRAgent 7114 6453 7500 8300 7482 4274 9883 9971 | 8669 7512 60359  98.24 | 77.53
InternVL3-38B 5093 4147 | 7020 5352 - 5007 4805 7422 | 67.44 - 5111 8291 | 58.99
+PRAgent 6652 5323 7456 7287 7410 4847 8447 9697 | 8311 7358 5075 9697 | 72.97
Qwen-2.5-VL-72B-Instruct | 5278 4261 | 7410 6251 - 5710 5605 8252 | 74.20 - 5503 91.89 | 64.88
+PRAgent 6943 5845 7471 7507 7479 2970 8896 97.56 | 8037 7393 4097 9629 | 71.69
GPT-0s5-120B7-7 5264 5845 | 69.34 4179 - 4154 7432 7246 | 7259 - 6532 91.99 | 64.04
+PRAgent 68.64 77.15 7492 6813 7391 4771 9941 9834 | 81.68 7453 5983 9873 | 7691
Qwen3-235B-A22B7 5610 5128 | 7425 5688 - 5220 7803 8281 | 74.49 - 6851 9521 | 68.98
+PRAgent 6795 6696 7502 8396 7453 4425 9863 99.61 | 87.09 7511 6045 98.54 | 77.68
Gemini-2.5-Flash 5429 4320 | 7441 6207 - 4705 3838 7998 | 80.83 - 6147  91.80 | 6335
+PRAgent 7043 6797 7453 8288 7441 4661 9746 9873 | 8532 7464 5830  96.09 | 77.28
Gemini-2.5-Pro%t 5705 4646 | 7529 6970 - 4549 4600 8682 | 8101 - 5986 93.26 | 66.09
+ PRAgent 7231 6222 7509 8611 7480 4735 9893 99.80 | 8686 7508 5802  99.02 | 77.97
GPT-4.1 5098 3777 | 7480 5553 - 4219 4883 7773 | 7301 - 5332 90.62 | 6048
+PRAgent 7266 7142 7520 8148 7533 4727 9805 9922 | 8506 7556  59.11 9648 | 78.07
GPT-4o 4972 2930 | 7221 4754 - 4097 3086 5977 | 60.15 - 5241 54.10 | 49.70
+PRAgent 6632 4594 7500 7522 7489 49.07 7793 9824 | 8183 7417 5208 97.66 | 7236
GPT-5" 5171 4784 | 7406 4575 - 3768 7275 7881 | 75.00 - 5057 9434 | 6285
+PRAgent 6790 7207 7500 8043 7528 3482 9873 9951 | 8663 7566 5247 98.05 | 7638
GPT-5-mini” 5083  60.16 | 5573 3941 - 3330 6455 59.08 | 58.70 - 3944 79.20 | 54.04
+ PRAgent 7139 8235 7458 6852 7396 4285 9922 9824 | 8231 7358 5219 9590 | 76.26
GPT-5-nano” 4943 5691 | 5194 3708 - 3143 5713 5029 | 5265 - 5189 7178 | 51.05
+PRAgent 7165 7322 7345 6073 7096 3584 9609 9346 | 7481 6865 5638 9141 | 7222
human-authored posts | 5332 47.10 4590 4289 7048 30.68 - - | 5234 6634 3392 - | -
Table 9: The results on the . For each model, we compare the performance of our PRAgent

against the Direct Prompt baseline.

suggest that ICL introduces variability that may not uniformly benefit all aspects of the AutoPR task.
This calls for further research to identify the conditions under which ICL is most effective.

Overall, our findings highlight the nuanced effects of various strategies on AutoPR performance.
While some approaches like parameter scaling show clear benefits, others such as Long CoT reasoning
and one-shot prompting yield mixed results. This underscores the importance of tailored strategies
that consider the specific demands of the AutoPR task and the characteristics of the models employed.

K HUMAN PREFERENCE ANALYSIS ON PRBENCH-CORE

Real-world experiments are characterized by contingency and randomness; prior work (Gopalakr;
1shna Pillai et al.| [2025)) has thus introduced specialized models for engagement prediction to
circumvent potential biases in real-world settings, such as the simultaneous exposure of A/B test
posts to the same users. To further validate the performance of our proposed PRAgent, following
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Model | Visual Attr. Vis-Txt Integ
Qwen-2.5-VL-7B 74.38 68.07
+ PRAgent 60.24 61.64
Qwen-2.5-VL-32B 74.40 71.34
+ PRAgent 75.15 75.01
Qwen-2.5-VL-72B 74.20 68.67
+ PRAgent 74.79 73.93
InternVL3-8B 74.35 69.24
+ PRAgent 69.90 67.33
InternVL3-14B 74.25 68.54
+ PRAgent 73.18 71.54
InternVL3-38B 74.41 67.58
+ PRAgent 74.10 73.58

Table 10: Direct comparison of visual metrics between PRAgent’s intelligent visual handling and a
Naive Visual Baseline. For each model, the first row represents the Naive Visual Baseline, and the
highlighted row represents the performance of PRAgent.

Preference Outcome Percentage (%) Preference Outcome Percentage (%)
PRAgent-Generated Wins 64.8 PRAgent-Generated Wins 36.7
Tie 23.4 Tie 28.1
Human-Authored Wins 11.7 Human-Authored Wins 35.2
(a) Percentage-based results of the human prefer- (b) Percentage-based results of the human prefer-
ence study on PRBench-Core, comparing human- ence study on PRBench-Core, comparing human-
authored posts against PRAgent-generated content authored posts against PRAgent-generated content
(with GPT-5 as the backbone). (with Qwen-2.5-VL-7B-Ins as the backbone).

Goldsack et al.[(2022)) on science communication, we conducted a human preference study on the
PRBench-Core. In this study, human annotators were presented with pairs of promotional posts
for the same research paper: one generated by PRAgent (using GPT-5 as backbone) and the other
authored by a human. Annotators were asked to choose which post they preferred based on overall
quality, engagement, and clarity, or to declare a tie if they were of comparable quality. The aggregated
results are shown in Table [ITa] providing a direct measure of our method’s performance against
human-written content.

Beyond the GPT-5 backbone, we also test PRAgent with a smaller, more accessible model, Qwen-
2.5-VL-7B-Ins, on PRBench-Core. As summarized in Table [TTb} PRAgent-generated posts are
preferred over human-authored ones in only 36.7% of cases (with 28.1% ties), indicating that at
current capability levels a 7B-scale model, even with PRAgent, still struggles to match the quality of
expert human promotion.

L EACH STAGE MATTERS FOR PRAGENT.

To assess the contribution of each stage in PRAgent,
we conducted ablations with the Qwen2.5-VL-32B-Ins

! ! ) Fidelity Engagement Alignment
model, systematlcallly removing or altering COre COM-  ~port e ent 7076 $0.81 7938
ponents of the multi-agent pipeline. As shown in Ta-

.. .. w/o Stage 1 66.38 80.89 79.79
ble @, the re.sulits indicate that every speqahzed Stage o Stage2  68.75 79.59 76.29
contributes distinctly to final output quality. (1) First, w/oStage3  62.94 80.10 71.36

we bypassed Content Extraction and Structuring (Stage
1). Fidelity declined from 70.76 to 66.38, indicating that Table 12: Ablation study of PRAgent com-
the hierarchical summarization helps preserve factual ponents using Qwen2.5-VL-32B-Ins.
coherence. (2) Second, removing Multi-Agent Content

Synthesis (Stage 2) impaired overall performance, with scores dropping across all three metrics, par-
ticularly in Alignment (76.29). (3) Lastly, we removed Platform-Specific Adaptation & Orchestration
(Stage 3), which caused the most significant performance drop. This dramatically decreased the
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Method Avg Time (s) CPU Util. (Stage 1/2+3) Tokens (In/ Out)
PRAgent 103.7 165% / 0.07% 48,918 /16,695
Direct Prompt 66.2 0.05% / - 21,342 /1,523

Table 13: Computational cost per paper on PRBench-Core when using Qwen2.5-VL-32B-Ins as the
backbone model.

Alignment score from 79.38 to 71.36 and Fidelity to 62.94, producing a generic-style post instead. In
conclusion, these ablations provide strong evidence that each stage of PRAgent is indispensable.

Further, to analyze the effectiveness of PRAgent’s intelligent visual handling, we conducted a direct
comparison with a Naive Visual Baseline across all six models evaluated on PRBench-Core. In this
baseline, each post uniformly uses a screenshot of the corresponding paper’s first page as its image. In
contrast, PRAgent autonomously selects and prepares what it identifies as the most compelling visual
elements from the paper. As shown in Table[T0] PRAgent consistently outperforms the Naive Visual
Baseline in both Visual Attractiveness and Visual-Textual Integration metrics across all models. This
demonstrates that PRAgent’s intelligent visual handling significantly enhances the overall quality and
engagement of the generated promotional content.

M COMPUTATIONAL COST OF PRAGENT

We further profile the computational cost of PRAgent on PRBench-Core using Qwen2.5-VL-32B-
Ins as the backbone model. In this setting, the LLM is served on a single A800 GPU, while the
PRAgent orchestration code runs on an Apple M2 CPU. For PRAgent, the average wall-clock time
per paper is 103.7 seconds. Stage 1 (content extraction and figure/table detection with a CPU-based
DocLayout-YOLO model) takes 47.9 seconds and reaches an effective single-core CPU utilization
of 165%, whereas Stages 2 and 3 are almost entirely dominated by waiting for LLM API responses,
with only 0.07% CPU utilization. Offloading the YOLO model to GPU would substantially reduce
Stage-1 latency, and even under a CPU-only setup the end-to-end delay remains moderate.

For the Direct Prompt baseline, the average time per paper is 66.2 seconds, which is also dominated
by LLM API latency and uses only 0.05% CPU. In terms of token usage with Qwen2.5-VL-32B-Ins,
PRAgent consumes on average 48,918 input tokens and 16,695 output tokens per paper, while the
baseline uses 21,342 input and 1,523 output tokens. TablelElsummarizes these measurements. De-
spite the higher token budget, PRAgent remains a lightweight agentic system that can run comfortably
on a single personal machine when using either LLM APIs or a locally hosted model.

N LANGUAGE ABLATION ON PRBENCH-CORE

In the main experiments, all RedNote posts are generated in Chinese and X (Twitter) posts are
generated in English, matching the dominant language of each platform. To assess whether our
evaluation protocol depends on this language choice, we conduct an ablation study on PRBench-Core
using Qwen-2.5-VL-32B-Instruct as the backbone model.

In the language ablation setting, we swap the languages used for each platform, generating RedNote
posts in English and X posts in Chinese, while keeping all other settings unchanged. As shown
in Table [T4] the scores under the language-swapped setting are nearly identical to those with the
default languages for both the Direct Prompt baseline and PRAgent: all deviations across Fidelity,
Engagement, Alignment, and the overall average are within 0.2 absolute points. These results
indicate that PRBench’s LLM-based evaluation is largely insensitive to the surface language of the
promotional posts, provided that the underlying content is preserved.

O GENERALIZATION TO BIOMEDICAL PROMOTION

To evaluate whether PRBench and PRAgent generalize beyond computer-science-related research,
we conduct a pilot study on biomedical promotion. We collect 24 peer-reviewed biomedical papers
together with the Twitter posts originally used by their authors to publicize the work, and re-generate
promotional posts for the same papers using GPT-5 as the backbone model. For each paper, we
compare a direct GPT-5 prompting baseline against the full PRAgent pipeline under the PRBench
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Method Fidelity Engagement Alignment Overall Avg
Direct Prompt 58.71 75.23 70.67 70.56

+ language ablation ~ 58.77 75.25 70.64 70.57
PRAgent 72.67 80.31 79.25 78.69

+ language ablation ~ 72.63 80.46 79.19 78.74

Table 14: Language ablation on PRBench-Core using Qwen-2.5-VL-32B-Instruct as the backbone.
The “+ language ablation” rows correspond to swapping the dominant language of each platform
(RedNote: English, X: Chinese) while keeping all other settings fixed.

Model | Fidelity | Engagement | Alignment | Ave.
A&T  Factual Logical  Visual Prof. Broad | Context Vis-Txt Plat.
‘ Acc.  Score Hook Attr. Attr. CTA Pref. Pref. ‘ Rel. Integ. Hashtag Pref. ‘
GPT-5 47.66 4229 | 7292  54.07 - 1845 6875  75.00 72.92 - 55.10  100.00 | 60.72
+PRAgent | 64.58 89.80 | 82.07 80.80 7826 21.38 100.00 100.00 | 86.96 71.73 6322 100.00 | 78.23

Table 15: Biomedical-domain results on PRBench-style metrics using GPT-5 as the backbone. We
evaluate promotional tweets for 24 biomedical papers using the same metric suite as the main
experiments.

evaluation protocol with Qwen-2.5-VL-72B-Ins as the LLM judge. As summarized in Table [T3}
PRAgent again achieves a decisive advantage: the overall average score improves from 60.72 to 78.23,
with large gains in Fidelity and Alignment even though the baseline already uses real author-written
tweets as a strong reference.

Unlike computer-science-related fields, biomedical research does not yet have a dense social-media
promotion ecosystem, which makes direct engagement metrics unstable. We therefore complement
the automatic evaluation with human judgements on the same 24 paper-post pairs. Human annotators
are asked to compare the original human-authored tweet with the PRAgent-generated tweet for each
paper and decide which one they would prefer to post on their own account, or mark a tie when the
quality is comparable. As shown in Table[I6] PRAgent is preferred in 79.2% of cases, ties the human
tweet in 16.7%, and is judged worse in only 4.2%, indicating strong generalization of PRAgent.

P REAL-WORLD STUDY SETTING DETAILS

To validate the practical efficacy of PRAgent, we conducted a 10-day in-the-wild study. The following
provides a detailed account of the experimental settings designed to ensure the validity of the results
and control for confounding variables.

P.1 SETUP

Two new, anonymous accounts were created on the social media platform RedNote. To minimize any
bias stemming from profile appearance while maintaining a professional look, both accounts were
configured with similar styles: For username and profile picture, the accounts were given similar,
tech-focused usernames typical of the platform and used stylistically similar avatars to project a
consistent identity. For biography, the biography for both accounts was set to “Daily NLP/CV Paper
Sharing”. This setup ensured that user engagement would be a response to the post content itself,
rather than to any perceived identity or branding of the account.

P.2 PAPER SELECTION CRITERIA.

The study involved 10 recent research papers. These were randomly selected from arXiv preprints
submitted in the fields of Natural Language Processing (NLP) and Computer Vision (CV) during
August 2025. A key criterion was that these papers had not yet gained significant traction or been
promoted by major academic influencers, thereby minimizing the impact of pre-existing public
awareness on our engagement metrics.

P.3 POSTING PROTOCOL.

A strict posting protocol was enforced to ensure a controlled comparison:
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Preference Outcome Percentage (%)
PRAgent-Generated Wins 79.2
Tie 16.7
Human-Authored Wins 4.2

Table 16: Human preference study on biomedical-domain promotional tweets. Annotators compare
PRAgent-generated tweets (with GPT-5 as backbone) against original human-authored tweets for the
same 24 papers.

» Timing: Each day, promotional content for the same paper was published by both the PRAgent
account (experimental group) and the Direct Prompt account (control group) at the exact same
time: 12:00 PM (noon) Beijing Time. This time was chosen to ensure consistency across the
experimental period.

* Frequency: One paper was promoted per day for 10 consecutive days.

P.4 CONTENT CONTROL

The core variable was the method of content generation. To create a standardized condition for visual
elements, the baseline posts uniformly used a screenshot of the corresponding paper’s first page as
their image. In contrast, PRAgent autonomously selected and prepared what it identified as the most
compelling visual elements from the paper. This allowed us to test PRAgent’s entire content creation
capability, including both text and visual selection.

P.5 INTERACTION POLICY.

Throughout the 10-day experimental period, both accounts operated under a strict zero-interaction
policy. They did not follow any other users, like or save any external posts, or reply to any comments
received on their own posts. This ensured that all recorded engagement metrics (views, likes, saves,
etc.) were purely organic and directly attributable to the appeal of the generated content.

Q SHOWCASE OF GENERATED EXAMPLES

To illustrate the qualitative differences between PRAgent and Direct Prompt, we present several
representative examples in Figures [28]to[34] These examples highlight how PRAgent’s structured
multi-agent approach leads to more engaging, accurate, and platform-tailored promotional content
compared to the baseline method.

Post-training Quantization for Diffusion LLMs Daily sharing of NLP/CV papers

Quantization Meets dLLMs: A Systematic Study of ‘/ .i Direct Prompt eoe

# First Systematic Study: dLLMs Can Be Efficiently Quantized Too!

Diffusion LLMs are on the rise, but their gigantic size  makes on-device deployment a nightmare. This work is the first in-depth look at
Post-Training Quantization (PTQ) for dLLMs. Key take-aways:

Key Findings
(W dLLMs harbor wi activation outli public enemy #1 for low-bit quantization.
(& weight-only: 4-bit is the sweet spot; GPTQ beats AWQ overall.
& Weight + activation: 8-bit ~ lossless, 4-bit is tough; rotation-based DuQuant tops the chart.
& Instruction-tuned variants are more quantization-robust than base models.
(& Math reasoning & code ion are the most ization-sensitive tasks.

4 Benchmarks span multiple tasks & models (LLaDA / Dream), packing the guide with actionable advice for squeezing dLLMs into
resource-starved environments.

Bottom line: want to run a dLLM on the edge? Pick the right quantization recipe and bit-width first!

B

#AI #LargeLanguageModels #DiffusionModels #ModelCompression #QuantizedInference #EdgeAl

Figure 27: A RedNote post (translated from Chinese to English) generated by Direct Prompt using
GPT-5 as the backbone, based on the original paper from |Lin et al.| (2025]).
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Diffusion Model Quantization: 8-bit = pain-free, 4-bit = full of traps!
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Z: Authors: Haokun Lin, Haobo Xu, Yichen Wu, Ziyu Guo, Renrui Zhang, Zhichao Lu, Ying Wei, Qingfu Zhang, Zhenan Sun, et al.
Absact ¥ Ppaper: “Quantization Meets dLLMs: A ic Study of Post-training Quantization for Diffusion LLMs”
£ arXiv: 2508.14896v1
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e s g A L ‘A Core Problem

Diffusion-style Large Language Models (dLLMs) boast stronger global and lower ive error than ive ones, but
at a sky-high compute cost. While mature Post-Training Quantization (PTQ) recipes exist for autoregressive LLMs, the low-bit behavior of
dLLMs—especially how freakish activation distributions trash quantization—has never been ically studied.

. Key Findings

We dive into dLLM activation maps for the first time and spot two quantization killers:
¢ Normal outliers: high-magnitude activations that persist across many tokens;

# Massive outliers: single-token spikes that dwarf every other value.

X Methods

Using LLaDA-8B and Dream-7B, we benchmark:

¢ Weight-only: GPTQ, AWQ (group-wise channel);

® Weight + activation: SmoothQuant, QuaRot, DuQuant and other rotation-based tricks.

ul Take-aways
© Weight-only: W4A16 drops <4 % accuracy, but W3A16 collapses on math & code.
# Full quantization: W8AS is almost lossless; W4A4 with SmoothQuant tanks 20-90 %.

ot o
St .
L o | ‘ &  Analo;
S dLLM activations are like a band: most of the time it's smooth jazz, occasional drum hits (normal outliers), but massive outliers are the amp
| e | 8 suddenly ing—right in the FFN 1 king low-bit quantization go deaf.
S
el I v # Wrap-up
v || We draw the first roadmap for squeezing dLLMs:
S

@ reveal the outlier geography;

# give a bit-budgeted method picker;

4 flag the task danger-zones.

Soon your phone/tablet could be running a diffusion LLM—who's betting we'll see one this time next year?

ET Ty

2 #AlI #BlackTech #DataScience #Lar #Di i #ModelCi ion #EdgeAl #ModelAcceleration

Figure 28: A RedNote post (translated from Chinese to English) generated by PRAgent using GPT-5
as the backbone, based on the original paper from @

Direct Prompt
Daily sharing of NLP/CV papers
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Shusi Wang!  Ziteng Gao®  Cheohui Zhu! Welln Huang!  Limin Wang!

Ny Uiy e Bod | 35l vty of Sgppe . AI Art Game-Changer! PixNerd Has Landed 4

still fighting VAE artifacts and clunky two-stage pipelines? A team from Nanjing University & ByteDance just dropped PixNerd—an end-
[rTm—. to-end, VAE-free, lightning-fast pixel-level diffusion Transformer!

ous)

Why you'll care:

® % One-shot pixel paradise: huge patches modeled by implicit neural fields—no cascade headaches.
# % Ridiculous quality: ImageNet 256x256 FID 2.15, 512x512 FID 2.84.

¢ Text-to-image beast: GenEval 0.73, DPG 80.9 overall.

* Up to 8x faster than other pixel-diffusion cousins.

¢ . Any resolution you want, zero retraining.

Eﬁ‘lﬁm{

Figure 1: Lett: Ce ou

s artists, app-builders—PixNerd could be the next-gen shortcut to pro-level, GPU-friendly generation.

Grab the code: github.com/MCG-NJU/PixNerd

Figure 29: A RedNote post generated by Direct Prompt using GPT-5 as the backbone, based on the

original paper from Wang et al.|(2025).
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: Vivel “eural Field Diffusion

PRAgent
Daily sharing of NLP/CV papers

°

‘Shusi Wang!  Ziteng Gao®  Chenhui Zha'  Weilin Huang?  Limin Wang!

Pixel diffusion can be so fast and strong %

“ByteDance Seed “National

4 Authors: Shuai Wang, Ziteng Gao, Chenhui Zhu, Weilin Huang, Limin Wang (Nanjing University, ByteDance Seed,
National University of Singapore)

¥ Paper: PixNerd: Pixel Neural Field Diffusion

) i Source: https://github.com/MCG-NJU/PixNerd

s e
ou

) Why it matters
Diffusion models usually pick one of two roads:
4 Latent diffusion: compress with VAE —» diffuse — decode. Fast, but may distort.
@ Pixel diffusion: work directly on raw pixels. Rich detail, but GPU-hungry.
Until now you had to choose “detail” OR “speed”.
[ PixNerd delivers near-latent speed while staying in pixel space—and even ups the detail quality.

<« Core idea: Big Patches + Neural Fields
PixNerd drops the old multi-stage cascade & VAE. Instead:
4 Single-stage, large-patch diffusion Transformer.
# Patch-level Implicit Neural Field (INR) decoder:
® Transformer predicts MLP weights for each image patch.
= Every pixel feeds its local coord (DCT-encoded) + noise into the MLP, outputting the denoising velocity directly.
® Big patches — far fewer tokens — compute cost on par with latent methods.

=l Results

® ImageNet 256x256: FID 2.15, sFID 4.55 — new pixel-record, matching latent models.

® GenEval benchmark: 0.73 Overall — SOTA among pixel methods, strong generation & understanding.
® DPG detail preservation: 80.9 avg — beats every pixel method, nipping at the best latent score.

+ A Tech highlights

4 SwiGLU activations, 2-D RoPE pos enc, RMSNorm, log-normal timestep sampling.
4 DINOV2 feature-alignment loss for better structure consistency.

¢ Atinference: Adam4 sampler + tweaked CFG guidance for faster convergence.

1 ImageNet 512 512
Model | Pamms | FID, DL IST_ Pui Rect
‘Latens Difusion Models
DITXLR 1]

GSesM [ 308 52 2082 084 05t
GNSM | 262 418 1220 0s 057
GNosM [ 208 419 mis 0m o5k
WML | 244 45 228 s 054
1SB+s6M | 181 -+ Take-away

GMesM| 1% 42 W51 oM 06 # Pixel diffusion # slow, clumsy, pricey.

4 PixNerd matches latent visual quality, runs almost as fast, and keeps pixel-perfect consistency, zero VAE artifacts, effortless

s (12 e mn os on
T B T any-res generation.
oo s Coom o L > Whatdoyou think? Will pixel diffusion overthrow latent diffusion as the mainstream? Drop your thoughts below!

#GenerativeAl #Diff ion #PixNerd #AlIResearch

J00M | 284 595 2562 080 050

Figure 30: A RedNote post (translated from Chinese to English) generated by PRAgent using GPT-5
as the backbone, based on the original paper fromWang et al| (2025).
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7/ Accuracy? Near-lossless.
On AIME24, Qwen3-148 matches dense accuracy with just a 2k
token budget at block size 64.

PR Agent
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4/ Training is tiny

. ) Freeze the base model; distill only AttnGate to match “oracle™
% 9x faster long-form reasoning in LLMs — without e s e (e loEOmoe
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Reasoning-heavy LLMs often think in long chains — tens of
thousands of tokens.

But in auto-regressive decoding, every new token attends to all
previous ones, compute & memory cost grows quadratically.
Simple sparse heuristics? They crumble at realistic block sizes.
278/280 characters
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2/ The Insight

Even in long reasoning, most tokens don't matter. Attention
maps are inherently sparse — but you must predict the
important ones in a streaming, token-by-tok
setting.

Train-free methods guess poorly. What if we learned to pick
them... cheaply?
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3/ The Solution — SeerAttention-R
A decoding-tailored extension of
AttnGate.
# No query pooling — preserves token detail
+ Grouped Query Attention sparsity sharing — stable at large
blocks
+ Key compression cache (<1% KV cost)
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5/ Two runtime modes:
[}l Token budget - fixed top-k active blocks
A Threshold — dynamic activation per head
Threshold wins in extreme sparsity (adapts over time).
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8/ Surprising robustness
Hybrid *dense first layers® boosts Quest a lot.. but barely
moves SeerAttention-R.

Its learned gate already nails the early-layer importance
prediction.

Quest Seerttension®
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10/ MSR, HKU, HUST, PKU, Tsinghua team show: with a smart
AttnGate + hardware-tuned kemel, you can tur the quadratic
decoding bottleneck into an efficiency multiplier.

Code: ¢ https://github.com/microsoft/SeerAttention

What other LLM bottlenecks could we “gate” our way out of?

#SparseAttention #LLM #Reasoning #InferenceOptimization
#Al
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Figure 31: A Twitter post generated by PRAgent using GPT-5 as the backbone, based on the original

paper from Gao et al | 2023).
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% New from Microsoft Research: SeerAttention-R — a

Direct Prompt
@promotion_prompt

plug-and-play sparse attention method for long
reasoning in LLMs.

~Lossless accuracy with 4K tokens on AIME
Works with existing models, no weight changes

Trained on just 0.4B tokens

Up to 9x faster than FlashAttention-3 on H100 at

90% sparsity

@7 https://github.com/microsoft/SeerAttention

Figure 32: A Twitter post generated by Direct
Prompt using GPT-5 as the backbone, based
on the original paper from

o,

arXiv:2506.08889

PR Agent
@promotion_agent

=

+159% accuracy boost — without a single new label.
Tsinghua & Shanghai Al Lab just showed how LLMs can
teach themselves at inference time using only their own
guesses.

It’s called TTRL: Test-Time Reinforcement Learning —

and it’s a game-changer. l

g

2
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[ The Problem

LLMs (even RLHF-trained) stop improving after deployment.
Faced with new, unlabeled domains — math comps, niche
science, real-world edge cases — they can’t adapt.

The blocker? No ground truth = no reward signal - no RL.

Q u Q
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B3 The Insight

What if the model itself could become the teacher?
Test-Time Scaling tricks like majority voting already help
inference...

Why not turn them into a reward engine?
© Q

PR Agent @promotion_agent - Jun 1

[EJ Enter TTRL (Yuxin Zuo, Kaiyan Zhang, Shang Qu, et al.)
A “generate-vote-reinforce” loop:

© Sample N diverse answers (high-temp sampling).

@ Vote on the best via majority.

© That consensus = pseudo-label.

@ Reward is +1 if candidate = pseudo-label, else 0.

© Update model policy instantly via RL (GRPO/PPO).

v
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% New on arXiv: Test-Time Reinforcement Learning

(TTRL) lets LLMs self-improve on unlabeled test data
using majority-vote rewards—no ground truth needed!

ER

On Qwen2.5-Math-7B:
A~ +159% on AIME 2024

Avg +84% across math benchmarks

Paper: https://arxiv.org/abs/2504.16084
Code: https://github.com/PRIME-RL/TTRL
#Al #LLM #ReinforcementLearning #MachineLearning

PR Agent @promotion_agent - Jun 1

[E3 Why This Works

= Majority vote extracts signal from the model's own priors.
= RL can tolerate slightly noisy rewards.

= Even wrong pseudo-labels give useful negative rewards.

= Larger models —> better pseudo-label accuracy — steeper
gains.

o

=t v &
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B The Numbers

On Qen2.5-Math-7B, using only unlabeled test data:

= AIME 2024: 13.3 - 43.3 (+159%)

= AMC: +74.9%

u MATH-500: +66.4%

.and these hold across architectures.

v}
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I3 visual Proof

Compared with standard RL (with leakage risk), TTRL crushes
baselines across tough math benchmarks.

PR Agent @promotion_agent - Jun 1

Bonus Perks

u Beats the model’s own Maj@N upper bound — self-training
beyond static inference gains.

u Approaches supervised RL on the test set —without leaking
Iabels.

= Works out-of-distribution, not just on what it “trained” with.

Figure 33: A Twitter post generated by Direct
Prompt using GPT-5 as the backbone, based on

the original paper from Zuo et al|
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[ Efficient & Concise

TTRL doesn't just solve better — it solves shorter:
= Accuracy up +175% on easy math (L1 MATH-500)
= Output length down 73%

Better answers, less rambling.
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[ Limits & Lessons

= Needs some prior domain competence — fails if starting too
low.

= Sensitive to hyperparams (temp, batch size).

= Gains shrink on the hardest math problems.
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Steps
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[18) Why You Should Care
TTRL shifts RL from pre-deployment to continuous,
opportunistic optimization at deploy-time.
Imagine autonomous research agents, science copilots, or code
assistants that get better as you use them — without ever
seeing your private labels.

What other domains could benefit from self-improving LLMs
at test time — science? law? creative writing?
#Al #MachineLearning #LLM #ReinforcementLearning
#SelflmprovingAl

Q n V)

&

Figure 34: A Twitter post generated by PRAgent using GPT-5 as the backbone, based on the original

paper from (2025).
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Model Series Version/Sizes (B)
GPT-5 Series (OpenAlL|2025) nano, mini, chat
GPT-4 Series (Hurst et al., [2024) 4.1, 40

GPT-OSS Series (Agarwal et al.,[2025) 20, 120

Gemini 2.5 Series (Comanici et al., [2025) Flash, Pro
Qwen3 Series (Yang et al.,|2025) 8, 14, 30, 32, 235
Qwen2.5-VL Series (Bai et al.,[2025) 7,32,72
DeepSeek-R1-Distill Series (Guo et al.;[2025a) 7, 14, 32
InternVL3 Series (Zhu et al.| [2025) 8, 14, 38

Table 17: All evaluated model list with their versions and sizes.
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