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Abstract

SciTeller is a modular framework for persona-adaptive scientific storytelling, transforming complete research
papers into coherent narratives tailored to different audiences. By separating content planning (Splitter) from
narrative realization (Storyteller), the system enables fine-grained personalization, making it particularly suitable
for educational settings where explanations must adapt to different levels of expertise and learning goals. A curated
dataset of 62 scientific papers paired with 190 human-written stories, enriched with persona annotations and
section-level alignments, provides supervision for both outline planning and segment-level narrative generation,
also reducing computational costs compared to document-level approaches. Quantitative evaluation shows that
this two-stage design significantly outperforms strong single-stage baselines, yielding higher semantic alignment
and improved discourse stability. This work demonstrates that separating content planning from narrative
realization is a decisive design choice for faithful, controllable, and audience-adapted storytelling.
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1. Introduction

Recent advances in Large Language Models (LLMs) have sparked growing interest in using automatic
generation to support scientific communication and dissemination. However, most existing approaches
focus on extractive or abstractive summarization, producing generic outputs that are weakly adapted
to the needs of different audiences. Communicating scientific results effectively requires more than
compression: it requires selecting, reorganizing, and presenting content according to the background,
goals, and expectations of a reader. This limitation is particularly critical in contexts such as education
and public communication, where effective knowledge transfer depends on the ability to present
complex information in ways that are accessible, engaging, and tailored to the background of the reader.

Transforming complete scientific articles into coherent narratives tailored to the target audience
involves addressing a series of interconnected scientific and technical challenges. Scientific documents
are often lengthy, written in a very dense style using complicated words, and contain heterogeneous
structures such as sections, subsections, figures, tables, and mathematical expressions. Models must
therefore handle large contexts while preserving the logical flow of the original text. If a given model
does not accept more than a certain number of tokens, some possible solutions would be either to
truncate the text, losing essential meaning, or to identify which parts of an article are relevant to the
narrative, which requires selection.

A second major challenge concerns adaptation to personas. Different audiences expect different levels
of technical depth, tone, and detail, which requires control not only over the information presented, but
also over how it is phrased. This makes generation a conditional and non-trivial process in which style,
complexity, and narrative choices must be aligned with a predefined persona profile. Personalization is
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a key enabler for more inclusive and equitable access to scientific content: students, educators, policy
makers, and non-expert audiences require explanations that vary in depth, terminology, and focus,
reflecting different levels of expertise and learning goals. Rather than viewing personas solely as stylistic
controls, they can be interpreted as proxies for learning profiles, enabling adaptive explanations that
support differentiated instruction and improve comprehension across diverse audiences.

Ensuring faithfulness is equally crucial. LLMs are prone to hallucinations, introducing entities, state-
ments, or numerical values that are not present in the source. In the context of scientific communication,
such deviations can limit the educational or operational value of the system and, above all, undermine
its reliability. In addition, users and reviewers need forms of controllability and interpretability that
make the system’s behaviour traceable, allowing them to inspect intermediate steps or to verify that
the generated content is based on the input.

These challenges give rise to two research questions:

RQ1: How can long scientific papers be transformed into organised textual representation that support
coherent and accessible storytelling?

RQ2: How effectively can generative models adapt scientific narratives to different audience profiles?

To answer these questions, we propose SciTeller, a LLM-based system for generating stories from
scientific papers tailored to specific personas. In particular, we present the following contributions:

« We introduce a curated dataset of scientific papers paired with human-written stories for different
audiences, enriched with persona annotations and section-level alignments, used to train the
model (Section 3). Although limited in size, this dataset represents a first attempt to provide the
community with a resource for persona-adaptive scientific storytelling.

« We propose a two-stage framework for persona-adaptive scientific storytelling that separates con-
tent and structure planning (stage 1) from narrative realization (stage 2), reducing computational
costs and supporting iterative refinement (Section 4).

« We provide an extensive evaluation that combines automatic metrics, ablation studies, and
qualitative analysis (Section 5).

« Finally, we develop and deploy a web-based application for practical use of the proposed system
(Section 6).

In this work, we use the term story to refer to a structured, medium-length narrative text that
reorganizes and adapts the content of a scientific paper for a specific audience. A story is characterized
by a coherent narrative flow and differs from a summary in that it prioritizes accessibility, engagement,
and persona adaptation over compression. Narrative structure refers to the high-level organization of
this flow into thematic segments, while discourse concerns how content is expressed, including tone,
terminology, and stylistic choices.

2. Related Work

Scientific storytelling. Automatic approaches to narrative writing are widely used in science com-
munication to improve engagement, comprehension, and recall, particularly for non-expert audiences
[1, 2, 3]. Most work on generating text from scientific papers has focused on extractive or abstractive
summarization [4], typically leveraging encoder-decoder architectures [5, 6]. Yet, even with longer-
context transformers [7], end-to-end long-form generation remains challenged by length and global
coherence [8], and related narrative-generation work therefore emphasizes explicit planning and staged
generation [9, 10]. Work in this direction has recently led to the emergence of systems that translate
scientific papers into narrative formats for dissemination. These include summarization approaches
that aim to distil salient information from documents, like extreme TL;DR generation, where the output



is a one-two sentence summary [11] and systems that produce longer science blog posts for general
audiences [12]. Other systems jointly generate slide content, structure, and layouts [13, 14], while
emerging multimodal systems extend this further by producing podcast scripts or videos from research
articles [15, 16]. However, these systems typically target broad audience categories without accounting
for the diverse goals and backgrounds within these groups.

Audience adaptation. Prior work on research dissemination emphasizes that communication should
be tailored to different audiences and their goals [4, 3]. The term persona indicates a structured
audience profile that captures differences in expertise, goals, and communication expectations. In
human-centered design and communication research, personas are commonly used to represent such
differences and guide content adaptation [17, 18]. Persona taxonomies span expertise levels from non-
expert to technical audiences, with each persona dictating appropriate narrative detail, terminology, and
content emphasis. Building on this, recent work explores controllable text generation to adapt content
based on reader profiles, including persona-based prompting [19], fine-tuning on audience-specific
corpora, or parameter-efficient methods for dynamic adaptation [20]. In NLP work on personalization
and adaptation, “personas”, are often intended as controlled properties (e.g., style formality, readability)
instead of modelling real communicative intent [21, 22]. Recent NLP studies investigate whether large
language models can adapt explanations to different audiences, highlighting both the potential and the
difficulty of achieving reliable audience adaptation even when explicitly prompted [23]. Studies show
that LLMs can adjust linguistic features such as cohesion, syntactic complexity, lexical sophistication,
based on reader skill and knowledge levels to improve comprehension [24, 25]. Beyond treating
personas as audience proxies, recent work frames personas as controls over both writing styles and
communicative strategy in LLM generation. Schreiber et al. (2026) propose a persona pattern language
that encodes personas as structured prompt components, providing a design framework intended
to improve persona consistency across tasks and contexts. Complementing this design perspective
empirical analyses of persona-assigned LLM writing and benchmark on persona augmented task find
that persona conditioning can produce measurable stylistic differences and performances, though
the strength and stability of these effects vary across prompts and models [27, 28]. Finally, Sillano
et al. (2026) propose the decomposition of persona-driven adaptation into transparent edit operations,
going beyond monolithic rewrites and putting some basis on future research for a controllable adaptation
of storytelling.

Faithfulness, hallucination, and evaluation. Faithfulness is a central concern in scientific text
generation, as large language models can introduce unsupported claims or distort evidence, with higher
risks in long-form generation [30, 31]. Traditional automatic metrics such as ROUGE, BERTScore, and
embeddings-based measures [32, 33, 34], quantify lexical overlap or local semantic similarity and are
known to weakly correlate with human judgements on discourse-level properties [35]. Conversely,
hallucination detection methods and LLM-based judges may over-penalize legitimate abstraction and
narrative reformulation, or exhibit sensitivity to prompting and scoring instabilities when creativity
is expected [36, 37, 38, 39]. These limitations motivate evaluation approaches that jointly assess (i)
grounding to the source document, (ii) discourse and narrative quality, and (iii) controllability with
respect to persona- or goal-conditional constraints.

3. Dataset

We construct a novel dataset by identifying scientifically relevant articles for which at least one human-
written story is available. The collection involved scanning selected sources of scientific communication,
including research-oriented platforms, blogs, university press releases, magazines, and industry-specific
news. Examples include Wired, IEEE Spectrum, MIT News, EurekAlert, TechCrunch, and numerous
Medium-based publications, each of which caters to a different audience and thus supporting persona
diversity.



Crawling and Pre-processing. Automated and semi-automated procedures collected candidate sto-
ries for each potential scientific article, following hyperlinks, verifying their availability, and extracting
the associated textual content. A story—paper pair was retained only if it met the following conditions:

1. The story explicitly references the article and the paper is its central topic rather than merely
mentioned, verified semi-automatically via an LLM-based check;

2. The story is written in English, enforced automatically using langdetect!;
3. The story length is between 100 and 3,600 words, measured via whitespace tokenization;

4. The story is not a near-duplicate of another already collected, detected via cosine similarity on
all-MiniLM-L6-v2 embeddings” with a threshold of 0.9;

5. The article passes Al detection checks ensuring the prevalence of human authorship, relying on
ZeroGPT scores below 50%;

6. The paper falls within one of the three target domains (Al in entertainment and media, Al for
accessibility and inclusive design, Al for health and medicine), verified semi-automatically via an
LLM-based check.

A candidate set of 249 stories was obtained by crawling web pages that explicitly referenced the
selected scientific articles, using a lightweight HTTP client. The HTML content was then processed with
BeautifulSoup® to extract the main body of the article’. A sample of 20 stories was human-checked
to validate the filtering pipeline.

The application of these criteria led to a curated collection of 190 stories paired with 62 research
papers, exhibiting considerable variability in terms of length, structure, and technical density. A paper
was retained if and only if at least one of its associated stories passed all the filtering criteria described
above, ensuring that every paper in the corpus has at least one high-quality human-written narrative
counterpart.

Each article in PDF was processed with Lettria’s Document Parsing®, to generate a Markdown
structure preserving the reading order while abstracting away low-level layout details (multicolumn
formatting, page breaks, headers, etc.).

Both articles and stories are processed through a unified cleaning and normalization pipeline that
removes non-textual content, corrects formatting artifacts, and normalizes punctuation.

Segmentation and mapping. Leveraging the HTML and Markdown structure and headings, each
document is transformed from a linear representation into a hierarchical representation made of:

« a list of sections, each with a title and level,
« ordered paragraphs belonging to each section,
« optional metadata linking each paragraph to the source PDF.

When possible, section titles appearing in different variants (e.g. Overview, Previous work, Materials
and methods) are normalised into a shared schema through keyword-based matching. Section titles that
could not be directly mapped (typically paper-specific headings named after the proposed framework or
system (e.g. SciTeller Pipeline) were manually assigned to the most semantically appropriate canonical
type, most commonly Method. This yields a super-structure of twelve section types® used throughout
the analysis and in the alignment experiments.

'https://github.com/fedelopez77/langdetect

*https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

*https://beautiful-soup-4.readthedocs.io/

*When available, semantic tags such as <article> or <main> were used as anchors; otherwise, the central column was
approximated by selecting the longest contiguous sequence of paragraph and heading tags.

*https://www.lettria.com/features/document-parsing

¢ Abstract, Introduction, Background, Method, Experiments / Results, Discussion, Related Work, Limitations, Conclusion /
Future Work, Acknowledgments, References, Appendix.
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Human-written stories rarely mirror the structure of the original article: they mix, reorder, or
selectively emphasize concepts. Nevertheless, these stories are based on identifiable parts of the article:
an introductory paragraph may be related to the abstract, a methodological description to the model
section, etc. For this reason, we compute a many-to-many mapping connecting each story paragraph to
one or more semantically related paragraphs in the article. This is achieved by comparing the discourse
units of the two documents. Story paragraphs typically refer to concepts that appear in specific areas
of the article, such as the problem statement, methodology, experiments, or results. By identifying
these underlying conceptual anchors through semantic similarity comparisons between story and paper
paragraph embeddings, the system constructs a set of many-to-many mappings.

Analysis of Story—Paper Alignment Patterns. To better understand how human-written stories
reorganise the content of scientific papers, we conduct an analysis of the distribution of aligned paper
sections across the narrative progression of stories. Figure 1 reports a heatmap in which the y-axis
enumerates scientific sections (Introduction, Method, etc.), while the x-axis represents the story position
from the beginning to the end, divided into ten bins.
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Figure 1: Heatmap of paper sections distribution across the progression of human-written stories.

The heatmap reveals systematic patterns:

+ Abstract and Introduction dominate the early story phases (0.0-0.3).

« Background information is rarely included, likely because the articles are often aimed at an expert
audience.

+ Method and Experiments/Results appear in the mid-story region (0.3-0.6).

+ Conclusion/Future Work is concentrated at the story end (0.6-1.0). A secondary peak near
the beginning suggests that conclusions sometimes overlap conceptually with introductory
summaries.

+ Appendix, References, Acknowledgments, and Related Work are almost absent, probably because
they are judged as not relevant to public communication.

In short, human-written stories follow a consistent narrative flow: Introduction — Method/Results —
Conclusion, preserving the macro-structure of the scientific paper.



Analysis of personas. The definition of personas follows established practices in human-centered
design and science communication, where audience categories are used to capture differences in
expertise, goals, and expectations. The adopted personas represent typical target audiences for scientific
content, ranging from non-expert readers to technical and professional stakeholders, as in public reports
and guidelines [3, 17, 18]. Specifically, our taxonomy includes General Public, Student (at university level),
Journalist, Policy Maker, Professor (at university level), and Researchers & Engineers, covering increasing
levels of domain expertise and analytical depth. In addition, an Investor persona is included to represent
audiences primarily interested in commercial potential (e.g., funding), scalability, and application-
driven narratives, which are frequently observed in technology-oriented science communication outlets.
Personas are intended to modulate narrative granularity, terminology and emphasis rather than factual
content.

Assignment of personas. A qualitative, rule-based annotation process is applied to assign one or
more personas to each story. The mapping criteria are based on three complementary dimensions:

« Stylistic Register: Informal language, explanatory metaphors, or motivational framing are
associated with personas with lower expertise, while precise terminology, detailed methodological
descriptions, or technical assumptions are linked with personas with higher expertise.

« Editorial Context: The publisher often indicated the intended audience. Articles from outlets like
Wired, MIT News, and IEEE Spectrum tended to align with the categories of Journalist, Professional,
or Policy Maker, while highly technical blog posts or research lab reports were indicative of
Researcher or Professor.

« Thematic Emphasis: Articles focusing on societal implications, risks, governance, or high-level
impact were associated with Policy Maker. Articles focusing on system design or implementa-
tion challenges most closely matched Engineer. Narratives emphasizing commercial potential,
scalability, or applications aligned with Investor.

To support this annotation, each story was processed through two complementary signals: an LLM-
based inference of the target persona from the story’s full text, and a domain-level prior derived from
the hosting platform (e.g., The Verge — General Public). The final persona assignment was determined
by reconciling these signals with the rule-based criteria described above. To validate the process, a
sample of 20 stories was manually inspected to verify the consistency of the assigned personas with the
observed stylistic and editorial features.

Persona distribution. Table 1 reports the distribution of personas across the 190 human-written
stories. Note that each story may be associated with more than one persona, reflecting cases where the
content is suitable for multiple audiences. The most represented personas are Student and Researchers
& Engineers, reflecting the prevalence of technically-oriented sources in the corpus. Conversely, Policy
Maker and Investor are the least represented, motivating the data augmentation strategy described
below.

Data Augmentation for a Larger Training Set. Although derived from the same corpus, the data
described in this section are used to construct two distinct supervision sets: outline-level examples for
training the Splitter, and segment-level examples for training the Storyteller.

Splitter training set. The distribution of stories across the various personas was highly un-
even, with some personas only sparsely represented. To overcome this limitation, the less repre-
sented persona-story combinations were filled in using a controlled generation procedure based on
Qwen2.5-14B-TInstruct’ (in the following, simply Qwen-14B) [40]. The model was primed with the
document’s clean text and a character specification and instructed to produce a structure (titles and

"https://huggingface.co/Qwen/Qwen2.5- 14B-Instruct
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Persona Stories

Student 178
Researchers & Engineers 310
General Public 125
Professor 75
Journalist 65
Investor 38
Policy Maker 25

Table 1
Distribution of personas across the 190 human-written stories. Each story may be associated with multiple
personas.

descriptions) following strict constraints. The final training dataset thus combines authentic stories
(manually annotated with an appropriate persona), and synthetically generated outlines to cover the
underepresented personas.

The synthetically generated outlines underwent automatic structural validation: outputs were ac-
cepted only if they contained exactly /N segments with titles not exceeding 10 words and descriptions
limited to 1-2 sentences. Outlines failing these constraints were discarded and regenerated.

Once completed, the dataset consisted of 496 outline examples, that is 8 outlines (one for each
persona) for each of the 62 papers. Data are randomly shuffled and split into 80% training, 10% validation,
and 10% test sets.

Storyteller training set. For each paper—story pair, the story was aligned with the logical structure
of the corresponding scientific article and with the five-segment outline produced by the Splitter. At
this stage, however, story segments are often noisy: some are too short or too long, others contain
boilerplate (e.g. links, disclaimers), or mix loosely related fragments that break narrative continuity.
So, each story segment underwent an LLM-assisted refinement procedure based on Qwen-14B. Before
rewriting, a lightweight evaluation step combined simple heuristics and an LLM-based check to decide
whether a section required intervention. Length constraints and the presence of obvious noise (e.g.,
boilerplate, disclaimers, or links) were handled through heuristic rules, while local coherence issues
such as redundancy or fragmented discourse were assessed using Qwen-14B. If a section was already
coherent, well-balanced in length, and free of artefacts, it was kept as is; otherwise, it was passed to the
model with a targeted instruction specifying the type of refinement needed. Three main edit operations
were used:

« Extension or shortening when a section was too short, too long, or redundant.

« Paraphrasing, when the grouped paragraphs were semantically related but lacked continuity
(e.g. concatenated fragments from different parts of the story).

+ Cleaning of noisy or off-topic content, such as links to websites.

In total, the corpus contained 4,090 story-segment instances. Of these, 2,462 story segments (ap-
proximately 60%) were deemed to require LLM refinement, while the remaining 40% were retained in
their original form. Each story is represented as a group of exactly five cleaned segments following
the outline generated by the Splitter. After the refinement procedure, the corpus consists of 4,090
individual story-segment, which naturally group into 818 story-level instances.

These 818 stories form the actual supervision units for the Storyteller, using the same 80/10/10
partitioning adopted for the Splitter.

The final corpus combines scientific papers, human-written narratives, and LLM-refined sections. It is
worth noting that this LLM-assisted refinement does not contradict the human-authorship filter applied
during data collection. The Al detection criterion targets the original stories collected from the web,
ensuring that the corpus is grounded in human-written narratives. The refinement step, by contrast,



Item Count

Personas 8
Scientific papers 62
Human-written stories (after filtering) 190
Outline examples for Splitter 496
Story segments (cleaned & refined) 4090

Table 2
Overview of the main components of the SciTeller dataset.

applies targeted and minimal interventions — cleaning, length adjustment, or local paraphrasing — to
already human-written segments, rather than rewriting them from scratch. The human narrative intent
is thus preserved as the primary supervision signal. Table 2 reports the global statistics of the dataset.
The 62 papers cover three scientific domains and come with at least one aligned narrative, resulting
in a corpus where each article has multiple and diverse interpretations for different audiences. The
dataset is public on Zenodo®.

4. Story Generation Pipeline

The system is designed as a modular pipeline made of two main stages, as represented in Figure 2.

The two-stage design of SciTeller is grounded in a classical distinction in narrative theory between
what is told and how it is told, referred to in narratology as the separation between fabula (the content
and logical ordering of events) and discourse (the manner of their expression). Applying this principle to
scientific storytelling, the first module is the Splitter, responsible for content planning (deciding what
information to include and in what order), while the second one is the Storyteller that handles narrative
realization (expressing that content in a style appropriate to the target persona). This separation of
concerns not only improves controllability and interpretability, but also mirrors how human science
communicators naturally decompose the task of writing for diverse audiences.

In particular, the Splitter, analyses the entire scientific article and produces a schematic structure
that highlights the fundamental ideas useful for the narrative, adapting to a specific persona. In facts, the
same article may require an introductory section that provides context and background for the general
public, while for a researcher it would be more useful to focus on technical aspects, methodological
details, or quantitative results. The Storyteller is responsible for generating the final narrative, based
on the persona and the outline generated by the Splitter. It generates text for each element of the outline
individually. The Splitter is responsible for determining the content and ordering of the narrative, while
the Storyteller focuses on expressing this content in a manner appropriate to a given persona. In other
words, the Splitter decides what to tell, and the Storyteller decides how to tell it.

This modular design mitigates limitations of long-context generation by replacing a single, very long
prompt with shorter, focused inputs limited to the document segments relevant to each generation step.
Generating story segments independently reduces the effective context length and allows the retrieval
phase to focus on a small, relevant subset of the article, improving fidelity and reducing distraction from
unrelated content. At the same time, it increases controllability and interpretability, as each segment
can be inspected, regenerated, or revised independently while preserving the overall narrative structure.
Consistency across segments is maintained by reusing the same persona specification, following the
predefined segment order, and including lightweight transition cues between successive segments. The
full pipeline implementation is published in open source’.

$https://zenodo.org/records/18986043
*https://github.com/AlexArgese/ai-scientist-storyteller
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Figure 2: Overview of the Al Scientist pipeline.

4.1. Splitter

The Splitter takes as input a scientific article, provided as pre-segmented text from PDF extraction,
and a target persona to produce an ordered outline of story segments. Each segment consists of a
persona-adapted title and a brief description (one to two sentences) summarizing the intended content.
The outline is persona-sensitive: the same article may yield different segment titles and emphases
depending on the target audience.

The Splitter follows strict constraints to ensure robust, controllable story segmentation. It generates
a small, fixed number of segments (typically five) to provide a clear, non-fragmented overview. Segment
titles must be short, distinct, and hierarchically ordered to reflect a logical flow (e.g., from context
and rationale to methods, results, and implications, when suitable). Instead of processing the full raw
document, it uses context retrieval and safe truncation to focus on the most informative parts within the
model’s context window. All titles and descriptions must stay closely grounded in the source document,
preventing fabricated content; this faithful outline is then used by the Storyteller as a reliable template
for final story generation.

The Splitter is implemented as a prompt-driven LLM component fine-tuned for outline generation.
Given the persona and the paper text, it builds a structured instruction prompt with a strict output
schema. The prompt (Appendix A) requires the model to return exactly N story segments as a JSON
list of objects {"title","description"}, where titles are short (max 10 words) and descriptions
are limited to 1-2 grounded sentences. Persona adaptation is encoded through a rubric that specifies
the desired style, mandatory section themes and forbidden topics, ensuring that the resulting outline
emphasizes aspects relevant to the target audience. Appendix B includes two real outline examples
generated by the Splitter.

4.2. Storyteller

Persona adaptation is a core design principle of the Storyteller. Each persona is defined through a fixed
specification composed of three attributes: expertise level, communication goal, and writing style (see
Table 3). These attributes are encoded in a persona specification included in the prompt and are used to
guide tone, level of detail, terminology, and narrative focus during generation. The Storyteller uses this
guidance to modulate the tone, depth, and use of examples or metaphors: for example, favoring intuitive
analogies and simplified explanations for the general public, while emphasizing methodological details,
metrics, and limitations for researchers and engineers.

The generation process operates at the level of individual story segment. For each segment, Storyteller
receives: (i) the persona specification, (ii) the title and description of the target segment from the
structure, and (iii) a portion of the paper context retrieved from the original document. A retrieval
module first segments the clean paper text into overlapping paragraphs, then selects the most relevant
fragments for the current segments through a similarity search, based on cosine similarity between



Persona Expertise =~ Communication goal Writing style to follow
General Public Low Understand what Al is and  Use simple, curiosity-driven language. Avoid jar-
why it matters. gon and equations. Give 1-2 relatable examples
or analogies and explain why this matters.
Investor Low- Spot Al trends for business or ~ Focus on market potential, differentiation, scala-
Medium funding decisions. bility, and risks. Explain technical ideas only when
tied to business value.
Student Medium Learn Al fundamentals and Use an educational tone with short definitions
expand technical knowledge. and intuitive examples. Highlight motivation, key
concepts, and takeaways.
Journalist Medium Report clearly and accurately  Explain for an informed non-technical audience.
on Al developments. Empbhasize significance, evidence, and societal im-
plications.
Policy Maker Medium-  Assess the social, ethical, and  Prioritize governance, transparency, accountabil-
High legal implications of Al. ity, risks, and societal impact. Avoid deep techni-
cal dives unless necessary.
Professor High Teach Al concepts and meth-  Organize content clearly, including learning objec-
ods effectively to others. tives, examples, misconceptions, and limitations
to foster critical thinking.
Researchers & En- High Produce, implement, and Be concise, technical, and implementation-aware.

gineers

evaluate advanced Al re-
search and systems.

Highlight novelty, methodology, datasets, metrics,
results, engineering trade-offs, and limitations.

Table 3
Persona taxonomy and guidance used by the Storyteller.

paragraph embeddings, computed using the al1-MiniLM-L6-v2!? sentence encoder. The retrieved

paragraphs are inserted into the segment-specific prompt as grounding context. Then, the retrieved
context is inserted into a segment-specific prompt (Appendix A), which instructs the model to produce
a short narrative passage corresponding to the target title and faithful to the context provided. The
result is a narrative text, which is then stored together with the segments title; once all segments have
been generated, a separate prompt is used to propose a concise, personalized title based on the same
document. Some examples can be found in Appendix C.

To reduce the risk of factual errors, prompts explicitly instruct the model to rely only on entities and
details present in the retrieved context. While this does not guarantee the elimination of hallucinations,
it acts as a lightweight mitigation strategy complemented by a post-processing step that removes
sentences introducing previously unseen capitalized entities, acting as a simple entity-consistency filter.

4.3. Models and Training Setup

Both the Splitter and the Storyteller are implemented as instruction-tuned LLM components based
on the Qwen2.5 model family [40], that have demonstrated superior performance compared to other
tested models (see Section 5.2). Specifically, the Splitter uses Qwen2.5-7B and was trained with full
fine-tuning (learning rate 2e-4, bf16 precision, max input length 4,096 tokens, up to 10 epochs with
early stopping based on ROUGE-L and SBERT cosine similarity). The Storyteller uses Qwen2.5-32B
and was fine-tuned with QLoRA (4-bit NF4 quantisation, r=16, =32, dropout=0.05, learning rate 1.5e-4
with cosine scheduler, max input length 8,192 tokens, up to 30 epochs with early stopping based on
StoryScore[39]). Training was performed on NVIDIA A100 and L40S GPUs.

Phttps://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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5. Evaluation

5.1. Evaluation Metrics

The evaluation relies on the metrics defined in [39], which are specifically designed for Al-generated
scientific stories. We briefly summarise each metric below.

BERTScore [33] measures semantic faithfulness by comparing contextual embeddings of the gener-
ated story with those of the source article via cosine similarity, capturing meaning preservation beyond
lexical overlap.

Context Recall quantifies the proportion of word-level tokens from the source paper that also
appear in the generated story, serving as a proxy for content coverage and lexical grounding.

Prompt Cleanliness measures the absence of instruction leakage and prompt-related artifacts in
the generated text (e.g., residual system directives, JSON fragments, markdown fences), which indicate
a failure of narrative abstraction.

Title Coverage evaluates the similarity between the generated section titles and the target outline
titles produced by the Splitter, measuring structural fidelity to the planned narrative structure.

No Redundancy penalizes degenerative loops and excessive reuse of textual fragments, measured
via the frequency of word-level trigrams in the generated story.

No Hallucination quantifies entity consistency between the generated story and the source paper,
by detecting PERSON and ORG entities via SpaCy that appear in the story but are absent from the
paper.

StoryScore is a composite metric that aggregates all the above into a single score in [0, 1], defined as:

StoryScore = 0.3-CR+0.2-BS+0.2-PC+0.1-TC+0.1-NR+0.1-NH (1)

where CR = Context Recall, BS = BERTScore, PC = Prompt Cleanliness, TC = Title Coverage, NR =
No Redundancy, NH = No Hallucination. The weights reflect the relative reliability and diagnostic
importance of each component, as motivated in [39].

5.2. Quantitative Results

A few baseline models were evaluated, chosen among representatives of LLM families, both in fine-
tuned (FT) and pre-trained (base) configuration, including Flan-T5-large [5], Mistral-7B [41], and
Qwen-32B [40], all used in a single-stage. The obtained BERTScore F1 [33] computed on the Storyteller
test-set is reported in Table 4'1.

Qwen-32B (the larger model) stands out as the only single-stage approach showing meaningful
progress in capturing the source document’s semantic space. However, the two-stage Splitter—Storyteller
configuration markedly outperforms all other approaches. Table 5 includes the score for this configura-
tion across a series of metrics defined in [39].

Model BERTScore F1
Flan-T5-large (base) 0.3100
Mistral-7B (FT) -0.1524
Qwen-32B (FT) 0.4086
Our solution (FT) 0.8150

Table 4
BERTScore F1 across models.

We performed an ablation study to evaluate the contribution of each component. Four configurations
were tested, corresponding to all combinations of fine-tuned (FT) and non-fine-tuned (BASE) Splitter
and Storyteller models, as in Table 6. Each configuration is computed on three representative scientific
papers drawn from the Storyteller test set.

"10Other models have been tested and omitted because they produced extremely short outputs (one or two sentences), making
semantic similarity metrics unreliable



Metric Mean Score

StoryScore 0.7873
Context Recall 0.4725
BERTScore 0.8150
Prompt Cleanliness 1.0000
Title Coverage 0.9982
No Redundancy 0.9025
No Hallucination 0.9248

Table 5
Quantitative results of the final Splitter—Storyteller pipeline on the test set.

A B C D
Metric FT+FT FT+BASE  BASE+FT  BASE+BASE
StoryScore 0.805 0.594 0.752 0.559
BERTScore 0.814 0.795 0.820 0.784
Context Recall 0.507 0.405 0.530 0.388
PromptCleanlineSS 1.000 0.174 0.667 0.000
Title Coverage 1.000 1.000 1.000 1.000
NoRedundancy 0.940 0.862 0.955  0.896

NoHallucination 0.962 0926 1.000 0.958

Table 6
Ablation results averaged across three scientific papers in the configurations A (both components FT), B (Splitter
FT, Storyteller BASE), C (Splitter BASE, Storyteller FT), D (both BASE)

The ablation study shows that fine-tuning the Storyteller is the primary determinant of narrative
quality. Configurations with a fine-tuned Storyteller consistently outperform those relying on a zero-
shot Storyteller, while fine-tuning the Splitter provides a secondary but stabilizing contribution. Among
individual metrics, PromptCleanliness is the most discriminative, clearly separating configurations with
stable narrative generation from those affected by instruction leakage. Structural and fluency metrics
further confirm that narrative coherence and redundancy control are primarily driven by the Storyteller,
while hallucinations remain rare but are consistently reduced by fine-tuning.

5.3. Qualitative Assessment

We conducted a qualitative analysis of the generated outputs across the four ablation configurations,
examining recurring patterns in structure, grounding, stylistic control, and failure modes through direct
inspection of the output. It was conducted through direct inspection of all outputs generated across the
four ablation configurations on three representative scientific papers from the test set, for a total of 12
generated stories (one per configuration per paper).

Splitter behaviour. The BASE Splitter (configurations C and D) tends to produce standardized,
paper-like outlines that closely mirror canonical scientific structures (e.g., background, method, results),
with limited narrative adaptation. In contrast, the fine-tuned Splitter (configs. A and B) generates
more expressive and reader-oriented section titles, emphasizing motivation, relevance, and impact (for
example, replacing a generic Results section with Why it matters).

Storyteller behaviour. The BASE Storyteller outputs (config. B and D) frequently exhibit prompt
leakage, unstable narrative mode, repetitive metaphors, and redundant phrasing, leading to texts that
are editorially unusable despite superficial fluency, as in the following example from Configuration B:

“[...] detailed images for diagnosis and treatment planning. Human: You are an Al Scientist



Configuration Strengths (qualitative) Failure modes Verdict

A (FT+FT) Fluid narration; good structure; strong Occasional redundancy or soft closures in ~ Selected
reader engagement; balanced popular- highly narrative passages
science style

B (FT+BASE) Sometimes accessible due to simple analo- Prompt leakage; repetitive childish Rejected
gies metaphors

C (BASE+FT) High information density; clear procedural  Less expressive narrative; weaker persona  Good Alternative
explanations; consistent technical style adaptation

D (BASE+BASE)  Text often superficially “flowing” Prompt leakage; drift and filler; editorial ~ Rejected

inconsistency

Table 7
Qualitative summary of the four configurations: patterns, critical issues, and overall assessment.

Storyteller writing for the following Persona: General Public. Rewrite the following text into a
smooth, well-structured narrative paragraph adapted to this Persona [...]”

Additionally, BASE outputs resort to repetitive and simplistic metaphors also for expert personas (e.g.,
“The framework is like a smart coloring assistant that helps you get it just right.”) and exhibit semantic
drift, reformulating the same ideas without introducing new content. Instead, fine-tuned Storyteller
outputs (config. A and C) are consistently clean and grounded, with controlled persona adaptation and
higher information density.

Configuration-level patterns. At the system level, Band D are qualitatively discarded due to prompt
leakage and poor discourse control, independently of the Splitter configuration. A and C, both relying on
a fine-tuned Storyteller, produce coherent and usable narratives, but exhibit different stylistic trade-offs.
A favors a more narrative-driven and impact-oriented style, while C adopts a more procedural and
technically explicit register. Both remain faithful to the source, but A better aligns with the goal of
persona-adapted scientific divulgation.

The qualitative observations discussed above are summarized in Table 7.

5.4. Limitations of Automatic Metrics

The qualitative analysis reveals a systematic mismatch with some automatic evaluation results. Con-
figurations B and D, which are qualitatively unacceptable due to prompt leakage, redundancy, and
unstable narrative control, still obtain relatively high BERTScore and StoryScore values. Conversely,
configurations A and C, which produce clearly superior and more readable narratives, do not stand out
strongly according to global automatic metrics and exhibit only moderate Context Recall values.

This discrepancy reflects structural limitations of existing metrics rather than a contradiction between
quantitative and qualitative evidence. For example, BERTScore primarily captures semantic similarity
at the embedding level and are tolerant to paraphrasing, repetition, and generic formulations. As a
result, long and semantically “safe” outputs may score well despite being editorially weak, while more
concise, controlled, and well-structured narratives are not proportionally rewarded. Context Recall
further highlights this tension: moderate scores are consistent with the system’s non-extractive design,
which favours abstraction and reformulation over lexical reuse.

Overall, these observations indicate that current automatic metrics are useful for coarse comparisons,
but insufficient to capture key aspects of narrative quality such as discourse stability, persona adaptation,
and editorial control. The qualitative analysis therefore provides essential complementary evidence,
revealing improvements that remain largely invisible to standard quantitative evaluation.



6. Web Application

To test the generation pipeline, we develop a web-based application that serves both as a demonstration
interface and as a tool for generating scientific stories'?. It allows users to upload a scientific paper
in PDF format, which is automatically parsed and cleaned. Users can then select a target persona
and trigger story generation. Generated outputs are presented as ordered story segments, making the
narrative structure explicit and allowing users to navigate the story at different levels of granularity.

A key feature of the interface is support for iterative refinement. Individual story segments can be
regenerated or edited independently without affecting the rest of the story, enabling targeted revisions,
qualitative inspection of specific narrative components, and maintaining the version history of the
generations for possible rollbacks.

The interface includes a control panel that supports iterative refinement at story-level, segment-
level and paragraph-level, letting the user to adjust the narrative style, and control the length of the
generated story. Additionally, it includes versioning features to track different iterations of the generated
narratives, an information section describing the generation settings and the metrics for that version,
and export functionalities to download the final story in multiple formats.

7. Conclusion and Future Work

This work introduced SciTeller, a modular LLM-based framework for persona-adaptive scientific sto-
rytelling that separates content planning from narrative realization. By decomposing the task into a
Splitter that addresses the content planning and a Storyteller module accounting for the narrative gener-
ation, the system achieves controllable, faithful, and audience-aware generation of long-form scientific
narratives from research papers. SciTeller takes a step toward narrowing the divide between expert-level
research and non-expert audiences, contributing to the democratisation of scientific knowledge.

Within the scope of our experimental setting, pipeline design emerges as a stronger driver of quality
than scaling the underlying model. Unlike prior scientific summarization or generic storytelling
pipelines, SciTeller makes the planning-realization split explicit and trainable, enabling independent
control and analysis of content selection versus narrative style. Notably, our study shows that adapting
the Storyteller component is the main contributor to narrative quality, while fine-tuning the Splitter offers
a complementary, stabilizing effect. From a sustainability perspective, the segment-based generation
process allows fine-grained editing and regeneration at the paragraph level, avoiding the need to
recompute entire narratives. This reduces computational costs and makes iterative refinement more
efficient, supporting more scalable and resource-conscious deployment of LLM-based systems.

The results reveal the limits of standard metrics for assessing creative narratives: semantic similarity
metrics tend to overestimate the quality of structurally weak or editorially unstable outputs, while
underestimating improvements in discourse control and readability, highlighting the necessity of pairing
quantitative metrics with qualitative assessment.

Several directions remain open for future work. Hallucination detection in narrative settings remains
a non-trivial challenge, as drawing a boundary between acceptable abstraction and factual distortion
requires evaluation frameworks that go beyond token-level or entity-level consistency checks. At the
same time, future work should also investigate the trade-off between strict grounding and narrative
creativity. More broadly, the assessment of readability, pedagogical effectiveness, and perceived quality
cannot be captured by automatic metrics alone. Future work will therefore focus on incorporating richer
and more fine-grained persona representations, and on establishing more robust evaluation method-
ologies that jointly address faithfulness, communicative effectiveness, and audience appropriateness
in persona-adaptive scientific storytelling (planned as an extension of this work). In particular, a user
study could involve participants from different target personas evaluating the generated narratives in
terms of clarity, engagement, perceived usefulness, and suitability for their background knowledge.

The demo application is available at https://sciteller.tools.eurecom.fr/
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Taken together, our results show that the path to better adaptive scientific storytelling does not
rely solely on model scale, because a structured two-stage design that explicitly separates what to
say from how to say it yields stronger gains than simply increasing model size, while also improving
controllability and interpretability.
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A. Prompts

Splitter prompt:

You are an AI paper splitter.
Split the paper into exactly {n_sections} logical sections tailored to the
specified Persona.

Persona: {persona},
Persona style (strength {style_strength}/5): {style}
Target sections: {n_sections}

All titles/descriptions MUST be grounded in the paper text (no fabrication).
Return ONLY a JSON list of objects, no markdown, no preface.

Schema: {required schema}
Constraints:
- Exactly {n_sections} items.
- Titles: <= 10 words, persona-appropriate.
- Descriptions: 1-2 sentences, grounded in the paper.
- English only.

Storyteller prompt:

You are an AI Scientist Storyteller.

Your primary objective is to write for the specific Persona described below.
Everything you write (tone, level of detail, examples) MUST be adapted to this
Persona.

Paper title: {paper_title}

Task: Write ONE coherent section of the story, strictly matching the given target
title.

Rules:

- The target section title is fixed; use it as guidance, but do NOT print it.

- Write ONLY the body of the section.

- Do NOT include the section title.

- Do NOT use JSON, markdown, bullet points, or numbered lists.

- Do NOT mention figures, tables, equations, sections, captions, or numbering from
the original paper.

- If the context contains references to Figure, Table, or section numbers (e.g.,
3.1), ignore them completely.

- Rewrite only the meaning, not the formatting or structural references.

- Output only 2-4 short paragraphs of plain English text.

- Paraphrase faithfully instead of copying long passages.

- Every explanation, example, and emphasis must be chosen to help THIS Persona
reach their Goal above.

- Use ONLY entities or terms that appear VERBATIM in the Paper context below.

- NEVER invent numbers, hardware brands, dataset names, affiliations, or citations.

- If the context does not contain enough details, OMIT them instead of commenting
on missing information.

- Avoid bullet lists; write smooth narrative prose.



B. Persona-adapted examples for the Splitter

Below there are two real outline examples generated from the well-known paper Attention Is All You
Need [42].

Example: Output for the General Public persona. The Splitter prioritises accessibility, conceptual
clarity, and introductory explanations. The resulting outline highlights motivations and simplified
descriptions of the model components.

- title: Introduction to Transformers
description: Introduces the Transformer model, explaining why traditional RNNs
are
limited.
- title: Why Attention Matters
description: Explains how attention mechanisms improve sequence transduction
models
compared to RNNs and CNNs.
- title: Model Architecture Overview
description: Describes the basic components of the Transformer model, focusing on
self-attention and feed-forward networks.
- title: Experimental Results
description: Details the performance of the Transformer model on translation
tasks,
showing improved BLEU scores.
- title: Positional Encoding Explanation
description: Describes how positional encodings help the Transformer model
understand
sequence order.

Example: Output for the Policy Maker persona. For an audience of policy makers, the Splitter
shifts the emphasis towards societal implications, governance aspects, and impact, while still preserving
the essential technical framing of the paper.

- title: Introduction to Transformers
description: Introduces the limitations of recurrent models and proposes the
Transformer
architecture.
- title: Model Architecture Overview
description: Describes the basic components of the Transformer model, including
self-attention and feed-forward networks.
- title: Ethical Implications and Governance
description: Discusses potential ethical concerns and governance issues related
to the widespread adoption of Transformer models.
- title: Experimental Results and Performance
description: Details the experimental setup and results of the Transformer model
on machine translation tasks.
- title: Future Directions and Applications
description: Outlines future research directions and potential applications of
the
Transformer model beyond translation.



C. Persona-adapted examples for the Storyteller

The following example is based on the paper Attention Is All You Need [42] and is included solely to
illustrate how the Storyteller adapts tone and depth when the same content is generated for different
personas. The same segment, Model Architecture Overview, is shown below for two audiences.

General Public.

Transformers revolutionized machine translation by simplifying the architecture and removing
the need for recurrent networks. Instead of processing words one at a time, the model uses
attention mechanisms to look at all parts of a sentence simultaneously, allowing for faster
and more accurate understanding. This parallel processing makes training and inference
significantly more efficient.

Policy Maker.

Transformer models eliminate both recurrent and convolutional layers, relying solely on self-
attention mechanisms to process sequences. The encoder maps the input into continuous vector
representations, which the decoder then uses to generate outputs through attention-based
interactions. This architecture underpins many state-of-the-art systems and raises governance
considerations regarding transparency and model interpretability.



	1 Introduction
	2 Related Work
	3 Dataset
	4 Story Generation Pipeline
	4.1 Splitter
	4.2 Storyteller
	4.3 Models and Training Setup

	5 Evaluation
	5.1 Evaluation Metrics
	5.2 Quantitative Results
	5.3 Qualitative Assessment
	5.4 Limitations of Automatic Metrics

	6 Web Application
	7 Conclusion and Future Work
	A Prompts
	B Persona-adapted examples for the Splitter
	C Persona-adapted examples for the Storyteller

