CEUR-WS.org/Vol-4085/paper77.pdf

C

CEUR

Workshop
Proceedings

An Al Pipeline for Scientific Literacy and Discovery: a
Demonstration of Perspicacité-Al Integration with
Knowledge Graphs

Lucas Pradi’, Tao Jiang™?, Matthieu Feraud"?, Madina Bekbergenova’?, Yousouf Taghzouti®’
and Louis-Felix Nothias’?

TUniv. Cote d’Azur, CNRS, ICN, France
?Interdisciplinary Institute for Artificial Intelligence (3iA) Céte d’Azur, France
3Univ. Céte d’Azur, Inria, I3S, France

Abstract

Keeping up with the rapid pace of publishing is becoming an increasingly challenging task. Moreover, the
interdisciplinary nature of research poses significant challenges for both students and academics. In this demo, we
present the Perspicacité-Al Expanded Pipeline: an agentic workflow powered by LLMs that leverages bibliographic
knowledge graphs, as well as local and web-based scientific literature searches. Our approach lowers the entry
barrier for new researchers while accelerating literature discovery and reference curation. We demonstrate
the system in a live prototype demo, showing how it generates domain-specific bibliographies and delivers
well-sourced, curated responses drawn from the most relevant literature in the user’s field of inquiry in real time.

Keywords
Large Language Models, Scientific Literature, Retrieval-Augmented Generation

1. Introduction

Science is evolving quickly, with the number of scientific publications increasing exponentially, while
becoming ever more interdisciplinary, creating knowledge integration barriers and challenges to both
students and researchers [1, 2]. Large language models (LLMs) exhibit remarkable capabilities in synthe-
sizing complex information, identifying connections across disciplines, and generating comprehensive
summaries, capabilities that have been already applied in a diverse set of areas, including for scientific
research and education [3, 4], although with some drawbacks, such as outdateness, hallucination and
inability of sourcing [4, 5, 6, 7, 8, 9]. Retrieval Augmented Generation (RAG) can mitigate some of those
limitations of standalone LLMs by grounding responses in relevant texts.

Perspicacité-Al is a flexible, open-source and free-to-use agentic pipeline that leverages RAG by
providing support for multiple LLMs and advanced retrieval modes while empowering the use of both
local and web-searched scientific literature. One of the main advantages of this pipeline is the ability to
programmatically generate FAISS Vectorstores from BibTeX (.bib) files to be used in RAG frameworks.
Our system adopts a hybrid retrieval strategy that combines a dense vector retriever with a sparse
retriever (BM25), which improves the retrieval of domain-specific terms.

Even though the usage of user-provided .bib files can be an advantage, it poses significant challenges
for newcomers in scientific areas. Knowledge graphs (KGs), such as the DBLP KG [10], provide a
structured, semantic bibliography that integrates bibliographic data, e.g. authors, papers, and venues,
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Figure 1: Perspicacité-Al Expanded Pipeline

in a machine-readable format. These KGs have enriched semantic relationships and can easily be
integrated with other KGs, e.g. Wikidata. In this demo, we showcase the usage of Knowledge Graphs
(KGs) for knowledge gathering and .bib file generation to be further used in Perspicacité-Al.

2. System Overview: RAG Automation, From KG to Online
Deployment

As shown in Figure 1, our pipeline comprises multiple layers, starting with keywords and ending with
a deployable scientific QA assistant. This is achieved through a sequence of independent packages that
can be composed into an end-to-end framework. Below, we describe each part of component separately.

2.1. KG2Bib - KG Harvester:

Users specify keywords for their research area of interest and a limit of papers to extract using a
CLI script. These inputs are transformed into a focused SPARQL query executed against a public
bibliographic KG endpoint (in our case, DBLP). Listing 1 illustrates a sample query. The query identifies
publications whose titles contain at least one of the specified keywords through case-insensitive
matching. It assigns a relevance score based on the number of matching keywords (one point per
keyword) and counts citations for each publication. Results are returned according to the user-defined
limit (or 10 by default), ordered first by relevance score and then by citation count, ensuring that the
most relevant and highly-cited works are prioritized. The results are subsequently transformed into a
single .bib file for use in subsequent steps.



Listing 1: A SPARQL query to retrieve top-cited papers containing keywords: LLM, scientific literacy,
or knowledge graphs in their titles

PREFIX dblp: <https://dblp.org/rdf/schema#>

PREFIX cito: <http://purl.org/spar/cito/>

PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>
PREFIX rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#>

SELECT ?publ ?label (COUNT(?citation) AS ?cites) ?score WHERE {
?publ rdf:type dblp:Publication .
?publ dblp:title ?title .
BIND(LCASE(STR(?title)) AS ?lowerTitle)

# Compute how many of the target words are in the title
BIND (
IF(CONTAINS(?lowerTitle, ’11m’), 1, 0) +
IF(CONTAINS (?lowerTitle, ’scientific literacy’), 1, 0) +
IF(CONTAINS(?lowerTitle, ’knowledge graphs’), 1, 0)
AS ?score

)

# Only keep titles that contain at least one of the target words
FILTER(?score > 0)

?publ dblp:omid ?omid .
?publ rdfs:label ?label .
?citation rdf:type cito:Citation .

?citation cito:hasCitedEntity ?omid .

1
J

GROUP BY ?publ ?label ?score

ORDER BY DESC(?score) DESC(?cites)
LIMIT 55

2.2. BibTeX2KB - FAISS Vectorstore Generation Pipeline:

This package parses each BibTeX entry and retrieves full-text content through a hierarchical protocol:
(1) local files linked in reference managers, (2) Unpaywall-verified open-access content, (3) publisher
APIs, and (4) abstract fallback for paywalled articles. It also supports diverse content types: GitHub
README files and code scripts, YouTube video transcripts via API integration, and direct incorporation
of proprietary PDFs without third-party transmission. This multi-modal approach encompasses both
formal and informal sources of scientific information, supporting comprehensive learning and research.

The pipeline normalizes, chunks, and embeds all texts, storing them in a FAISS Vectorstore alongside
rich metadata (DOI, source type, chunk-id, etc). BibTeX2KB supports merging multiple knowledge bases,
enabling researchers in interdisciplinary fields to perform multiple keyword searches with KG2Bib and
combine the results into a unified knowledge base.

2.3. Retrieval Core:

A router chooses among three modes:

« Basic RAG: A standard Retrieval-Augmented Generation pipeline that performs a single-pass
similarity search over a FAISS-based vector store. When a user submits a question, the system
embeds the question and retrieves the most semantically similar documents directly from the
knowledge base. These documents are then passed to the language model to generate a response.

« Advanced RAG: An enhanced RAG system where an LLM generates multiple diverse subqueries
by rephrasing the original question. Each subquery is independently used to retrieve relevant
documents from the vector store. The retrieved results are then merged and ranked using our
novel Sigmoid-Weighted Reciprocal Rank Fusion (SW-RRF) function, which combines the rankings
across subqueries. SW-RRF modifies the traditional Reciprocal Rank Fusion (RRF) by introducing
a sigmoid-based weighting mechanism that dynamically adjusts document weights based on
their similarity scores, helping to reduce the impact of marginally related content in multi-query



retrieval scenarios. The top-N documents from this fused ranking are then passed to the LLM to
generate a more comprehensive and contextually grounded answer.

 Perspicacité-Profonde: A cutting-edge agent-based system that employs a plan-search-reason
loop. The agent autonomously formulates a multi-step strategy, identifies intermediate informa-
tion needs, and issues targeted searches on specialized scientific platforms (e.g., PubMed, Semantic
Scholar). It iteratively refines its understanding and synthesizes insights across diverse sources to
answer complex, multi-layered scientific questions. A dedicated technical article detailing the
agent-based mode, including its routing strategies and experimental evaluations, is in preparation.

2.4. Entity-aware Retrieval:

Identifier queries (e.g., short protein codes) are particularly challenging, since embedding models rarely
encode domain-specific tokens properly due to their underrepresentation in training corpora. In our
system, we have explored a hybrid retrieval strategy that combines a dense vector retriever with
BM25 [11], a well-known sparse retriever. Dense search provides descriptive context, while sparse
matching preserves exact term retrieval. This combination improves recall on exact matches and
enhances retrieval of domain-specific terms.

2.5. Conversational Layer:

The final layer is the web interface that connects the retrieval core with the end user. Users first create
an account on the platform to manage multi-user sessions. All users have access to their previous chat
history.

A user starts by typing a question that will be answered using the pre-built knowledge base that has
been prepared in advance. Then, they select one of the answering strategies. Each mode can be further
parameterized to fit the user’s needs, e.g. the number of documents to retrieve and the number of query
rephrases.

The results are then streamed with inline citations that link back to the source article, PDF, website,
code or YouTube video, ensuring verifiable, up-to-date answers. Figure 2 shows a screenshot of the
results of asking a question in the profonde mode in Perspicacité-Al. The online prototype uses a
curated computational mass spectrometry knowledge base and is available at: https://metaboguide.
holobiomicslab.eu/. The code is open source and can be found on GitHub'.

3. Conclusion and Future Work

This demo illustrates a KG-driven workflow that can streamline the creation of scientific
question-answering systems, providing an end-to-end solution. By using keyword-based SPARQL
queries in DBLP, KG2Bib assembles a focused BibTeX corpus that integrates directly into the
Perspicacité-Al RAG pipeline, giving users rapid access to well-sourced literature without manual
curation. Because each component adheres to standard data formats (BibTeX, FAISS, and JSON), the
workflow is both seamless and implementation-agnostic. Future research will involve generalizing this
workflow to additional KGs to extend coverage across disciplines and explore more complex KG query
logic beyond keyword matching. Moreover, we plan to extend KG2Bib beyond keyword restrictions by
incorporating semantic expansion and more advanced ranking functions to improve retrieval precision
in interdisciplinary queries. We also plan to develop adaptive ingestion strategies for heterogeneous data
sources, moving beyond the current standardized pipeline to optimize vectorization and downstream
retrieval quality.

'https://github.com/HolobiomicsLab/Perspicacite- Al
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Figure 2: A screenshot of the results of asking a question in the "Advanced" mode in Perspicacité-Al using a
mass spectrometry curated knowledge base.
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