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Abstract

This work introduces MAGDA (Multi-document Aggregation via Global Document-level clustering Architecture),
a domain-specific RAG system that uses a clustering-based chunking and retrieval strategy to capture semantic
relations across documents in the Gender*More corpus. By aggregating inter-document information, MAGDA
improves the grounding and relevance of generated answers. We evaluate the system on a curated set of real
queries and validated responses, showing that domain-adapted RAG pipelines combined with cross-document
processing significantly enhance information access and explainability in specialized scientific digital libraries.
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1. Introduction

The increasing availability of scientific documents in digital libraries has amplified the need for intelligent
systems capable of navigating, interpreting, and extracting knowledge from complex, heterogeneous
sources. Although recent progress in Large Language Models (LLMs) has markedly improved automatic
text understanding, these models are still limited by their reliance on static training corpora and by the
opacity of their internal representations. When confronted with structured scientific material, such as
institutional reports [1], statistical summaries [2], and tables [3], LLMs often fail to provide grounded,
traceable answers, exposing the need for methods that combine generative capabilities with explicit
document access [4]. Retrieval-Augmented Generation (RAG) [5] has emerged as an effective paradigm
for addressing these shortcomings within digital library ecosystems. By integrating generative models
with retrieval from curated corpora, RAG systems allow responses to be aligned with selected sources,
enhancing reliability, reducing hallucinations, and supporting transparent information access. Such
properties are particularly relevant in academic scenarios, where reproducibility, provenance, and
metadata quality constitute core requirements.

However, conventional RAG pipelines exhibit limited effectiveness in scientific scenarios where
the documents present highly specific terminology [6], or require information across multiple cited
documents [7]. In particular, their retrieval component is highly sensitive to chunk granularity: large
chunks preserve broader context but produce noisier and less discriminative embeddings, while smaller
chunks yield cleaner semantic representations yet frequently miss key information that may help
disambiguate domain-specific terminology [8, 9]. As a consequence, off-the-shelf RAG systems often
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retrieve passages that are either overly generic or only partially relevant. Moreover, since documents in
scientific collections frequently cite or depend on one another, relying exclusively on intra-document
chunking strategies prevents the model from capturing cross-document semantic relations.

To address these limitations, we introduce MAGDA', a domain-specific RAG system featuring a
inter-document clustering-based chunking and retrieval strategy. The method first segments documents
into semantically dense units, then applies clustering across the entire corpus to group chunks that
belong to the same conceptual topic, regardless of their original document. Each chunk is subsequently
enriched with its cluster-level embedding, combining local specificity with global topic semantics. This
representation enables retrieval to account for inter-document relations that are typically invisible to
standard pipelines, increasing the discriminative power of segment representations. Building on this
enriched semantic structure, MAGDA performs retrieval through a hybrid scoring mechanism. A lexical
scorer (BM25-style) and a dense encoder-based similarity measure are jointly used to rank candidates,
producing a top-k list that reflects both syntactic match and semantic affinity. These candidates are
then refined by a cross-encoder re-ranking step, which evaluates query-chunk pairs in context, yielding
a final set of passages used for generation.

To evaluate MAGDA in realistic conditions, we constructed a question-answering dataset of 82
manually designed queries derived from gender-gap reports and institutional analyses. These documents
are curated within the Gender*More? initiative at the University of Modena and Reggio Emilia, and
feature domain-specific terminology related to gender-gap analysis and frequent cross-references across
the reports. The queries require a total of 35 documents, but the whole retrieval corpus is made of
831 documents. The results indicate that the dataset is challenging, as the best reported Recall@1
achieves only 68.29%. Moreover, MAGDA shows clear improvements over other baselines using different
chunking strategies.

2. Related Work

In this section, we review the two lines of research most closely related to MAGDA. The first concerns
context structuring and chunking for RAG, which seeks to improve retrieval by refining how text is seg-
mented and semantically represented. The second focuses on RAG systems for scientific literature, where
most advances center on citation recommendation and introduce domain-aware retrieval mechanisms
and corpus-level semantics to identify relevant scholarly evidence.

2.1. Context structuring and chunking for RAG

Recent advances in RAG have highlighted the central role of text segmentation in structuring, retrieving,
and synthesizing knowledge. One line of research focuses on improving segment granularity and
semantic coherence. In dense retrieval settings, fine-grained segmentation has been shown to improve
performance by enabling more precise alignment between queries and relevant content [8], while LLM-
guided approaches such as LumberChunker [10] and MoC [11] leverage discourse and logical structure
to produce semantically meaningful units rather than relying on fixed window sizes. Another direction
integrates local and global information through hierarchical or graph-based chunking. Models such
as RAPTOR [12], TreeRAG [13], and GraphRAG [14] construct multi-level or graph-structured views
of documents, combining sentence-level evidence with higher-order summaries or community-level
relations, thereby enabling coarse-to-fine retrieval and context aggregation. In parallel, some methods
operate directly in latent space, modifying or bypassing explicit text segmentation. Late Chunking [15]
and Landmark Embedding [16] rely on representative embeddings, suggesting that segmentation
decisions can be deferred to the embedding stage. More recent approaches adapt segment granularity
dynamically at query time. Systems such as MoG [17], DCS [18], and MixGR [19] dynamically select
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variable-length units or fuse multi-granular evidence (sentences, propositions, subqueries) to better
align retrieved content with the informational scope of the query.

In this landscape, MAGDA builds on these insights by organizing fine-grained segments through
inter-document semantic clustering in embedding space. This approach enriches local evidence with
global thematic structure, enabling precise retrieval and broader scientific sensemaking without relying
on hierarchical indices or manually constructed knowledge graphs.

2.2. RAG for scientific literature

RAG for scientific literature mainly focuses on citation recommendation, where models retrieve papers
relevant to a specific citation context. Early deep learning systems combined textual and scholarly
signals: BERT-GCN [20] fuses contextual embeddings with citation graph structure, while Medic et
al. [21] augment local citation contexts with metadata, showing that relevance depends on both semantic
similarity and scholarly influence. A complementary line of research learns citation-informed dense
representations. Models such as SciNCL [22] and SPECTER [23] apply contrastive learning over citation
neighborhoods, shifting retrieval from surface similarity toward research affinity. These objectives act
as domain adaptation layers that specialize otherwise general encoders for scholarly corpora. More
recent approaches adopt hierarchical and two-stage retrieval. SymTax [24] performs fast semantic
prefetching followed by taxonomic embedding—based reranking, whereas HAtten [25] uses hierarchical
text encoding for coarse retrieval and a SciBERT [26] re-ranker for fine-grained matching. LLM-driven
systems have also emerged, exemplified by CiteAgent [27], an autonomous GPT-40-based agent capable
of reading, searching, and recommending papers.

These modeling advances are supported by a growing ecosystem of benchmarks. Citation recom-
mendation datasets cover both global queries, where a paper serves as the query and its citations as
targets [28, 23] and local inline citations, using citation mentions within text as queries [21, 20, 27, 29].

3. Approach

MAGDA is a domain-specific RAG platform designed to provide evidence-grounded answers over a
curated digital library on gender-gap analysis. The system integrates two complementary pipelines (see
Figure 1): an offline ingestion and indexing stage, which transforms heterogeneous documents into
retrieval-ready representations, and an online retrieval-reranking—-generation stage, which handles
user queries. During ingestion, documents are converted to plain text while preserving structural
cues, segmented into semantically coherent chunks, and organized into clusters that capture both
local content and cross-document thematic relations. This dual-level representation allows the system
to exploit fine- and coarse-grained semantic signals when searching for relevant information. At
query time, user inputs are mapped into the same embedding space and matched against the enriched
document representations using a hybrid semantic-lexical retrieval strategy. Candidate passages are
then refined through cross-encoder re-ranking to highlight the most pertinent evidence, which is finally
provided as context to an LLM. In this way, the model generates answers that are strictly grounded in
the retrieved material, cite sources explicitly, and offer concise explanations of each passage’s relevance,
ensuring both transparency and factual consistency.

3.1. Ingestion and Indexing Pipeline

In this first step, the documents from the Gender*More initiative, comprising bibliometric analyses,
institutional evaluations, and research studies on gender disparities, are first extracted from PDF format
into normalized plain text while retaining structural cues such as page boundaries, section headings,
and linearized tables. The resulting text is segmented using a structure-aware recursive splitter’ that
preserves paragraph- and section-level coherence under constraints on length and overlap, ensuring
both contextual integrity and compatibility with LLM context windows.

Recursive Splitter (last accessed 09-12-2025)
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Figure 1: MAGDA Functional Architecture.

To overcome the limitations of purely local representations, MAGDA augments this segmentation with
an inter-document clustering stage that captures higher-level thematic organization. Dense embeddings
are computed for each chunk and subsequently grouped using the HDBSCAN algorithm [30] (with a
minimum cluster size of five chunks), which identifies semantically coherent clusters extending across
documents and produces centroid embeddings reflecting shared topic structure. Each chunk is enriched
with its cluster-level representation, yielding a dual-context vector that combines fine-grained semantics
with broader thematic cues. These two signals are integrated through a weighted combination of the
chunk embedding and its cluster centroid, assigning weight 0.7 to the chunk embedding and 0.3 to the
cluster embedding. All embeddings are computed using the multilingual-e5-large-instruct
dense retriever [31].

The resulting enriched vectors, together with metadata such as document identifier, title, page number,
section label, and cluster id, are stored in a PostgreSQL backend extended with PgVector to support
efficient similarity search and metadata-aware retrieval.

3.2. Retrieval, Reranking, and Generation Pipeline

The retrieval and generation workflow in MAGDA follows a structured three-stage process. A user query
is first encoded using the same multilingual-e5-large-instruct embedding model employed
during ingestion, and matched against the vector representations stored in the vector database. Retrieval
adopts a hybrid strategy that combines dense semantic similarity with a lexical component based
on BM25-style scoring computed over the chunk text, enabling the system to capture both conceptual
matches and exact term matches relevant for technical expressions, acronyms, and numeric values. The
top-k candidate chunks returned by the hybrid retriever are then re-ranked with the cross-encoder
model ms-marco-MiniLM-L-6-v2, which jointly encodes each query-chunk pair to produce a refined
relevance score. This re-ranking step improves precision in the highest-ranked positions, a critical
property when only a small evidence set can be inserted into the LLM context window.

The highest-ranked passages are injected into a prompt provided to gpt-4o-mini, which is instructed
to generate answers grounded exclusively in the retrieved context, explicitly reference source documents,
and avoid speculation when evidence is insufficient (see Figure 2). In parallel, the system produces
concise explanations of each chunk’s relevance, enhancing transparency and user trust (see Figure 3).



You are an Al assistant specialized in answering questions based on the past history and the provided
context. Follow these guidelines:

1. Use only the given context and previous conversation to generate your answer;

2. Provide a clear and relevant response. Avoid unnecessary details;

3. Do NOT mention the context, sources, or any document references in your response.

If you cannot answer reply with this message: "I’'m sorry but | could not find any relevant doc-
uments to answer your query. Try rephrasing the query or ask me something more specific. If you want a
more in-depth explanation of the previous answer, take up the question you asked and ask me explicitly."

Figure 2: LLM response prompt.

You are a helpful assistant that explains why each document was considered relevant. For each
document, answer exactly in the following format:

Document: file_name.pdf;
Explanation: explanation text here.

Repeat for each document.

Figure 3: Prompt to explain the relevance of the document with reference to the query.

4. Experimental Evaluation

In this section, we present an experimental evaluation aimed at validating whether MAGDA effectively
retrieves information relevant to user queries. In particular, we evaluate MAGDA through two exper-
iments on a curated benchmark from the Gender*More corpus: one comparing standard chunking
baselines, and one measuring the gains introduced by our clustering-based strategy. We also present a
practical use case illustrating how MAGDA enables interpretable exploration of gender-gap indicators.

4.1. The Gender*More dataset

To evaluate MAGDA in a real operational scenario, we collaborated with domain experts to construct
a domain-specific question answering dataset from the Gender*More corpus, specifically designed
to assess retrieval-augmented generation performance. The dataset contains questions reflecting
genuine information needs, including trends in the gender composition of academic staff (e.g., "Does the
academic system discriminate against women in the fields of mathematics and engineering?"), differences
in publication patterns (e.g., "Is there a relationship between the gender of the last author and the order
of the co-first authors?"), and summaries of key findings from bibliometric analyses (e.g., "What are
the main findings of the bibliometric analysis on gender and sustainability research?"). Each question is
paired with its expected answer, the relevant document, and the exact passages annotated with page
and section references, providing a precise ground-truth for evaluating both retrieval and generation
components of RAG systems. The benchmark comprises 82 questions requiring a total of 35 documents,
while the whole retrieval corpus is made of 831 documents.

4.2. Experimental Setup

We evaluate MAGDA in terms of both retrieval and generation quality. Retrieval performance is
measured using Recall@k, which counts the proportion of queries for which the relevant document



Table 1

Retrieval and generation results across all evaluated chunking strategies on the top@20 retrieved docu-
ments. "Recursive Splitter w/clust =" denotes a weighted combination of the original chunk embedding
and its corresponding cluster embedding, where weights and control the contribution of local (chunk-
level) and global (cluster-level) semantic representations, respectively.

Generati Retrieval
Chunking Strategy eneration etrieva

BERT; BLEU Rl1gz R2; RLs MRR R@1 R@2 R@5 R@10

Character Splitter 83.95 8.28 39.61 18.84 29.18 6937 59.76 64.63  69.51 69.51
Semantic Splitter 83.93 8.36 38.84 17.44 2783 69.39 59.76 65.85 69.51 7317
Recursive Splitter 84.56 10.12 39.26  17.35 29.13 7395 6341 7317  84.15 86.59

Recursive Splitter w/clust 0.9-0.1 84.16 1234 41.87 19.82 3141 7462 6463 75.60 85.36 89.02
Recursive Splitter w/clust 0.8-0.2 84.02 11.91 40.62 1827 31.14 7524 66.67 76.65 85.19 87.65
Recursive Splitter w/clust 0.7-0.3 83.84 12.33 4033 18.18 3042 76.77 67.07 76.83 86.59 90.24
Recursive Splitter w/clust 0.6-0.4 84.10 1213 4113 1817  30.73  76.17 68.29 7682  85.18 89.09
Recursive Splitter w/clust 0.5-0.5 83.73 11.91 40.26  18.05 30.02 76.64 68.29 76.81 85.36 87.80

appears among the top-k results, and Mean Reciprocal Rank (MRR), which reflects the ranking position
of the correct document. Generation quality is assessed on the top-k retrieved chunks using BLEU,
ROUGE, and BERTScore, capturing both n-gram overlap and contextual semantic similarity with the
ground-truth answers.

Experiment 1: Baseline comparison. To contextualize MAGDA’s performance, we compare it
against baseline systems that share the same retriever, re-ranker, and generation components but
differ in chunking strategy. In particular, we consider: (i) Character Splitter, which produces fixed-
length chunks of 512 characters; (ii) Semantic Splitter, which merges consecutive sentences when their
embeddings, computed with multilingual-e5-large-instruct, are sufficiently similar; and (iii)
Recursive Splitter, which attempts to preserve larger textual units (e.g., paragraphs) and falls back
recursively to finer-grained splitting when a 512-character limit is exceeded. This setup isolates the
effect of segmentation granularity on downstream retrieval and generation quality.

Experiment 2: Clustering-enhanced chunking. In a second experiment, we evaluate the impact of
our clustering-based strategy on retrieval and generation quality. All components of the RAG pipeline
are kept fixed, while the chunk representation is augmented with a cluster-level embedding derived
from inter-document semantic grouping. We test multiple weighting schemes between chunk-level and
cluster-level embeddings (e.g., 0.9-0.1, 0.8-0.2, 0.7-0.3, 0.6-0.4, 0.5-0.5 allowing us to systematically
analyze how different balances between fine- and coarse-grained semantic signals affect ranking
precision and answer grounding. This experiment isolates the contribution of the clustering mechanism
and quantifies the gains attributable to our proposed representation.

4.3. Results

The results reported at the top of Table 1 reveal a clear trend: traditional chunking strategies, like
character, semantic and recursive splitting, provide reasonable performance but fall short compared
to recursive splitting with inter-document clustering. Among the standard methods, the Recursive
Splitter performs best, achieving an MRR of 73.95 and a Recall@10 of 0.86.59, together with the highest
BERTScore F1 (84.56) and precision (83.83). Still, introducing inter-document representations leads to
a substantial improvement. Recursive Splitter with inter-document clustering achieves the strongest
retrieval performance overall, with an MRR of 76.77 and a Recall@10 of 90.24, the highest recorded
score. Generation metrics also benefit from this strategy: BLEU increases to 12.33, ROUGE-1 to 40.33,
ROUGE-2 to 18.18 and ROUGE-L to 30.42, all outperforming the traditional splitters. Overall, the
evaluation demonstrates that, by adding inter-document representations for each chunk, the system
consistently outperforms traditional chunking strategies, both in retrieval and generation.

The bottom part of Table 1 shows that even a minimal introduction of cluster-level information
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Figure 4: MAGDA in use. The system enables visualization of the referenced documents and highlights
the sections of each document relevant to the query.

(0.9-0.1) improves MAGDA effectiveness in both retrieval and generation. The weighting scheme
adopted in MAGDA (0.7-0.3) yields the highest retrieval performance, and affects generation quality
only marginally.

4.4. Use case

Figure 4 shows a typical interaction with MAGDA during the exploration of gender-gap indicators. A
user submits an analytical query through the interface, such as “What is the Gender Parity Index?”, and
the system returns a grounded natural-language answer together with the most relevant document
excerpts. Each retrieved passage is linked to its original source and exact location within the document.
The interface allows the user to (i) inspect the specific text segments used to produce the answer,
(ii) visualize the sections within the original PDF, and (iii) read a concise explanation of why each
document was selected as relevant. This interaction supports concrete analytical operations such as
the verification of indicator definitions adopted in institutional reports, the rapid cross-checking of
analytical claims across multiple sources, and the comparison of how the same metric is described in
different studies. Furthermore, MAGDA can quickly obtain an overview of the existing literature for
gender-gap analysis across different subtopics, such as trends in gender composition of academic staff
and differences in publication patterns, allowing the user to move from targeted queries to a broader,
cross-document understanding of the domain without manual document exploration.

5. Conclusions

We presented MAGDA, a domain-specific RAG system for evidence-based question answering over
institutional documents for gender-gap analysis. MAGDA introduces a novel inter-document clustering-
driven chunk enrichment strategy that integrates local and global semantic information into the retrieval
process. The experimental results on the Gender*More dataset show that this approach consistently
improves both retrieval accuracy and answer quality over standard chunking strategies.

Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT in order to: paraphrase and reword,
improve writing style, grammar and spelling check. After using ChatGPT, the authors reviewed and
edited the content as needed and take full responsibility for the publication’s content.
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