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Abstract

Scientific publications are growing at an unprecedented pace, making it increasingly difficult for researchers to
stay updated. Definitions play a key role in understanding core scientific concepts, but identifying them across
literature poses a challenge due to their varied and unspecific patterns. To address this, we present DefRAG, a
web platform for automatic definition extraction (DE) from scientific papers, built on a Retrieval-Augmented
Generation (RAG) architecture. The system retrieves relevant passages and generates coherent definitions for
target concepts. We evaluate several large language models (LLMs) as the generative component of DefRAG,
including Llama-3-8B-Instruct, Llama-3.2-3B-Instruct, Mistral-7B-Instruct-v0.3, and Salamandra-7B-Instruct.
Among these, Llama-3 consistently shows the most reliable performance. Our results highlight not only the
effectiveness of this model, but also the suitability of the RAG architecture for the task of scientific DE. DefRAG
offers a practical tool to support researchers in navigating complex and growing scientific literature.
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1. Introduction

In the realm of linguistic and computational research, textual definitions serve as a critical resource
for understanding the meaning of specialized terms. Traditionally, definitions have been meticulously
compiled in dictionaries and domain-specific glossaries, providing a structured approach to semantic
comprehension. However, the manual construction and maintenance of such resources present signifi-
cant challenges, particularly in rapidly evolving fields with emerging terminology and novel domains
[1].

The inherent limitations of manual definition compilation have catalysed the development of compu-
tational approaches to definition extraction (DE). DE is a sophisticated natural language processing
(NLP) task that aims to automatically identify and extract definitional sentences from text [2]. This
ability to discern general text from definitions, which could be considered identifying “vital data” from,
in our case, scientific documents directly relates to the idea of keeping scientific knowledge up to date.
Furthermore, the potential to discern “future research trajectories” suggests that understanding the
definitions of current concepts can provide valuable context for anticipating future developments in a
field.

Over time, several methods have been developed, from simple rules [3] to sentence classification
methods [4], but all face the challenge of handling variability and context of definitions. Compared
to these traditional machine learning approaches, deep learning models have demonstrated superior
performance in various information extraction tasks, including relation extraction which DE systems
often relied on by identifying ’<concept> is a <definiendum>" patterns via semantic role labeling [5].

While these models often achieve state-of-the-art results, they typically require large annotated
training corpora to reach their full potential. To overcome this, the use of large language models (LLMs)
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has further revolutionized the field of definition extraction. These models, pre-trained on massive
amounts of text data, possess remarkable capabilities in text understanding and generation [6].

In this paper, we present DefRAG!, a web platform for the NLP task of definition extraction of
technological concepts from scientific papers. DefRAG relies in LLMs for the generation of a consolidated
definition of a given concept from several articles. LLMs tend to hallucinate [7], which is unacceptable in
the definition extraction task, since it may drive to crucial errors to users. Accordingly, DefRAG is based
on a Retrieval-Augmented Generation (RAG) architecture to minimise the likelihood of hallucination of
the definition generation module.

The rest of this paper is structured as follows. Section 2 summarises the salient works related to the
definition extraction task. We present the architecture of DefRAG in Section 3. Section 4 presents the
evaluation conducted, and section 5 highlights the main conclusions of this work.

2. Related work

Research in definition extraction (DE) has evolved from rule-based approaches and sentence classification
algorithms to the application of advanced language models. According to Navigli and Velardi [1], early
methods focused on specific patterns and rules to identify definitions in texts. However, these methods
were limited by the rigidity of the rules and the inability to handle language variability. Over the years,
challenges like DeftEval [8] have encourage researches to develop intricate solutions to this problem.

With the advancement of language models, their ability to understand and generate text more
consistently and accurately has been explored. For example, BERT [9] and GPT-3 [6] have shown
remarkable ability to understand and generate natural language, being used in diverse tasks within
natural language processing (NLP).

2.1. Retrieval-Augmented Generation

As proposed in the mentioned corresponding article [10] and in its current context, RAG refers to
a method in which a model, in order to generate text or answer questions, first retrieves relevant
information from a corpus of documents, and then uses this retrieved information to improve the
quality of its responses.

This approach allows developers to improve the accuracy of large models without the need for
exhaustive retraining for specific tasks. Especially suitable for knowledge-intensive tasks, RAG combines
a retriever with a sequenceZsequence generator model, subjected to end-to-end fine-tuning for better
capture of the same. By dynamically retrieving external information during the inference process, RAG
substantially improves response accuracy, addressing problems such as hallucinations [11].

3. DefRAG System

Drawing from our comprehensive analysis of existing definition extraction techniques, we propose an
innovative approach leveraging LLMs within a RAG architecture. This methodological advancement
addresses critical limitations inherent in traditional definition extraction methods, which often struggle
with contextual nuance, domain-specific terminology, and the dynamic nature of scientific discourse. By
integrating sophisticated retrieval mechanisms with the advanced linguistic comprehension capabilities
of state-of-the-art language models, our system aims to transcend conventional text classification
methods.

The primary objective of our proposed system is to dynamically generate precise, contextually rich
definitions for specialized technical concepts by intelligently extracting and synthesizing information
from a curated knowledge base of scientific literature. This approach not only enhances the accuracy of
definition extraction but also provides a flexible, scalable solution for capturing the evolving semantic
landscapes across various academic and research domains.

'DefRAG web page: https://cetedex.ujaen.es/defrag/
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Figure 1: Complete DefRAG system: user interface, architecture and workflow.

In this section, we first describe the internal architecture of DefRAG (see Section 3.1). We then detail
the design and implementation of the user interface (see Section 3.2), which serves as a gateway for the
public to directly interact with and explore the capabilities of this innovative system.

3.1. DefRAG architecture

As we have already established, this computer system is specialized in the extraction of definitions in
natural language from a knowledge base composed of scientific documents.

DefRAG, shown in Figure 1, is designed to improve access to and understanding of scientific informa-
tion by automating the process of extracting and presenting definitions efficiently. The system features
a client-server architecture and consists of the following modules:

« Information Retrieval (IR) Module: in the figure, the IR module shown in green, works
through relevance queries to the documents that must be indexed in a way that their access is
efficient. For this problem, it is necessary to know the source document of the extracts where the
retrieval finds the relevant information. All these restrictions are resolved with the implementation
of the index through word embedding or vectorization of the texts.

« Language Generation Module: It takes the retrieved passages within the prompt as input
and produces an output text based on them. It can be any sequence-to-sequence model capable
of generating coherent and fluent text, in this case an LLM that uses a decoder-only architecture.
This module can be trained on different tasks, such as question answering, summarization, or
text generation.

» User Interaction Module: means through which users interact with the system. Using
a REST API as a base, a set of access points is established that allow communication between
the client, where the interface is executed, and the server, where the process of obtaining the



definition is executed. This architecture allows communication between heterogeneous sys-
tems independently, adapting to different requirements, improving scalability, maintenance and
changes in the internal system.

3.1.1. Extending the knowledge base

The system features robust capabilities for expanding its knowledge base through the integration of
new documents, both user-provided and retrieved from external repositories. When new documents
are received via HTTP requests, the system processes them using the same methodology applied to
the initial knowledge base. Once indexed, the PDF documents are automatically moved to the global
knowledge base directory specified in the configuration file, ensuring all knowledge resources are
centralized and properly organized.

Additionally, the system can autonomously enhance its knowledge base by retrieving relevant
scientific papers from ArXiv.org. The designated function enables targeted document acquisition
by accepting theme and result quantity parameters. This functionality creates an ArXiv API client,
performs searches based on relevance, and systematically downloads the resulting PDFs to a designated
directory.

Each document is properly named according to its theme and source URL. This automated document
retrieval system significantly expands the knowledge base’s breadth and depth without requiring manual
intervention, keeping the system’s information corpus continuously updated with the latest scientific
research.

3.1.2. Information Retrieval (IR) Module

The first step of the definition extraction process is retrieval, where the documents or text fragments
that are likely to contain the information needed to generate the requested definition are obtained.
These fragments are stored in a vector database to make the retrieval process more efficient.

We use as scientific papers database the one provided by one of the projects of the Catedra
Isdefe/ CETEDEX-UJA. We use as scientific papers database which consists of 1011 papers in PDF
format. We propose to transform all the documents into vectorial representations based on word
embeddings, thus optimizing information storage and retrieval. This approach, essential in the RAG
model for accurate and fast queries, consists of mapping natural language words or phrases to vectors
in a continuous space of reduced dimensions, facilitating the comparison and manipulation of large
volumes of textual data. In particular, we use a sentence transformer model [12] trained on a novel pre-
training method that inherits the advantages of BERT and XLNet on the Microsoft model “mpnet-base”,
fine-tuned in a 1B sentence pairs dataset” [13].

This implementation leverages Chroma, as the vector database, which is particularly well-suited for
handling scientific document collections. Our approach uses a two-phase retrieval strategy:

1. single index creation: when initializing the system, we either create a new index or load
an existing one. During index creation, the PDF documents are loaded, then split into manageable
chunks. This splitting strategy maintains semantic coherence while optimizing for retrieval
performance, with configurable chunk size, set to 2000 character per chunk, and overlap, set to
100, parameters to balance context preservation against computational efficiency. The chunked
documents are then embedded and stored in the Chroma vector database, which persists the
index to disk for future use. If an index already exists in the specified directory, it’s simply loaded
without reprocessing the documents.

2. Information Retrieval: For the actual retrieval operation, the module takes a concept query
and passes it to the retriever component. The retriever searches the vector database for the most
relevant document chunks based on embedding similarity. The retrieved fragments are then
formatted into summaries that serve as context for the subsequent generation phase.

*https://huggingface.co/sentence-transformers/all-mpnet-base-v2
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This implementation optimizes both storage and retrieval efficiency while keeping semantic relevance,
which is crucial when dealing with large volumes of scientific literature where precise information
extraction is essential for generating accurate definitions and explanations.
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Figure 2: DefRAG system: user interface main menu.

3.1.3. Language Generation Module

Next, once the relevant context fragments are retrieved, we proceed to generating the desired answer
via prompting, which involves the construction of the prompt that is presented to the untrained LLM.
This prompt is composed of the information retrieved in the previous step, together with a personalized
message indicating to the model the specific task to be performed. An example of such a message would
be: “Based on this information, you must generate a definition for the concept <concept>".

This prompt is then sent to the inference server, where the designated LLM is waiting to be prompted.
The server waits for a response and this output is then reinserted in the main workflow.

The output of the system is the generated definition, which is presented to the user in an accessible
way and is characterized by being multi-document, i.e., elaborated from the consolidated information
of several retrieved documents [14]. In addition, responsible behaviour is ensured by providing the
sources of the documents used to generate the definition, allowing the user to verify the information.

Finally, the server sends to the client the elaborated definition together with the documents used
as sources, presenting everything in a clear and appropriate manner. Once this task is completed, the
definition, together with its sources, is stored for future queries, thus facilitating access to previously
generated and verified information.

3.2. User Interface

The system is presented through an intuitive web interface, Figure 2, designed to offer a simple and
accessible user experience. From the main page, users can access all the functionalities of the system.
The main goal of the system is to ensure that the user can request the definition of a concept and the
platform displayes the corresponding definition in english along with the references used to generate it.
Moreover, DefRAG provides two additional functions related to the ability to expand the knowledge
base of papers.

3.2.1. Adding individual papers.

The user can insert a local document by accessing corresponding menu option, which displays a form
that facilitates the upload of a PDF file from the user’s device allowing its renaming before saving.



3.2.2. Bulk adding of papers.

The user can add documents from ArXiv on a specific topic. In this scenario, the user selects the desired
option, fills the search criteria, and the system downloads the requested documents. Subsequently, the
system processes the documents, incorporates them into the index, and notifies the user with a success
message.

4. Evaluation and results

An extensive knowledge base of scientific articles (1011 papers provided by the sponsoring entity, see
Section 3.1.2) extracted from ArXiv, a pre-publication service for scientific articles widely used by the
scientific community, especially in the areas of engineering and science, has been used.

4.1. Large Language Models used

The RAG architecture is based on the use of an LLM, so we have evaluated the performance of 4 LLMs,
namely:

Llama-3-8B-Instruct: an auto-regressive language model that uses an optimized transformer
architecture, in particular, this is an instruction tuned model optimized for dialogue use cases via
supervised fine-tuning (SFT) and reinforcement learning with human feedback (RLHF) to align
with human preferences for helpfulness and safety [15].

Llama-3.2-3B-Instruct: similar to the previous one, this model is also an instruction tuned
model optimized for dialogue use case like agentic retrieval and summarization tasks.

Salamandra-7B-Instruct: 7B instructed version of the transformer-based decoder-only lan-
guage model that has been pre-trained from scratch on highly multilingual data that comprises text
in 35 European languages and code by Language Technologies Unit in Barcelona Supercomputing
Center (BSC) [16].

Mistral-7B-Instruct: developed by the French company Mistral AL this model is a fine-tuned

version of the open source base model Mistral-7B [17].

4.2. Evaluation metrics

In order to evaluate the performance and accuracy of the models automatically, evaluation metrics have
been used to compare the generated response with one or more reference definitions. Additionally, the
accuracy and performance of the retrieval module has been evaluated.

These evaluation metrics have been collected using RAGAS [18], a library that provides tools to
supercharge the evaluation of LLMs. The metrics values are obtained by a method called LLM-as-judge,
defined as the use of LLMs to evaluate objects, actions or decisions based on predefined rules, criteria
or preferences [19]. Formally defined as

E(—PLLM($€BC) (1)

where a language model (PLLM) assigns a probability to the combination () of an input (x) - which can
be text, image or video - with a context (C), which is usually a prompt or dialogue history information.
The final result of this process is the evaluation E.

RAGAS utilizes LLM-as-judge with GPT-3.5-turbo-16k * to compute numeric metrics for NLP perfor-
mance. For this evaluation, we have employed the following metrics:

« Faithfulness: Factual consistency of the generated answer against the given context. An
answer is ‘faithful’ if all its claims can be inferred by the given context.

*We clarify that this is the default judge LLM used by the RAGAS framework.



Table 1
Unified results for all Models.

Model Concept Faith CP Factual Semantic

Llama-3-8B-Instruct CNN 1.0000 1.0000 0.5500 0.9600
Intelligent Assistant  1.0000 0.9700 0.7500 0.9300
University of Jaén 1.0000 1.0000 1.0000 0.9300
Machine Learning 0.6700 1.0000 0.9200 0.9300

Llama-3.2-3B-Instruct CNN 1.0000 0.9500 0.6400 0.9500
Intelligent Assistant  1.0000 0.9700  0.3600 0.9400
University of Jaén 1.0000 1.0000 0.0000 0.6900
Machine Learning 0.7500  1.0000 0.7200 0.8800

Salamandra-7B-Instruct  CNN 1.0000 0.9500  0.3800 0.9500
Intelligent Assistant  0.3300  0.9700  0.6000 0.8500
University of Jaén 0.0000 1.0000 0.0000 0.7000
Machine Learning 0.9400 1.0000 0.6700 0.9500

Mistral-7B-Instruct CNN 1.0000 0.9500  0.4500 0.9500
Intelligent Assistant  1.0000 0.9700  0.3300 0.8900
University of Jaén 0.0000  1.0000  0.0000 0.7000
Machine Learning 0.9500 1.0000 0.7500 0.9500

Table 2
Scientific concepts extracted for the evaluation. The out of domain concepts are those that are not in the scientific
papers of the knowledge base.

In/Out of Scope Concept

In Absolute Error, Convolutional Neural Networks (CNN), Data Mining, Data Privacy, Deep learning,
Generative Adversarial Network, Intelligent Assistant, Internet Of Things, Knowledge Graph, Large
Language Models, Machine Learning, Natural Language Processing, Artificial Neural Network, Rein-
forcement Learning, Sentiment Analysis, Support Vector Machines, Word Embeddings

Out Wooden Door, Flower Vase, University of Jaén

« Context Precision: Evaluates if all the ground-truth (correct answer) items present in the
contexts are favoured. All of the relevant items should appear at the top of the ranking.

« Factual Correctness: Overlap between answer and ground-truth, this is done by extracting
the statements of each text and comparing their alignment.

« Semantic similarity: Resemblance between the answer and the ground-truth, this can offer
valuable insights into the quality of the generated response.

While RAGAS’s LLM-as-judge approach facilitates large-scale, reproducible evaluation, it may inherit
bias from the judge model (GPT-3.5-turbo) and can be sensitive to prompt formulation. Future work
should include complementary human evaluation or diverse judge models to mitigate these biases.

4.3. Results

To compute these results, expected definitions for the test concepts have been manually extracted from
the knowledge base as well as outside of the scope of the technological domain in order to compare
them to the generated answer.

The test concepts are a selection of 20 technical terms that may or may not appear in the said
knowledge base, as well as some other concepts outside of the computing domain. This selection
has been optimised to ensure the evaluation of correct definitions as well as outside-of-the-scope
performance. Table 2 shows the concepts used in the evaluation.

Based on the results shown in Table 1, it is clear that Llama-3-8b-Instruct substantially outperforms
the other models. The decision between using Llama-3 and Llama-3.2 was grounded in their behaviour
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Figure 3: Comparison of average performance metrics across the models.

when faced with the out-of-the-scope concepts, as in the case of ‘University of Jaén’. In these cases,
Llama-3 always returns the predefined response informing that the concept is not in the knowledge
base. In contrast, models like Mistral or Salamandra generate an incorrect definition, or in other words,
it hallucinates.

Llama-3.2 often generates an answer that indicates the same sentiment of the default out-of-the-scope
answer, but in this system we also take into account the strict following of the rules indicated on the
prompt: ’If the concept does not appear in the context provided or you cannot extract a definition in it,
return the default phrase <Retrieving a definition for the concept is not possible with this context> and
nothing else’.

Therefore, after analysing these results, we conclude that a RAG methodology, specially based on
inference on Llama-3 instruct-tuned models, can be used for the extraction of definitions of scientific
scope, thus validating the hypothesis of this work.

5. Conclusion

This work has demonstrated the effectiveness of using LLMs, specifically the ones from the Llama
3 family, for definition extraction using a retrieval-augmented generation (RAG) architecture. Our
approach addresses and overcomes the limitations of traditional methods and sentence classification
algorithms by properly considering context.

Experimentation shows that Llama-3-8b-Instruct offers higher performance and avoids the hallucina-
tions common in other models, standing out as the most suitable choice for this system. The completed
results shown in Figure 3, in which the average result for each metric across 20 reference examples is
averaged per model, illustrate both the efficiency of LLMs in this task and how useful LLM-as-judge is
in the evaluation of RAG architectures.

This approach not only allows the knowledge base to be extended seamlessly, but also provides a
system capable of generating coherent, natural-language, multi-document definitions for the user, such
us the one shown in Figure 4, marking a significant advance in NLP and opening new avenues for
future research.

Several promising research directions emerge from this study. First, we propose extending the current
RAG architecture to incorporate multi-lingual definition extraction, which would significantly broaden
the system’s applicability across different linguistic contexts.

Another critical avenue for investigation involves developing more sophisticated evaluation metrics
that can more comprehensively assess the nuanced quality of generated definitions beyond current
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Figure 4: DefRAG system: user interface definition page.

quantitative measures. Furthermore, integrating active learning techniques could potentially improve
the system’s ability to identify and learn from ambiguous or edge-case definitional contexts. Lastly,
investigating the potential of combining this RAG approach with emerging multimodal language models
could open up innovative ways of extracting and representing definitions.
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