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Abstract. Information retrieval plays an important role in everyday tasks, especially when it comes to
documentation. Retrieving information about private documentation used to build other software is very
challenging due to its absence on the internet, meaning there is no information about it beyond its own
documentation. Due to concerns about confidential data, using external proprietary systems is prohibited.
Motivated by this, in this study, we present Mycroft, a retrieval system that leverages the Retrieval Aug-
mented Generation technique to find a feasible approach that improves search and information retrieval
requested by users about the documentation. To implement this system, a dataset of questions and an-
swers about the documentation was generated for evaluation. The system was developed on-premise using
open-source Large Language Models and evaluated using Natural Language Processing metrics and human
evaluation to validate the generated answers. Following an extensive evaluation of the results, the proposed
retrieval system demonstrated satisfactory performance in addressing user queries and achieved favorable
outcomes in human evaluation, indicating its utility.
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1 Introduction

This paper is an extension of work originally presented at the 11th International Confer-
ence on Computer Science, Engineering and Applications (CSEA 2025) [1]. Information
Retrieval has developed an important role in day-to-day tasks. It has become part of daily
routines for most people due to the need for rapid information and decision-making [2, 3].
It is present in many forms, such as internet browsing, virtual assistants, and chatbots [2].
With the advance of deep learning algorithms, information retrieval systems have been sig-
nificantly improved [4], especially with the rise of Large Language Models (LLMs), which
have been revealed as suitable for question-answering applications [5].

With the capacity of LLMs in question answering, it is possible to reduce both time and
effort in information retrieval [4]. However, using cloud computing tools and commercial
LLM raises security concerns due to the possibility of data leaks. As an alternative, open-
source LLMs can be deployed on-premise server [4].

Large Language Models require prior knowledge acquired from training about a subject
to answer a query. When unaware of the subject, it hallucinates [6]. An approach for
building LLM applications without training them is the Retrieval-Augmented Generation
(RAG) [4], which addresses this limitation by using an external source of information as
context for response generation [7, 8].

RAG systems are considered a good choice for handling private information, as they
leverage the LLMs’ Natural Language Processing (NLP) capabilities without requiring
the computational power needed to train an LLM model [4]. RAG systems are being
implemented in various fields such as health, law, software, biology, and finance [9-13].

These systems are built on proprietary organizational documents that were not part of
the LLM training. These documents are extensive and vital for private and governmental
organizations, sometimes making it a time-consuming task to search and consult this
information in daily routines [4].
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In this work, Mycroft (a RAG system) is proposed to answer user questions about
a private Software Development Kit (SDK) used internally in the organization. For this
purpose, the documentation is used as a source of information by indexing it in a vector
store database and retrieve it for the LLM context to answer the user’s query.

This paper is organized as follows: Section 2 presents the background and related
works, listing similar contributions and results achieved. Section 3 outlines the methodol-
ogy, describing the approaches used to achieve the results. Section 4 reports the results,
Section 5 presents the lessons learned and threats to validity, while Section 6 concludes
by discussing the experimental outcomes.

2 Background

LLMs are trained with massive databases from different areas of knowledge, enabling them
to answer a wide range of questions across various subjects [14]. However, when it comes
to private data, they have a high probability of hallucinating in their responses [6], as they
have never encountered such data. One of the commonly used approaches to address this
issue it the RAG [7].

The RAG approach consists of a pipeline that first breaks down documents into small
pieces, then indexes these pieces in a vector database. This database is consulted when
a query about related documentation is made. The information relevant to the query is
retrieved and passed to the LLM as context to answer the user’s question [7]. To enhance
the LLM response, various strategies are employed in the RAG pipeline. These include
breaking down documents into different sizes, indexing information as metadata in the
database, utilizing entity graphs, and leveraging other LLMs to retrieve more refined data
for the LLM context. All these strategies are detailed in the Related Works subsection.

The RAG has been applied in various domain-specific areas and has demonstrated sig-
nificant efficiency with adjustments in the pipeline for specific tasks in knowledge domains.
Some authors modify the chunking strategy, the embedding model, the LLM’s prompt,
and the LLM model, as seen in the papers studied in the survey [15]. One advantage of
RAG is that it is easier to keep the LLM model response up-to-date, as it only requires
updating the external source of information. Consequently, the RAG system will use this
updated version to query and answer queries [16].

To evaluate the generated answers against ground truth, we employed Bilingual Eval-
uation Understudy (BLEU) [17] and Recall-Oriented Understudy for Gisting Evaluation
(ROUGE) [18]. Human evaluation assessed the proposed RAG answers by verifying their
responses based on the method outlined in paper [11], focusing on Adequacy, Usefulness,
and Relevance. These metrics are widely adopted in related works cited in this paper.

The BLEU metric evaluates n-grams matches between a generated and reference sen-
tence [17]. N-grams are sequences of contiguous words. The longer the n-grams matched
sequence, the better the score. While the BLEU metric is effective for evaluating word
order and precision, it is limited in contextual and semantic understanding. Words with
similar meanings but differing from the reference may reduce the score.

ROUGUE metric calculates the proportion of matched n-grams between the generated
and reference sentences [18]. The score reflects the proportion of matched n-grams relative
to reference n-grams. Unlike BLEU metric, ROUGUE emphasizes how much information
from the reference appears in the generated sentence.

Additionally, we evaluated semantic similarity using the RAGAS! framework and
BERTScore [19]. These metrics convert candidate and reference texts into numeric vector

! https://docs.ragas.io/
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representations, measuring their semantic proximity using cosine similarity [20]. By cap-
turing the semantic meaning of sentences, they ensure that different sentences with the
same meaning are not penalized.

2.1 Related Works

Recently, different types of RAG architectures have been applied in various domains, aim-
ing to achieve the best balance between answer generation and computational resources.
For this purpose, small open-source LLMs with 1, 3, 7, and 8 billion parameters have been
widely used across a variety of research fields, as described in the works [21,10,11,4,13]
where different small open-source LLMs are employed to generate answers. These models
differ in the specific domain knowledge applied by RAG and the pipeline used for infor-
mation retrieval and answer generation. To achieve better results, various adjustments are
made.

In the work [21] the authors used 12 different metrics to evaluate the LLM models’
responses. Mistral:7B achieved the best score in 10 of them, although the authors used
Mistral: 7B to generate answers and questions for experiments, which may have biased the
results.

The work [10] utilized Llama3.2:3B for chunk relevance checking and query refinement
and employed Mixtral8x7B, Llama3.1:8B, and Gemma2:9B for answer generation. The
authors compared the results using human evaluation and cosine similarity. Llama3.1:8B
secured the best scores in both evaluation types.

The study [11] the LLM models Gemma2:2B, Llama3.2:1B and Phi3-mini:3.8B were
utilized. The authors evaluated the context retrieval phase by calculating context recall
using the RAGAS framework and an LLM as a judge, comparing retrieved chunks with
the ground truth reference. The chosen LLM for this task was Llama3:8B, and to eval-
uate generated answers, they used Natural Language Processing metrics such as Bilin-
gual Evaluation Understudy(BLEU), Recall-Oriented Understudy for Gisting Evaluation
(ROUGE), and Metric for Evaluation of Translation with Explicit Ordering (METEOR).
The best embedding model was stella_v5, and the best LLM for generating answers was
Phi3-mini.

The work [4] proposed an entity tree, which is searched alongside relevant document
retrieval from the database. If a user query mentions an entity, it is searched in the tree
and added to the LLM context along with the retrieved documents. They experimented
with the Llama2:7B base model and a fine-tuned version answered 21 questions correctly.
However, the author also used Llama2:7B to generate questions and answers for validation.

The work [13] focused on how document chunks were split. They utilized a sentence
transformer trained on over 256M questions and answers to split documents into sizes of
128, 256, and 512 tokens. Texts smaller than 2048 characters were concatenated until this
limit was reached or a title or table was encountered in the document. They evaluated
retrieval accuracy using ROUGE and BLEU metrics by comparing retrieved chunks with
ground truth paragraphs. A chunk size of 512 yielded better results for answer generation,
as it captures more context. However, in some cases, it adds irrelevant information to the
context and misses important details.

3 Mycroft - Retrieval Augmented Generation for SDK Documentation

Coding scripts with an internally developed SDK tool is not always easy, even with its
documentation, it can take some time to find answers to the questions that arise during
the development phase.
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In this regard, software engineers frequently consult technical documentation not only
to create new scripts but also to maintain existing scripts with new features that are
released and upgrade deprecations.

The software documentation referred here pertains to a private Python SDK hosted as
web pages. It is organized into sections, each focusing on a class with a brief explanation of
its purpose. Each class is divided into constants and methods. For every method, there is a
section with a brief explanation, the function’s parameters, and one or two code examples
illustrating its usage.

The documentation includes two additional sections. The first section covers errors
generated by the SDK, with descriptions for each error. The other section discusses the
constants provided by the SDK, detailing their purposes and example code.

One concern is about confidential data [22], using external proprietary LLMs such as
ChatGPT?, Grok® and Claude* requires sending the data to external servers, which may
facilitate data leaks [23]. As stated in the work [24], the data usage policy of closed-source
LLM models allows them to utilize the provided data to retraining their models, making
public the data that should remain private.

To mitigate this issue, open source LLMs on-premise can be used [25]. Another con-
cern is about computational capacity, as LLMs increase in size they also demand more
computational resources. Therefore, small models are more suitable for our resources.

The selected LLM models were open-source, with fewer than 8 billion parameters,
which were the most recent available at the time. These models delivered reasonable
performance in benchmark evaluations for coding, math, and general capabilities. The
models included: qwen2.5:7b [26], qwen3:8b [27], llama3.1:8b [28], and mistral:7b [29].
Their lower hardware requirements allowed us to run them on a Dell PowerEdge R640
server with two Intel Xeon Gold 6154 CPU @ 3.00GHz and twelve 16GB 266MHz RAM.

The only exception among the small sized LLMs was the Qwen2.5:14B [26], which we
used to assist in generating a question dataset for the experiments. This model also ran on
the same server but was significantly slower than the small models due to its larger size.
It was the largest model we were able to run due to our limited resources. The dataset
generation process will be detailed in the following subsection.

This Section describes the methodology used to develop a RAG pipeline for retrieving
information about a private Python SDK documentation used internally within an orga-
nization. It outlines the creation of a dataset for test experiments and the RAG approach,
which includes documentation pre-processing, embedding generation, and evaluation met-
rics.

3.1 Dataset Creation

To validate RAG efficiency, a validation dataset is required. First, we extracted the docu-
mentation text from GitHub web pages. Therefore, we created a Python script to scrape
the documentation by navigating recursively through each section until all documentation
was saved in text files. Alongside each section, we included a header with the page URL
and the corresponding class to ensure precise tracking and prevent retrieval errors. This
process is illustrated in Figure 1.

After scrapping the documentation, it was divided into 2000-character chunks and
passed to the LLM Qwen2.5:14B [26] with a prompt to generate relevant and concise

2 https://openai.com/
3 https://x.ai/grok
* https://claude.ai/
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Fig. 1. Documentation Scrapper

questions with ground truth answers for each chunk. Care was taken to exclude the LLM
used for generating the questions and answers dataset to avoid bias.

A human evaluation process assessed the correctness and relevance of the questions
and answers. The team improved irrelevant or incorrect items by adding relevant details,
ensuring more complete context for the LLM to regenerate the question and answer.

A second human evaluation followed, ensuring no errors remained and classifying the
questions into three difficulty levels: easy, medium, and hard. Easy-level questions had
straightforward answers in the documentation, medium-level questions required combining
two different chunks for a complete answer, and hard-level questions needed more than two
relevant chunks and involved combining retrieved information with user-provided details.
By the end of this phase, 302 questions with verified ground truth answers were generated:
29 hard, 84 medium, and 189 easy.

3.2 RAG methodology

The objective of this study is to facilitate the process of retrieving information about SDK
documentation to assist software engineers in their development and maintenance tasks.
Therefore, it explored the combination of different techniques to extract relevant infor-
mation and used 4 LLMs to generate answers for domain-specific questions. We defined 3
research questions:

— RQ1: Which combination of documentation chunking and embedding model contributed
to the most accurate responses?

— RQ2: Which Large Language Model provided the best responses?

— RQ3: How good are the responses according to users’ opinion?

Documentation chunking. To enhance context information for generative LLMs, two
approaches for document chunking were tested. For both methods, we tracked headers
created during the scraping phase and stored them with the content. The first step in-
volved dividing and identifying text and Python code within each document section, then
separating them into text and code sections.

One chunk approach used a text recursive splitter to break down the section’s text into
chunks of 500 characters with 100-character overlaps. Then, we used a Python recursive
splitter with the same number of characters as the text chunks to segment the Python
code, as illustrated in Figure 2.

The other approach involves directly using the documentation sections that contain
the class, its description, and code as a single chunk. This method keeps the entire section’s
information together within one chunk, while another chunk contains information about
a different section. This approach is illustrated in Figure 2.
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Segmenting the documentation into chunks improves contextual relevancy and prevents
the LLM context window from overflowing with large documents to process [30]. All chunks
are less than 1300 tokens, and all LLMs used in the experiments have context windows
up to 8k tokens. The objective of these two chunk approaches is to determine which type
(smaller or large) has a greater impact on the LLM answer.

Document Chunking

Chunks by sections

Section Section
Class Class
Description... Description...
Code... Code...
\ 4
Q N - Z, Embedding .ec =
. |
N =-— Model Database
Document Division A

Chunks by text splitters

SDK Documentation 3

Recursive Character Python Code
Text Splitter Text Splitter

Fig. 2. Chunk strategies

Indexing. In this phase, the chunks extracted from the documentation undergo a process
to transform them into numeric vector representations called vector embeddings, which
are stored in a vector database [31]. Two embedding models, BGE-M3 [32] and nomic-
embed-text-v1.5 [33], were selected to generate the vector embeddings for indexing in the
Qdrant® vector database. The documentation chunking and indexing phases are executed
only once to store the documentation in the database. Consequently, this information is
consulted during information retrieval.

Retrieval After the documentation is divided into chunks and indexed by Qdrant, the
retrieval process is ready to start receiving queries about the SDK documentation. Qdrant
will convert the question into a vector embedding chunk using the same embedding model,
then it will search for similar vectors in the database using semantic similarity. By default,
the search will retrieve 4 documents that will be passed to the generative LLM, which will
use these documents as context to formulate an answer for the user query, as shown in
Figure 3.

Generation During the generation phase, the LLM is prompted to use the retrieved
documents from Qdrant and to answer the user’s query based on this domain-specific
retrieved context as demonstrated in Figure 4. The prompt guides the LLM to act as an
assistant providing explanations on how to use a Python SDK according to the retrieved
context.

If the retrieved context is insufficient to answer the query, the LLM is instructed to
state that it lacks information, with the aim of preventing hallucinations. At the end of the

5 https://qdrant.tech/
26



International Journal on Natural Language Computing (IINLC) Vol.15, No.1/2, April 2026
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Fig. 3. Retrieval Augmented Generation - RAG

prompt, a retrieved context field is included, populated with documents from the Qdrant
database, and a user query field. When the LLM is called, these fields are filled with actual
data. Once the prompt template is populated with the retrieved context, the LLM infers
an answer.

LLM Model

User's query

System Promp Template

N

User
Similarity Search ) UsEer's query
- - Embedding - You are a helpful assistant who provides help

Vector Model with explanafions of Now to use a Software

Database Development Kit (SDK) according to its
documentation that is provided in the context...

Here is Context: {context}

> Answer the user query: {guery}in

K maost similar documents

Model's answer

Fig. 4. System Template

To select an LLM, four generative models were compared: qwen2.5:7b [26], qwen3:8b
[27], llama3.1:8b [28], and mistral:7b [29]. These models were chosen due to hardware
restrictions and organizational policies for cloud applications. Open-source and smaller
LLMs enabled on-premise deployment, ensuring private data security while balancing per-
formance and computational efficiency.

3.3 Evaluation metrics

A combination of each chunk strategy with an embedding model and a generative LLM
model has been implemented, resulting in 16 distinct experiments.

The Nomic embedding model was selected to generate vector embeddings for the LLM
answer and ground truths for comparison within the RAGAS framework for semantic
similarity. To compute BERTScore, the bertbase-uncased model was utilized.

Evaluation Tools For human evaluation, detailed in the following Section, we developed
a front-end tool in React, as proposed in the work [34], to provide an easy interface for
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volunteers to evaluate the generated answers. For each experiment, we stored the results
including questions, retrieved chunks, and generated answers in a JSON file and uploaded
it to our front-end tool.

The front-end tool, illustrated in Figure 5, allowed volunteers to upload a JSON file
containing questions, generated answers, retrieved chunks and ground truth. They could
also view the question, the generated answer besides the expected answer, and the chunks
retrieved by the RAG. They used the five options explained in the previous Section to
evaluate the Adequacy, Usefulness, and Relevance of the generated answer.

Tools for evaluation model response

1/20

< Prev Next >

O

Clique to upload

Question: ?

Model Response Expected Response

[What s the adequacy for he generated answer?

[Fiow Useful Go you evaluate e generated answer? Fow relevant 0o you evaluate Ihe generaied answer?
(Adequacy) (Usetuiness) (Relevance) )

0 Incorrect O Inaccurate O Acceptable O good
0 Execellent 0 Incorrect O Inaccurate O Acceptable O good O Incorrect O Inaccurate O Acceptable O good
0 Execellent O Execellent

Fig. 5. Human Evaluation Tool

To evaluate the metrics BLEU, ROUGE, and semantic similarity, we selected the
open-source RAGAS framework. It offered the necessary metrics and was straightforward
to use, requiring minimal configuration. Integration with external systems or tools was
unnecessary since we avoided metrics that required an LLM as a judge. Additionally, we
used the BERTScore library in a Python script to calculate this metric, which was also
simple to use.

3.4 Human Evaluation Methodology

Before conducting the human evaluation, we instructed users on how to evaluate responses
and set thresholds for each feedback category. They were also briefed about the evaluation
system.

The human evaluation consisted of 4 rounds, with only one round conducted per day
for 12 evaluators, who were end users from the organization. The criteria for evaluating
each generated answer were:

— Adequacy examines the quality of responses based on their completeness and richness;

— Usefulness judges the actual value of the answer helping to understand and perform
the task effectively;

— Relevance measures the LLM response accuracy to the ground truth.
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Each criterion was evaluated by developers using five-point Likert scale: Incorrect if the
answer was totally incorrect; Inaccurate if the answer contained more wrong statements
than correct ones; Acceptable if most statements were correct; Good if all statements were
correct; Excellent if the answer was detailed and explained with examples beyond the
ground truth.

4 Results and Discussion

This Section evaluates and analyzes results for metrics such as BLEU, Rouge, Semantic
Similarity, and Bert Score. Scores range from 0 to 1, with higher values indicating superior
performance and 1 representing the optimal result.

The subsequent tables break down these metrics for each LLM, embedding model, and
chunk strategy. Tables 1, 2, and 3 present the scores for easy, medium, and hard question
levels, respectively, allowing a comparison of their relative strengths and weaknesses. The
top metric value per model appears in bold, and the highest values are bolded and grayed
out for emphasis.

Table 1 shows that for easy-level questions, the split chunk method achieved higher or
equal Semantic Similarity scores compared to the Section chunk method, regardless of the
LLM and Embedding model used. No other patterns emerged between the chunk method
and other metrics. In general, Llamag3.1:8B achieved higher results with BGE-M3 and the
Section chunk method; Mistral:7B also used BGE-M3 but performed better with the Split
chunk method; Qwen2.5:7B using Nomic-V.15 and the Split chunk method yielded the
highest values for most metrics; and Qwen3:8B did not show any pipeline with more than
one highest-value metric. Qwen3:8B BERTScore and BLEU results were lower than those
of Qwen2.5:7B, while Semantic Similarity remained similar. The Rouge score improved
over the previous model.

Table 1. Model Scores for Easy Level Question

LLM Embedding|Chunk|Sem. Sim. BERTScore BLEU ROUGE

BGE-M3 |Section 0.892 0.785 0.437 | 0.378

Llama3.1:8B BGE-M3 Split 0.895 0.780 0.422 0.373
Nomic-V1.5 |Section 0.889 0.776 0.412 0.369

Nomic-V1.5 | Split 0.892 0.784 0.399 | 0.384

BGE-M3 |Section 0.890 0.765 0.456 0.351

Mistral:7B BGE-M3 Split 0.897 0.771 0.453 | 0.367
Nomic-V1.5 |Section 0.895 0.769 0.470 0.358

Nomic-V1.5 | Split 0.895 0.770 0.443 0.364

BGE-M3 |Section 0.905 0.790 0.473 0.408

Qwen2.5:7B BGE-M3 Split 0.905 0.790 0.485 0.397
Nomic-V1.5 |Section 0.904 0.792 0.497 0.409

Nomic-V1.5 | Split 0.911 0.794 0.490 | 0.410

BGE-M3 |Section 0.905 0.789 0.425 0.411

Qwen3:8B BGE-M3 Split 0.908 0.785 0.425 | 0.423
Nomic-V1.5 |Section 0.906 0.784 0.431 0.411

Nomic-V1.5 | Split 0.910 0.784 0.425 0.415

Table 2 shows that for medium-level questions. No pattern was found for any metric,
the best scores varies for each metric. Qwen2.5:7B showed the greater score with BGE-
M3 embedding and split chunks, reaching highest Semantic Similarity score of 0.893. For
BLEU scores the highest score achieved by Qwen2.5:7B paired with section chunks and
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Nomic-V1.5 embedding model. For BERTScore, the Split chunk strategy with Nomic-
V1.5 embedding proved the best score with Qwen2.5:7B among the LLMs. Qwen2.5:7B,
demonstrated consistent higher performance across multiple metrics, achieving the high-
est values in Semantic Similarity (0.893), BLEU (0.459), and BERTScore (0.783), while
Qwen3:8B showed improved ROUGE scores compared to its predecessor but maintained
similar performance in other metrics.

Table 2. Model Scores for Medium Level Question

LLM Embedding|Chunk|Sem. Sim. BERTScore| BLEU ROUGE

BGE-M3 |Section 0.880 0.770 0.393 0.342

Llama3.1:8B BGE-M3 Split 0.881 0.774 0.397 0.350
Nomic-V1.5 |Section 0.872 0.761 0.418 0.345

Nomic-V1.5 | Split 0.886 0.779 0.406 | 0.361

BGE-M3 |Section 0.879 0.770 0.424 | 0.351

Mistral:7B BGE-M3 Split 0.886 0.764 0.418 0.340
Nomic-V1.5 |Section 0.884 0.767 0.451 0.342

Nomic-V1.5 | Split 0.886 0.766 0.427 0.340

BGE-M3 |Section 0.869 0.778 0.441 0.358

Qwen2.5:7B BGE-M3 Split 0.893 0.781 0.454 | 0.371
Nomic-V1.5 |Section 0.884 0.779 0.459 0.363

Nomic-V1.5 | Split 0.891 0.783 0.445 0.368

BGE-M3 |Section 0.886 0.774 0.394 0.366

Qwen3:8B BGE-M3 Split 0.890 0.772 0.410 | 0.368
Nomic-V1.5 |Section 0.885 0.773 0.401 0.369

Nomic-V1.5 | Split 0.892 0.779 0.403 | 0.388

Table 3 shows that for hard-level questions, the scores became more diverse. For Se-
mantic Similarity, Mistral:7B and Qwen2.5:7B achieved highest score of 0.873 with dif-
ferent configurations, Qwen2.5 using Nomic-V1.5 with Split chunks, while Mistral paired
with BGE-M3. Llama3.1:8B showed the same performance for Semantic Similarity when
using Nomic-V1.5 embedding, for both chunk strategies achieving the score 0.861. For
BERTScore, Qwen2.5:7B achieved the highest score of 0.759 with BGE-M3 and Split
chunks. For BLEU metric Qwen2.5:7B achieved the best score of 0.484 using Nomic-V1.5
and Section chunks. For ROUGE scores, Qwen3:8B achieved the highest value of 0.335 with
BGE-M3 and Split chunks. For hard level questions, BLEU and Rouge metrics achieved
the the lowest scores in comparison to easy and medium question levels.

The overall results for evaluated metrics across all question levels is shown in Table 4.
All four LLMs achieved higher BLEU scores with the section chunk method. The Nomic
embedding model paired best with this strategy for Mistral, Qwen2.5, and Qwen3, while
BGE-M3 performed optimally for Llamad.1.

For the ROUGE score, the best chunk strategy was the split method, which, when com-
bined with the nomic-v1.5 embedding model, achieved better results for Mistral, Llama3.1,
and Qwen2.5. For Qwen3, the best result was achieved by combining it with the bge-m3
embedding model.

Regarding semantic similarity, the split chunk strategy proved most effective for overall
questions, achieving the highest scores for Llamagd.1, Qwen2.5, and Qwen3 when paired
with nomic, while Mistral performed better with bge-m3.

For BertScore, the best chunk method for Mistral resulted in a tie, as Mistral achieved
the same score with both nomic combined with section and split chunk. For Llama3.1,
Qwen2.5, and Qwen3, the nomic and split chunk method yielded better performance.
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Table 3. Model Scores for Hard Level Question

LLM Embedding|Chunk|Sem. Sim. BERTScore| BLEU ROUGE

BGE-M3 |Section 0.832 0.727 0.331 0.258

Llama3.1:8B BGE-M3 Split 0.847 0.729 0.357 | 0.277
Nomic-V1.5 |Section 0.861 0.755 0.339 0.290

Nomic-V1.5 | Split 0.861 0.746 0.324 | 0.298

BGE-M3 |Section 0.862 0.754 0.402 0.310

Mistral:7B BGE-M3 Split 0.873 0.744 0.372 0.294
Nomic-V1.5 |Section 0.852 0.756 0.427 | 0.306

Nomic-V1.5 | Split 0.850 0.751 0.410 | 0.313

BGE-M3 |Section 0.844 0.752 0.424 0.303

Qwen2.5:7B BGE-M3 Split 0.856 0.759 0.422 0.322
Nomic-V1.5 |Section 0.864 0.754 0.484 | 0.323

Nomic-V1.5 | Split 0.873 0.756 0.446 0.318

BGE-M3 |Section 0.865 0.734 0.351 0.315

Qwen3:8B BGE-M3 Split 0.866 0.746 0.317 | 0.335
Nomic-V1.5 |Section 0.872 0.737 0.363 | 0.323

Nomic-V1.5 | Split 0.857 0.735 0.357 0.312

To address RQ1, we tested various document chunking and embedding techniques.
The combination of the split chunk method and the nomic-v1.5 embedding model slightly
outperformed others, achieving the highest scores in 2 out of 4 LLMs for overall scores,
the exception was the withdraw in Mistral:7B and Qwen3:8B where each metric had its
best score with a different embedding model and chunk strategy.

This result indicates that split chunk strategy retrieves more relevant information than
section chunk. Increasing the quantity of information per chunk does not always positively
impact the LLM’s response, as it may introduce irrelevant or redundant information, since
section chunks are about 50% larger than split chunks. Conversely, providing smaller pieces
of information adds variety and enriches the LLM’s context for improved responses, this
might be because some questions needed specific information from different parts of the
documentation.

Table 4. Overall scores

LLM Embedding|Chunk|Sem. Sim. BERTScore| BLEU ROUGE

BGE-M3 |Section| 0.883 0.775 0.414| 0.357

BGE-M3 | Split 0.886 0.774 0.409 | 0.357

Llama3 1:8B | \( i V1.5 |Section|  0.882 0.770 0.407 | 0.354
Nomic-V1.5 | Split | 0.888 0.779 0.394 | 0.369

BGE-M3 |Section| 0.884 0.765 0.442 | 0.347

. BGE-M3 | Split | 0.892 0.767 0.435 | 0.352
Mistral:TB | \( e V1.5 |Section|  0.888 0.767 | 0.461 | 0.349
Nomic-V1.5 | Split 0.888 0.767 0.435 | 0.353

BGE-M3 |Section| 0.889 0.783 0.459 | 0.384

BGE-M3 | Split 0.897 0.784 0.470 | 0.383

Qwen2.5:7B |\ ie-V1.5 | Section|  0.895 0.785 0.485 | 0.388
Nomic-V1.5 | Split | 0.902 0.788 0.473 | 0.389

BGE-M3 |Section| 0.896 0.779 0.410 | 0.390

Quwen3:SB BGE-M3 | Split 0.899 0.778 0.411 | 0.399
Nomic-V1.5 |Section 0.897 0.776 0.416 0.391

Nomic-V1.5 | Split | 0.900 0.778 0.413 | 0.398

For RQ2, we evaluated four different LLM models. Referring to the overall scores in Ta-
ble 4, the Qwen2.5:7B model achieved the highest scores in most metrics such Qwen2.5:7B
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excelled in BLEU (0.485), semantic similarity (0.902), and BERTScore (0.788), the excep-
tion was for the ROUGE score, where Qwen3:8B outperformed it with 0.39.

Qwen2.5 achieved the highest scores in most metrics. The easy level obtained better
scores than the medium level, and the model performed better for medium level questions
than for hard level ones. The other three models exhibited similar behavior, with scores
decreasing as questions became more challenging. This outcome was expected, as answering
harder level questions required more refined and combined chunks, necessitating greater
refinement to generate better answers.

The human evaluation average scores range from 1 to 5 and are presented in Table
5. This evaluation aimed to assess the answers generated by the optimal combination of
chunk strategy and embedding model for each LLM model.

For human evaluation, we selected the combination that achieved the highest scores
across most metrics for each LLM. Therefore, the selected models were: Llama3.1, Mis-
tral, Qwen2.5 paired with split chunks and nomic-v1.5, and Qwen3 paired with section
chunks and BGE-M3. The Qwen2.5:7B model achieved the highest average score across all
three evaluated aspects, with the following average scores and their respective standard
deviations (std.): Adequacy 3.27 (1.24), Relevance 3.36 (1.24), and Usefulness 3.36 (1.23).

Table 6 shows Qwen2.5:7B human evaluation scores by question level. It is possible to
notice that as the difficulty level increases, the scores decrease. This behavior is observed
across all four models used in this experiment. This clarifies the tendency to reduce the
score as questions become more difficult, a trend already mentioned in the metrics results.

Table 5. Human Evaluation - Overall Scores

Model |Adequacy|Relevance|Usefulness
Qwen2.5:7B 3.27 3.36 3.36
Llama3.1:8B 3.20 3.22 3.22

Mistral:7B 3.02 3.05 3.04
Qwen3:8B 2.97 2.99 2.99

Table 6. Human Evaluation - Model Scores by Question Level

LLM Level |Adequacy|Relevance|Usefulness
Easy 3.17 3.19 3.18
Mistral:7B Medium 2.81 2.83 2.81
Hard 2.71 2.72 2.74
Easy 3.56 3.67 3.66
Qwen2.5:7B  |Medium 2.82 2.85 2.90
Hard 2.70 2.79 2.78
Easy 3.24 3.26 3.26
Qwen3:8B Medium 2.42 2.44 2.45
Hard 2.81 2.85 2.86
Easy 3.37 3.37 3.37
Llama3.1:8B |Medium 3.04 3.05 3.06
Hard 2.64 2.68 2.68

For RQ3, Qwen2.5:7B also was the best model evaluated during the human evalua-
tion phase, with a moderate standard deviation value, indicating that evaluators shared
different opinions about generated answers. For overall scores, an adequacy score of 3.27
suggests that the model’s answer was sufficient to address the query. A relevance score of
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3.36 indicates that the answer aligns with the defined ground truth. A usefulness score of
3.36 demonstrates that the model’s answer helps to solve the problem and its solutions
are reasonable.

5 Lessons Learned and Threats to Validity

During the human evaluation we did not measure the LLMs’ hallucinations in generated
answers due to the lack of volunteers to conduct this type of inspection manually. We were
limited by computational resources to use an LLM as a judge.

To overcome computational limitations in evaluation, we adopted the BLEU and
ROUGE metrics, which are widely used for NLP evaluations. However, they lack semantic
understanding, as evidenced by their scores all below 0.5. In contrast, semantic similar-
ity and BERTScore scores were all above 0.7. Therefore, adopting semantic similarity
and BERTScore metrics was a reasonable choice to address the limitations of BLEU and
ROUGE metrics.

Among the embedding models, nomic-v1.5 achieved higher scores than BGE-M3. This
indicates that, in the tested domain, the nomic-v1.5 vector of dimension 768 outperformed
BGE-M3, which generated vectors of dimension 1024.

The metrics values and human evaluation scores were very close to each other, indicat-
ing that the chunk strategies had no impact on embedding generation and, consequently,
on the generated answers in the proposed scenarios.

6 Conclusion and Future Work

This paper investigated the application of the RAG technique in an organizational envi-
ronment to assist software engineers to use a private SDK documentation for developing
and maintaining automation scripts. Two distinct chunk methods were used to extract
the documentation, which was then indexed in a vector database with two different em-
bedding models, paired with four LLMs to generate answers to documentation-related
questions. For each combination of chunk method, embedding model, and LLM, metrics
were calculated, and human evaluation was conducted to assess aspects of the generated
answers.

Given the limitations related to data privacy, organizational documentation, and com-
putational resources, we chose to use on-premise small open-source LLMs to implement
the RAG system. As shown in the results, a good perception of the generated answers was
achieved, which is considered suitable for practical use and its integration with a larger
system to provide this documentation assistance is also in course.

The split chunk method, combined with the nomic-v1.5 embedding model, performed
better for three out of four LLMs. The only exception was Qwen3:8B, which performed bet-
ter using BGE-M3 for ROUGE score and Qwen2.5:7B paired with section chunks achieved
the highest score for BLEU metric. Qwen2.5:7B, when paired with split chunks and nomic-
v1.5, achieved the highest scores for semantic similarity and BERTScore metrics. It also
achieved the best scores in human evaluations for the overall score across question lev-
els, with scores tending to decrease as questions became more difficult. This necessitated
improved information refinement in the indexing, retrieval, and generation phases, which
will be addressed in future work.

For future work we intend to explore advanced RAG and modular RAG [7] techniques
to improve results, the intention is that the system correctly answers most of hard level
question. Additionally, tests with additional datasets to assess generalization for other
documentations is also being considered.
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