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Abstract: Generative large language models (LLMs) have revolutionized the development
of knowledge-based systems, enabling new possibilities in applications like ChatGPT,
Bing, and Gemini. Two key strategies for domain adaptation in these systems are Domain-
Specific Fine-Tuning (DFT) and Retrieval-Augmented Generation (RAG). In this study,
we evaluate the performance of RAG and DFT on several LLM architectures, including
GPT-J-6B, OPT-6.7B, LLaMA, and LLaMA-2. We use the ROUGE, BLEU, and METEOR
scores to evaluate the performance of the models. We also measure the performance of the
models with our own designed cosine similarity-based Coverage Score (CS). Our results,
based on experiments across multiple datasets, show that RAG-based systems consistently
outperform those fine-tuned with DFT. Specifically, RAG models outperform DFT by an
average of 17% in ROUGE, 13% in BLEU, and 36% in CS. At the same time, DFT achieves
only a modest advantage in METEOR, suggesting slightly better creative capabilities. We
also highlight the challenges of integrating RAG with DFT, as such integration can lead to
performance degradation. Furthermore, we propose a simplified RAG-based architecture
that maximizes efficiency and reduces hallucination, underscoring the advantages of RAG
in building reliable, domain-adapted knowledge systems.

Keywords: generative large language model; domain-specific fine-tuning; knowledge-
based system; natural language processing; machine and deep learning

1. Introduction
Transformer-based large language models (LLMs) have significantly advanced the

field of natural language processing (NLP) by achieving unprecedented performance across
various linguistic tasks. Notable models such as BERT [1], GPT [2], and XLNet [3], along
with their respective derivatives, have set new benchmarks in areas like text classification,
machine translation, and question-answering. Among these, generative models, particu-
larly GPT, have demonstrated outstanding capabilities in comprehending and generating
human-like text [4]. OpenAI’s GPT architecture, as seen in widely adopted services like
ChatGPT [5] and Microsoft’s Copilot [6], has become a benchmark for generative per-
formance, while competing models such as Google’s PaLM [7], Gemini [8], and Meta’s
open-source LLaMA model [9] are emerging as potent alternatives.
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The most advanced iterations of these LLM families have showcased remarkable
comprehension and text-generation capabilities. As a result, LLMs have redefined NLP
by excelling in various tasks, from generating coherent text to translating languages and
answering complex questions. For instance, these models dominate in benchmarks such as
the Massive Multitask Language Understanding (MMLU) dataset [10], demonstrating their
superior ability to leverage pre-training knowledge. Trained on vast corpora of text and
code, LLMs capture intricate linguistic patterns, enabling them to produce text that closely
mirrors human writing. Beyond general tasks, their full potential becomes evident when
applied to specific domains, as illustrated by the FunSearch algorithm [11], where LLMs
are even employed to solve mathematical problems.

This surge in LLM capabilities has profoundly influenced the evolution of knowledge-
based systems. Historically, such systems depended on structured databases and traditional
querying methods to extract information [12]. However, the contextually aware text
generation capabilities of LLMs present a new paradigm, extending the potential of these
systems beyond mere data retrieval to performing reasoning and knowledge synthesis. This
paradigm shift enables more advanced applications, particularly in question-answering
and information-retrieval tasks [13].

Two primary approaches have emerged to tailor LLMs for domain-specific applica-
tions: domain-specific fine-tuning (DFT) and retrieval-augmented generation (RAG). DFT
allows models to specialize in particular areas by training in domain-specific datasets,
improving performance in tasks such as machine translation [14] and domain-relevant
applications [15]. RAG complements this by integrating external information from relevant
datasets into the prompt, enhancing the accuracy of the model and reducing the need for
frequent retraining [16]. The primacy of these two approaches is further strengthened
by the fact that in fierce development competition, the importance of DFT was demon-
strated by the ChatGPT service. In contrast, the Copilot system showed RAG’s significance.
ChatGPT was the first LLM-based service capable of performing several language tasks
with significant domain knowledge. Although Copilot was among the first to ensemble
Microsoft’s web search engine with an LLM using RAG.

However, integrating these techniques into knowledge-based systems remains a com-
plex task. Standardized methodologies are needed for designing systems that leverage
LLMs, particularly in domain-specific contexts. This gap underscores the need for further
research and clear guidelines. In response to these challenges, this study aims to propose a
structured methodology for constructing knowledge-based systems utilizing LLMs.

Section 2 details the databases used for parameter optimization, configuration, and
method selection. Section 3 outlines our experimental setup, followed by an in-depth dis-
cussion of our methodology in Section 4. Empirical results demonstrating the performance
of various approaches are presented in Section 5, while Sections 6 and 7 synthesize the
essential findings and provide our conclusions and discussions.

2. Data
We applied two approaches to preparing the data. First, we examined how to create

datasets for PDF and Microsoft Word-based scientific publications. The primary motiva-
tion for creating our datasets was to build our system, the effectiveness of which we can
support with measurement results. Second, we composed another dataset for the mea-
surements besides the own-created data. This second dataset was collected from publicly
available data.

For the dataset we created, we curated a collection of specific publications on urban
monitoring and corn cultivation with the help of the National Library of the University of
Debrecen and the Faculty of Agriculture, Food Science, and Environmental Management.
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This corpus, comprising 69 literature works on corn cultivation (CORN) and 83 on urban
monitoring (UB), provided a rich source of domain-specific terminology and concepts.
Each article or book was available to us in PDF or Word format.

As an independent and open-access dataset, we utilized the CORD-19 [17], and
MedQuAD [18,19] datasets. CORD-19 is a freely available repository of thousands of
scientific articles on COVID-19, SARS-CoV-2, and related coronaviruses. This dataset
encompasses thousands of scholarly articles. It is in JSON format and represents about
80 GB of text data. MedQuAD includes 47457 medical question-answer pairs created from
12 NIH websites (e.g., cancer.gov, niddk.nih.gov, GARD, MedlinePlus Health Topics). The
collection covers 37 question types (e.g., Treatment, Diagnosis, Side Effects) associated with
diseases, drugs, and other medical entities such as tests.

3. Experimental Setup
For the design and testing of our solution, we used an NVIDIA DGX A100 workstation

provided by the Faculty of Informatics of the University of Debrecen. The workstation
has a Dual AMD Rome 7742 CPU with 128 cores total (Advanced Micro Devices, Inc.,
Santa Clara, CA, USA), 2 TB system memory, 30 TB of storage, and 8 × 80 GB NVIDIA
A100 GPUs (NVIDIA Corporation, Santa Clara, CA, USA). We always worked with two
GPU units while the CPU and memory were used dynamically.

4. Methodology
To decide whether RAG or DFT is the better approach to create an LLM-based system,

we used the models presented in Section 4.1. The performance of these models was measured
using the metrics given in Section 4.2 for both RAG and DFT applications. For these measure-
ments, we describe in Section 4.3 how we prepared the data, and in Sections 4.4 and 4.5, we
show which settings were applied for DFT and RAG.

4.1. Models

We have selected the LLM models according to the following requirements:

• The models must be LLM, well-documented, and have freely downloadable pre-
trained versions.

• The models have been well implemented. That means they should be part of the
model repository of the HuggingFace [20] and PyTorch [21] development libraries.

• A resource provided by the NVIDIA DGX A100 System (see Section 3) should be
sufficient to train and test the models.

Based on these criteria, we selected the GPT-J-6B [22], OPT-6.7B [23], LLaMA-7B [9],
and LLaMA2-7B [9] models.

4.2. Selected Metrics

The following metrics were used to determine the performance of the different lan-
guage models: Bilingual Evaluation Understudy (BLEU) [24], Recall Oriented Understudy
for Gisting Evaluation (ROUGE) [25], Metric for Evaluation for Translation with Explicit
Ordering scores (METEOR) given by [26], and cosine similarity calculated as

Cosine(x, y) =
xy

∥x∥∥y∥ =
∑n

i=1 xiyi√
∑n

i=1 (xi)2
√

∑n
i=1 (yi)2

, (1)

for x = (x1, . . . , xn), y = (y1, . . . , yn) ∈ Rn.
BLEU is used to measure machine translation performance. BLEU measures n-gram

accuracy, which means it counts how many n-grams of the generated text are found in the
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reference translation. ROUGE is used to measure the performance of machine translation
and text summarization tasks and measures recall, which means that it counts how many
n-grams of the reference translation are found in the generated text. ROUGE is designed to
work around some of BLEU’s limitations. Namely, ROUGE places more emphasis on recall
than BLEU and better takes into account the meaning of the text. The METEOR score is a
metric used to evaluate the quality of machine translation, text summaries, and creative
text formats. It considers the Recall, Precision, and word order of factors to determine how
efficient a model is.

Cosine similarity is also used to measure the similarity of texts. To use it, the text
must be converted into sentence or word vectors, then the cosine similarity between the
vectors must be calculated. A higher cosine similarity means that the texts are more similar
semantically. We applied this approach by dividing the generated and reference text into
sentences with our system and then converting the individual sentences into embedded
vectors using the MiniLM L6 v2 [27] sentence transformer.

We introduced this special application of cosine similarity because models for uni-
formly embedding full texts (document embedding) are not as efficient and sophisticated
as word and sentence embedding models. In general, document-level embedding models
tend to lose finer-grained semantic information in individual sentences, leading to lower
accuracy when comparing texts with significant internal structural variation [28]. There-
fore, we have chosen the following approach. ROUGE, BLEU, and METEOR scores were
used for word-level measurements, while cosine similarity was used for sentence-level
measurements. However, we had to embed the texts sentence by sentence and develop a
measurement formula that compares the generated text and the reference texts sentence by
sentence. This task is solved with our CS formula.

For a formal description of our method to apply cosine similarity, let R = {r1, . . . , rM}
and G = {g1, . . . , gM} denote the reference and generated text, respectively, broken down
to the same number of M corresponding paragraphs ri and gi with i = 1, . . . , M. All the
reference and generated paragraphs consist of sentences represented by their embedded
vectors ri = {rsi,1, rsi,2, . . . } and gi = {gsi,1, gsi,2, . . . } for i = 1, . . . , M. For each reference
sentence rsi,j we find the best matching generated sentence in the corresponding paragraph
gi and calculate their similarity. Finally, as an overall similarity score or Coverage Score (CS)
between the reference text R and the generated one G, we calculate the average similarity
regarding all the composing paragraphs as

CS =
M

∑
i=1

max
k

(
Cosine(rsi,j, gsi,k)

)
M

. (2)

ROUGE, BLEU, METEOR, and cosine similarity are key metrics for evaluating lan-
guage models in real-world applications. ROUGE ensures content coverage, making it
useful for summarization and QA systems. BLEU focuses on n-gram precision, which
is critical for translation and grammatically coherent text generation. METEOR balances
precision, recall, and word order, supporting creative text and personalized recommen-
dations. Cosine similarity captures semantic meaning by comparing text embeddings,
enabling applications like semantic search, clustering, and recommendation engines. These
metrics provide a robust framework for assessing and improving language models in
practical scenarios.

4.3. Data Preparation for RAG and DFT

We used different data preparation approaches for the RAG and DFT. For DFT, we
considered the Q&A dataset-based training method (as it was used for the Stanford Al-
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paca [29]) as a guiding principle. In addition, we created easily searchable datasets for RAG
to identify contexts that support effective responses.

4.3.1. Q&A Datasets for DFT

To prepare Q&A datasets, we split the collected CORN and UB datasets into para-
graphs. In the next step, we converted them to raw text and cleaned them with the help of
human experts.

Regarding CORD-19 data, we extracted a subset from it. We selected the journal
papers based on the following filter criteria:

• The papers must have abstracts.
• They must be included in the PubMed Central repository. The papers must have open

access to medical biology and life science types.
• They must not contain latex elements, so they can also be readable easily and validated

by human experts.

In the MedQuAD dataset, there are incomplete question-answer pairs. Therefore, we
kept only those records where the questions and their corresponding answers, types, and
focus values were fully available.

We divided our datasets CORN, UB, and CORD-19 into paragraphs, taking into
account each model’s tokenizer. When dividing the paragraphs, we worked so that the
individual text parts could not be longer than 256 tokens.

The use of texts no longer than 256 tokens was important to us because the text gen-
eration time of language models is primarily determined by the number of tokens to be
generated. We used the hypothesis that texts consisting of 256 tokens are long enough for so-
phisticated measurement. Furthermore, the generation time required for the measurement
was still manageable within human time with the limits of our available resources.

To create the questions of the Q&A dataset, we used the BERT-based generator [30].
We generated five questions for each paragraph. Duplicates were filtered and removed to
ensure the two questions differed for the same paragraph. Thus, we created a maximum
of five but at least one question in the database for each paragraph. With this, we applied
an oversampling.

The MedQuAD data had expert-validated question-answer pairs. Therefore, to ensure
that they could not be semantically damaged, but in terms of their length, they are the same
as the length of the answers included in the other experimental data sets, we discarded
those pairs where the answers were longer than 256 tokens.

We also created a context-extended version for each dataset using a simple method.
For each question, we created a context-enriched version and a version without context.
Thus, each question and answer pair was represented in the dataset in two copies: one
with context and one without. The goal was to allow the model to learn to answer based
on context while still being able to answer correctly without context.

To build the contexts, we randomly selected four definitely incorrect answers from the
data set and then added the correct answer to this list. Thus, the list of five items contained
one correct and four incorrect answers, and the correct answer was always at the beginning
of the list, as expected from a semantic search when we applied RAG. Finally, we inserted
the context thus created beside the question according to the appropriate prompt template
to simulate the RAG behavior.

Table 1 lists the number of paragraphs and questions in the created Q&A (Q&ACORN ,
Q&AUB, Q&ACORD-19, Q&AMedQuAD) datasets, and Figure 1 shows the distribution of the
number of words in the text for each dataset.
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Table 1. Number of paragraphs and questions of Q&A datasets.

Dataset Paragraphs Questions

Q&ACORN 7058 28,790
Q&AUB 8553 27,974

Q&ACORD-19 18,004 58,290
Q&AMedQuAD 7871 7871

(a) UB (b) CORN

(c) CORD-19 (d) MedQuAD

Figure 1. Distributions of the number of words in the texts by dataset.

4.3.2. RAG Datasets

The performance of RAG is highly contingent on the precision of the contextual infor-
mation used to generate answers. To rigorously assess RAG’s capabilities, we employed
two distinct methodologies.

To generate the datasets used for the RAG, we used the Q&A datasets created from the
CORN, UB, CORD-19, and MedQuAD datasets. We ensured that each paragraph (answers)
was accompanied by at least one corresponding question in these datasets. Each generated
question was transformed into a vector representation using the MiniLM L6 v2 sentence
transformer [31]. This allowed us to measure semantic similarity using our CS metric. In
this setup, answers were drawn from paragraphs containing questions most similar to the
reference, forming our first indexed dataset type (IDq).

In the second approach, we segmented each answer into individual sentences and em-
bedded these sentences using the same MiniLM L6 v2 sentence transformer. We excluded
sentences shorter than 10 words or longer than 30 to optimize embedding efficiency. This
enabled us to manage each sentence as a vectorized index, forming our second type of
indexed dataset (IDs).

For all the datasets CORN, UB, CORD-19, and MedQuAD, both types of indexed
datasets (IDq and IDs) were created. Table 2 summarizes their properties.
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Table 2. Number of vectorized sentences and questions of indexed datasets.

Dataset Sentences (IDs) Questions (IDq)

Q&ACORN 37,874 28,790
Q&AUB 40,002 27,974

Q&ACORD-19 56,861 58,290
Q&AMedQuAD 32,310 7871

4.3.3. Training, Validation, and Test Datasets

We divided the Q&ACORN , Q&AUB, Q&ACORD-19, and Q&AMedQuAD datasets into
training and validation sets in an 80/20 ratio. Due to our question-and-answer generation
methodology, a single answer may correspond to multiple similar questions. Therefore,
we ensured that each question and its corresponding answer appeared only once in the
validation dataset.

To evaluate the models’ inference abilities, we created distinct test datasets. For this,
we used questions and corresponding answers unseen by the models during fine-tuning.
We employed topic modeling based on nested vectors to achieve this, generating three test
datasets from Q&ACORN , Q&AUB, and Q&ACORD-19.

In the first step, we embed all sentences in the IDs datasets with the Sentence Trans-
former. We then reduced the dimensionality of these embeddings from 386 to 2 using
UMAP [32] and subsequently clustered them using HDBSCAN [33]. The clustering param-
eters were set to a maximum of 15 clusters and a minimum of 6 because the optimal results
were obtained when the clusters contained approximately 256 tokens from sentences of
10 to 30 words. Texts outside this word range were excluded. Figure 2 demonstrates the
distribution changes resulting from this filtering process.

After the mapping and clustering, the outlier clusters were removed. We then mea-
sured the exact number of tokens contained in each cluster with the tokenizer of each
model, and we removed clusters with more than 256 tokens.

(a) CORD-19 (b) UB (c) CORN

Figure 2. Distributions of texts between 10 and 30 word counts by dataset.

The final evolution of the number of words and the counts of tokens per model can be
observed for each dataset in Table 3.

Table 3. Maximum number of tokens and words per model for responses in each dataset.

Dataset Words Tokens of
OPT

Tokens of
GPTJ

Tokens of
LLaMA

Tokens of
LLaMA2

Q&ACORN 181 238 237 256 256
Q&AUB 183 238 237 256 256

Q&ACORD-19 186 242 241 256 256
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Finally, we generated questions for the created clusters. The test data created con-
tained 279 (CORN), 311 (CORD-19), and 249 (UB) question-answer pairs. The result of
dimensionality reduction and clustering can be seen in Figures 3 and A6.

Figure 3. Two-dimensional UMAP representation of the CORD-19 dataset.

We utilized the predefined question types for the Q&AMedQuAD dataset, which consists
of expert-curated question-answer pairs, to generate the training, validation, and test
datasets. Specifically, 80% of each question type was allocated to the training set, while 20%
was reserved for validation and testing. From this 20%, we selected 300 entries for the test
dataset, ensuring its size was comparable to the other test datasets.

4.4. Fine Tuning Settings

We fine-tuned our models using standard Hugging Face training code with the fol-
lowing belief hyperparameters in the case of all models:

• loss function: categorical cross-entropy,
• batch size: 4,
• learning rate: 2 × 10−4

• epochs: 5,
• max new token length: 256.

4.5. RAG Settings

We use the LLAMA-2-7b model for RAG, which has been fine-tuned by instruction
and human reinforcement. Therefore, it is well suited for RAG. This is because the models
created in this way train on data that use prompt templates. Prompt templates distinguish
different parts of the text well, making the model more sensitive to which part of the
context it uses to respond. We did not find any variants from the GPT-J-6b and OPT-
6.7b models that underwent reliable instructional fine-tuning, so we excluded them from
the measurement of the RAG performance. LlaMA-2-7b has a maximum input size of
4096 tokens. The size of the input determines the size of the attachable context. For this
reason, we introduced a limit filter to the size of the context.

The filter’s task is to truncate search results that result in an input to the model larger
than 4096 tokens. The input length depends on the question’s length and context. Therefore,
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the filter dynamically manages the length of the allowed context as a function of the size of
the question.

Furthermore, a threshold parameter is introduced to control the number of context
items found. The possible values of the threshold parameter range between 0 and 1, and
context items with a cosine similarity below the threshold are automatically dropped. The
threshold was applied with different values during the evaluation, as discussed below.

5. Results
Our evaluation strategy was to measure the models’ ROUGE, BLEU, and METEOR

scores. Moreover, we calculated the CS of the generated responses compared to the
reference responses according to (1), and (2). In addition, during the evaluation, we
followed the following strategies for measuring fine-tuned models and RAG.

We fine-tuned the GPT-J-6b, OPT-6.7b, LlaMA-7b, and LlaMA-2-7b models with the
datasets Q&ACORN , Q&AUB, Q&ACORD-19, Q&AMedQuAD to make them domain-specific.
For the DFT of the models, we measured the validation accuracy at the end of each epoch
and saved the models. We only evaluated the best-performing models on the test datasets.
To do this, we passed all the questions from the test datasets to the most accurate models.
Finally, we calculated BLEU, ROUGE, and METEOR scores and CS values between the
responses generated by the models and the reference responses.

The DFT process was conducted as outlined in Section 4.4. The models consistently
achieved their lowest validation loss between epochs 2 and 4 during the fine-tuning. The
LlaMA-7b model was the best on the Q&ACORN and Q&ACORD-19 datasets. On the Q&AUD

and Q&AMedQuAD datasets, LlaMA-2-7b performed the best. The GPT-J-6b and OPT-6.7b
models learned with a higher validation loss than the LlaMA models. The DFT results’
measurements are given in more detail in Table A1. Further, the fine-tuning training and
evaluation curves are presented in the Appendix B Figures A2–A5.

In the evaluation of RAG, the context injected and the content of the context are critical.
We defined the filtering by a threshold value based on cosine similarity. The threshold
value specified what was considered relevant information during the search in the dataset.
As described in Section 4.3 dealing with data preparation, we worked with two types of
datasets (IDq, IDs). The measurements were made for all datasets. The threshold values
were defined on a scale from 0 to 1 with a step of 0.1. This meant that in the case of
any question, we discarded matches worse than the threshold value. For example, in the
case of a threshold value of 0.5 and a given question taken from the test dataset, only
those paragraphs (IDq) or sentences (IDs) passed the filter whose indices showed a cosine
similarity greater than 0.5 compared to the reference question. This also means that in
the case of a threshold of 0, everything, and in the case of a threshold of 1, only the 100%
semantic match is accepted. The sentences (IDs) or paragraphs (IDq) that passed the filter
were packaged in a uniform context in descending order of similarity and passed to the
model to try to answer the given question based on it. If the size of the packed context was
more significant than the input of the given model allowed, the context was cut off at the
maximum input size.

Through these rules, we controlled the size and quality of the context. We gen-
erated answers to all questions in the test dataset using all the indexed databases
IDCORN,UB,CORD−19,MedQuAD

q and IDCORN,UB,CORD−19,MedQuAD
s . Finally, we calculated

BLEU, ROUGE, and METEOR scores and CS values between the responses generated
by the models and the reference responses.

We summarize our measurement results as radar plots in Figures 4 and A1, illustrating
the models’ relative performance. Furthermore, Table 4 presents the average performance
of each model approach. The results in Table 4, and Figures 4 and A1 show that both



Mach. Learn. Knowl. Extr. 2025, 7, 15 10 of 18

DFT and RAG outperformed the baseline, i.e., the version of LlaMA-2-7b run without
DFT and RAG. Furthermore, it can be said that overall, the RAG approach without DFT
performed the best because models subjected to DFT could no longer produce better results
using RAG.

Table 4. Average scores of each approach.

Models ROUGE METEOR BLEU CS

Baseline 0.135164 0.129689 0.002965 0.362269
DFT 0.247349 0.260628 0.060082 0.404662
RAG 0.289601 0.245677 0.068024 0.551685

RAG with DFT 0.229914 0.220869 0.043652 0.366762

(a) CORD-19 (b) MedQuAD

Figure 4. Radar plot of the evaluation results of the CORD-19 and MedQuAD models.

This is further evidenced by the optimal threshold parameters observed during the
application of RAG. The best thresholds for the base LlaMA-2-7b model were an average
of 0.5, whereas, for the DFT LlaMA-2-7b model, the optimal threshold was 1.0, effectively
representing a 100% rejection rate. That is, the context injection could no longer help
with domain-specific models. Therefore, though the domain-specific fine-tuning provides
additional knowledge to the model, in return, it may impair its ability to interpret context,
and it is critical for RAG. As a result, compiling a data set that conveys domain-specific
knowledge that does not impair the ability of the original model to extract context is a
much more difficult task than finding and passing on the appropriate context data to a
properly pre-trained model. Moreover, this requires significantly less computing resources.
As a result, its ecological footprint is also smaller.

It is important to note that the METEOR and BLEU scores of the fine-tuned models
were better than those of the RAG models, but in terms of the ROUGE score, they were
already inferior compared to the RAG. Furthermore, the RAG produced a significantly
better CS than the fine-tuned models. This shows that RAG significantly improves halluci-
nation, and although the association skills of fine-tuned models may be better, the degree
of hallucination of fine-tuned models is more significant.
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The best result for the test dataset was obtained using the RAG Llama-2-7b base model
with the IDs dataset. The best approaches’ results are ROUGE 0.3, METEOR 0.25, BLEU
0.07, and CS 0.55. The best setup is presented in detail in Figure A7.

6. Discussion
Our research provides insights into comparing RAG and DFT methods, but we need

to highlight the limitations of our research results to advance further research. Due to the
limitations of our computational resources, the study worked with data sets of limited
size. Also, an important limitation was the 256-token text limit, which does not adequately
represent potential performance differences resulting from longer document processing.

Although the models used (GPT-J-6B, OPT-6.7B, LLaMA, LLaMA-2) were state of the
art at the time of the research, rapid developments mean that models are changing rapidly.
However, it is important to note that, at present, there are no significant structural changes
in the evolution of the models at a deep architectural level.

The results mainly apply to the following application areas: creative tasks, assistant-
like conversations, and knowledge-based applications. In these areas, the relationship
between context and text generation may follow different patterns. Our highlighted
limitations indicate the need for further research with larger datasets, longer context
windows, or newer models.

7. Conclusions
In this study, we have shown that Retrieval-Augmented Generation consistently

outperforms Domain-Specific Fine-Tuning across several evaluation metrics, including
ROUGE, BLEU, and our Coverage Score (CS), making RAG a more practical approach for
building LLM-based knowledge-based systems.

Since CS is based on cosine similarity, applied sentence by sentence, higher CS values
indicate that RAG’s context-based generation significantly improves the content match with
the reference, underscoring the sensitivity of the self-attention mechanism in transformer-
based architectures.

In addition, the enhanced performance of RAG stems from its ability to leverage
efficient semantic search within indexed databases as well, allowing it to retrieve relevant
information with higher accuracy. This reduces hallucinations and improves the overall
reliability of the model’s responses, particularly in knowledge retrieval tasks, offering a
clear advantage over the more resource-intensive and specialized DFT approach.

However, despite its strengths, further research is required to explore optimal strate-
gies for integrating RAG and DFT effectively and to evaluate their performance in more
complex and diverse tasks. This study’s findings demonstrate the potential of RAG-based
architectures in advancing the development of robust, domain-adapted knowledge-based
systems but also underline the challenges of striking a balance between creativity and
factual accuracy in large language models.
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Appendix A. Additional Measurement Results

(a) UB (b) CORN

Figure A1. Radar plots of the evaluation results of the CORD-19 and MedQuAD models.

Table A1. The loss of the models measured on the base (B) and context-extended (C) validation
datasets (Q&ACORN , Q&AUB, Q&ACORD-19, Q&AMedQuAD) by epochs.

Epoch GPT-J-6b OPT-6.7b LLaMA-7b LLaMA2-7b

B B B B C

Q&ACORN

1 0.416608 0.596310 0.384520 0.388159 0.157360
2 0.196132 0.216316 0.162778 0.181099 0.135747
3 0.163878 0.163674 0.144640 0.149348 0.138408
4 0.159600 0.153637 0.144515 0.149162 0.153498
5 0.168813 0.155910 0.154746 0.156936 0.164009

Q&AUB

1 0.511894 0.825766 0.447366 3.398389 0.343479
2 0.209409 0.258804 0.180724 0.819327 0.192512
3 0.170602 0.171143 0.150210 0.186827 0.191028
4 0.164166 0.159860 0.153346 0.145882 0.202750
5 0.172908 0.161635 0.162520 0.150440 0.213680

Q&ACORD-19

1 0.586879 1.618626 0.678659 0.488456 0.290350
2 0.238213 0.471962 0.218672 0.217865 0.219062
3 0.192331 0.227678 0.182879 0.187428 0.216804
4 0.186943 0.190710 0.185803 0.187884 0.230001
5 0.194221 0.187811 0.195959 0.198900 0.241326
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Table A1. Cont.

Epoch GPT-J-6b OPT-6.7b LLaMA-7b LLaMA2-7b

B B B B C

Q&AMedQuAD

1 1.026613 1.180150 1.032789 0.820101 0.608959
2 0.948013 1.002593 0.802833 0.782055 0.563524
3 1.142371 1.024832 0.852340 0.930519 0.640563
4 1.300829 1.096023 1.060206 1.061301 0.715862
5 1.385511 1.191012 1.175565 1.182239 0.776762

Appendix B. Training and Evaluation Curves
The domain-specific fine-tuning processes training and evaluation curves can be seen

in Figures A2–A5 by model and for each dataset.

Figure A2. Domain-specific fine-tuning training and evaluation curves by model for the CORD-19 dataset.
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Figure A3. Domain-specific fine-tuning training and evaluation curves by model for the MedQuAD dataset.

Figure A4. Cont.
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Figure A4. Domain-specific fine-tuning training and evaluation curves by model for the CORN dataset.

Figure A5. Domain-specific fine-tuning training and evaluation curves by model for the UB dataset.
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Appendix C. Additional UMAP Representations

(a) UB

(b) CORN

Figure A6. Two-dimensional UMAP representation of the UB and CORN datasets.
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Appendix D. Flow Diagram

Figure A7. Domain-specific flow diagram of the RAG model (best approach) that uses a search engine
based on the vectorial embedding of sentences.
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