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Abstract

Fine-tuned small language models (SLMs)
have emerged as effective alternatives for
closed-domain tasks, where large language
models (LLMs) often lack sufficient parametric
knowledge. This study presents a methodol-
ogy for adapting a small language model to
a closed-domain question answering (Q&A)
task. For each question, the model is trained
to output an answer based on the most relevant
context passage, among ten provided candi-
dates, thus reproducing the logic of a Retrieval-
Augmented Generation (RAG) framework. The
fine-tuning data were derived from PetroK-
Graph, an existing knowledge graph built from
Portuguese-language resources in the oil and
gas (O&G) domain. Experimental results show
that the fine-tuned model achieves a 20 percent-
age points accuracy improvement over the base
model on closed-domain questions. It also sur-
passes GPT-40 and GPT-40 Mini by 12 and 25
points, respectively. Moreover, its performance
on general-domain tasks remains comparable
to that of the base model, indicating that the
specialized model effectively learned domain
specific knowledge while maintaining general
reasoning capabilities.

1 Introduction

While LLMs possess substantial parametric knowl-
edge, this internal knowledge is often insufficient
for closed-domain settings, where information is
highly specialized and not present in the general
training corpora (Tonmoy et al., 2024). To bridge
this gap, Retrieval-Augmented Generation (RAG)
has emerged as a dominant architecture, enhancing
LLMs by retrieving relevant documents to ground
the generation process in factual, domain-specific
information, thereby mitigating the risk of halluci-
nation (Gao et al., 2023).

The challenge of insufficient parametric knowl-
edge is particularly acute in industrial closed-
domain settings such as the Oil and Gas (O&GQG)

sector. This industry contends with vast collec-
tions of unstructured and semi-structured techni-
cal data, with estimates suggesting that 80% of
new data falls into this category (Chelmis et al.,
2013). A significant portion of this documentation,
especially in key regions like Brazil’s pre-salt ex-
ploratory frontier, is in Portuguese, a language for
which specialized corpora and pre-trained models
remain scarce (Gomes et al., 2021). This creates
a critical need for NLP solutions that are not only
domain-adapted but also language-specific.

While the prevailing trend has been towards de-
veloping ever-larger models, there is a growing im-
perative to develop smaller, more efficient language
models. These smaller models, ranging from 1 to
10 billion trainable parameters, offer significant
advantages in terms of computational efficiency,
financial accessibility, and reduced environmental
impact, addressing critical concerns about the costs
and accessibility of massive-scale Al (Bender et al.,
2021; Assis et al., 2024).

A promising avenue for creating powerful yet
compact models is to leverage structured knowl-
edge sources for supervision. In the context of the
Portuguese-speaking O&G industry, a key resource
is PetroKGraph, a comprehensive knowledge graph
meticulously curated by domain experts (Cordeiro
et al., 2024a). PetroKGraph is built upon a formal
ontological foundation — GeoCore (Garcia et al.,
2020) and Basic Formal Ontology (Arp et al., 2015)
— and is populated with geological entities, con-
cepts, and their semantic relationships, providing
a rich, structured representation of domain knowl-
edge.

In this work, we propose a novel methodology
for specializing a Small Language Model (SLM)
for closed-domain Q&A using knowledge graph
supervision. Our fine-tuning process mimics a
Retrieval-Augmented Generation (RAG) workflow:
we train the SLM to generate answers to questions
in Portuguese based on provided context passages,
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where questions, correct answers and context pas-
sages are all derived from PetroKGraph structured
data.

To evaluate our approach, we measure the
model’s performance on two distinct datasets: a
test set of our in-domain Q&A dataset derived from
PetroKGraph (in Portuguese) and a general-domain
journalistic benchmark designed to evaluate RAG
workflows in English (Chen et al., 2024). This dual
evaluation allows us to assess both the model’s spe-
cialized accuracy in its target domain and its ability
to generalize across language and topic. Our goal
is to demonstrate that knowledge graph supervision
can produce a resource-efficient and accurate SLM
for its target domain while retaining cross-domain
capabilities.

2 Related Work

Ibrahim et al. (2024) present an overview of the
KG-Enhanced LLMs paradigm, where knowledge
graphs (KGs) are used to inform large language
models (LLMs) either during pretraining or at in-
ference time. This paradigm also includes models
that are fine-tuned for specific downstream tasks.
Early examples of LLMs fine-tuned with data de-
rived from KGs include KEPLER (Wang et al.,
2020) and Pretrain-KG (Zhang et al., 2020). More
recent studies have focused on tasks such as knowl-
edge completion (Yao et al., 2025) and multi-hop
reasoning over KGs (Shu et al., 2025).

A range of techniques have been applied to con-
vert the structured content of knowledge graphs
(KGs) into natural language prompts. The ap-
proach of Shu et al. (2025) focuses on multi-hop
link prediction. The structural conversion process
extracts paths from the KG, where each path is a
sequence of observed triples formed by connected
entities and relations. Each path is converted into a
knowledge prompt designed to elicit step-by-step
Chain-of-Thought (CoT) reasoning from the LLM.
The LLM produces a generative prediction, often
a binary classification (e.g., “Yes” or “No”), pre-
ceded by a step-by-step rationale.'

Yao et al. (2025) fine tune LLMs to predict re-
lations between entities, so that those models can
help converting KG information into natural lan-

'For example, Input: Node_1 has relation_1 with
node_2, and node_2 has relation_2 with node_3. In-
struction: “Below is the detail of a knowledge graph path.
Is node_1 connected with node_3? Answer the question by
reasoning step-by-step. Choose from the given options: Yes.
No.”

guage prompts. They define three templates for
prompt completion using KG-data: triple classifica-
tion, relation prediction and entity prediction. For
instance, for triple classification, (Steve Jobs,
founded, Apple Inc.) becomes “Is this true:
Steve Jobs founded Apple Inc.?”. In this example,
the expected tiple classification output is “Yes, it is
true”. Then, they fine tune models such as Llama 1
7B and ChatGLM 6B, so that those models learn
how to predict KG relations between entities.

In the O&G domain, Navarro et al. (2024) trans-
form KG information into textual resources usable
for retrieval and supervised evaluation. They im-
plement an algorithmic, domain-specific pipeline
that (i) queries the RDF graph with SPARQL to
retrieve ontology-selected entities and relations, (ii)
maps each retrieved relation to one of 29 domain-
authored text templates, and (iii) emits structured
outputs as short context passages plus aligned ques-
tion—answer pairs in Portuguese. The templates
deterministically verbalize relations (for example,
located_in, crosses, constituted_by) using graph
labels and entity identifiers, so the generated text
mirrors the original triples and the gold answer is
directly grounded in the KG.

The question of which base models are most
suitable for supervised fine-tuning for RAG-style
tasks has also been explored. Caldas and de Souza
(2025) conduct a comprehensive evaluation of 13
models (extractive and generative models; open-
and closed-source models; models of varying sizes)
on the Q&A task. They report that large open-
source generative models (e.g., LLaMA 3 70B,
Nous Hermes 2 70B) achieve performance com-
parable to closed-source systems (e.g., GPT-40,
GPT-40 Mini), but their computational require-
ments hinder practical deployment. In contrast,
smaller models (e.g., Nous Hermes 2 7B, LLaMA
3 7B) offer a favorable balance among inference
quality, robustness to noise, and compute cost.

Comparative studies highlight that model se-
lection interacts closely with the choice of fine-
tuning strategy. In practice, full-parameter update
fine-tuning has traditionally been the standard, but
its cost has become prohibitive as models scale.
Foundational work such as ULMFiT (Howard and
Ruder, 2018), GPT-1 (Radford et al., 2018), BERT
(Devlin et al., 2019), and T5 (Raffel et al., 2020)
relied on updating all weights during adaptation.
More recent research has shifted toward parameter-
efficient fine-tuning (PEFT), which freezes most
weights and learns lightweight task-specific mod-
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ules (Houlsby et al., 2019; Lester et al., 2021).

Among PEFT methods, Low-Rank Adapta-
tion (LoRA) (Hu et al., 2022) has emerged as
a widely adopted approach, injecting low-rank
updates into weight matrices to reduce memory
and training costs while retaining strong down-
stream performance. Empirical evidence further
indicates that, by constraining weight updates
to a low-dimensional subspace, LoRA mitigates
catastrophic forgetting and better preserves out-of-
domain capabilities compared to full fine-tuning
(Biderman et al., 2024).

This work focuses on fine-tuning using struc-
tured information from PetroKGraph, a domain-
specific KG in Portuguese for the O&G domain.
Unlike approaches such as Shu et al. (2025) and
Yao et al. (2025), which use LLMs to predict KG
relations in an English general-domain setting, this
paper follows the approach of Navarro et al. (2024),
converting structured KG information into natural
language prompts. We use SPARQL queries to re-
trieve entities and relations and then map them us-
ing 29 domain-authored templates. For fine-tuning,
we apply PEFT techniques, specifically LoRA.

3 Methodology
3.1 PetroKGraph Dataset

PetroKGraph is a resource built and curated to sup-
port the evaluation of a methodology that automat-
ically extracts entities from technical documents
to populate a knowledge graph (Cordeiro et al.,
2024b). It is a knowledge graph populated with in-
stances from oil and gas technical documents, and
its construction process was based on the definition
of a domain ontology, which was then enriched
with terms imported from domain vocabularies and
databases.

The ontology that formalizes the concepts
adopted in PetroKGraph is extended from the Geo-
Core Ontology (Garcia et al., 2020), a core on-
tology that defines general terms for the Geology
domain (such as Rock and Gelogical Time Inter-
val). GeoCore itself is built upon the Basic For-
mal Ontology (BFO), a small top-level ontology
that describes general concepts that exist across
several domains. PetroKGraph ontology defines
specific concepts for the oil and gas domain such
as Well and (oil) Field. Concept selection and for-
malization was conducted with the aid of domain
specialists, in Portuguese.

Once defined, PetroKGraph ontology was popu-

lated with terms representing instances and / or rel-
evant subclasses in the domain, as well as existing
relations between such terms. The most significant
part of the vocabulary that originated the populated
graph was derived from relational databases of oil
and gas companies and tables manually compiled
by geoscientists. Additional terms were collected
from spreadsheets and reports from the Brazilian
Agency of Petroleum, Natural Gas, and Biofuels®.

After population, the resulting knowledge graph
contains 338.445 axioms. It carries significant do-
main information, relating wells, the constituents
of sedimentary basins (geological objects, rocks
and fluids) and their properties (geological age and
rock features). From PetroKGraph, it is possible
to retrieve information such as "(Well) 1-SHEL-29-
ESS crosses (Lithostratigraphic Unit) Formagao
Carapebus."

The training data for our model was obtained
from the assertions extracted from PetroKGraph.
Specifically and for practical purposes, we use a
reduced version of the larger knowledge graph, re-
ferred to as MiniKGraph. Following the methodol-
ogy proposed by Navarro et al. (2024) for closed-
domain data extraction, the contents of MiniK-
Graph were systematically processed and trans-
formed into a textual dataset of questions, an-
swers and context passages. We executed SPARQL
queries to retrieve entities and relations, then ver-
balized the results into natural language with 29
curated templates.

For our study, these 29 templates were grouped
into four categories according to their reasoning
complexity. Level 1 questions probe only the in-
trinsic properties of a single entity (e.g., retrieving
the entity name). Level 2 questions correspond to
single-hop queries that do not require aggregation
(e.g., identifying the basin where field X is located).
Level 3 questions involve single-hop queries with
aggregation (e.g., which lithostratigraphic units are
traversed by well Z). Finally, Level 4 questions
represent multi-hop queries (e.g., which lithostrati-
graphic units are constituted by fluid W).

To decrease the number of Level 1 questions
that are possible using the dataset, we applied un-
dersampling. As a result, the dataset was reduced
from 17,874 original items to 5,714 items. Table 1
presents the distribution of questions by complexity
level.

For the main experiments, we adopted a con-

Zhttps://www.gov.br/anp

283



Level Number of items Yo
1 3,578  62.63
2 1,265 22.14
3 350 6.13
4 523 9.15
Total 5,714 100.00

Table 1: Distribution of MiniKGraph dataset items by
complexity levels

ventional split of the MiniKGraph data: 70% for
training (/23,500 items), 15% for validation (=750
items), and 15% for testing. From the test por-
tion, we selected a subset of 300 items for evalu-
ation in order to match the assessment size used
by Chen et al. (2024), whose dataset is also em-
ployed later in this work to examine the fine-tuned
model’s cross-domain capabilities. All splits were
randomly sampled while preserving the distribution
of complexity levels (see Table 2).

Datasets
Level Train Validation Test
1 2,499 532 547
2 897 187 181
3 244 58 48
4 361 81 81
Total 4,001 858 857

Table 2: Distribution of dataset items by complexity
level and split

3.2 Model Selection

Based on the evaluation by Caldas and de Souza
(2025), we selected the open-source model Nous
Hermes 2 (7B) for fine-tuning. This model shows
accuracy levels comparable to large closed-source
models such as GPT-4o0 and GPT-40 Mini in
the task of Retrieval-Augmented Generation for
general-domain English questions (Chen et al.,
2024). At a noise level of 0% (noise is formally
defined in Subsection 3.5), Nous Hermes 2 (7B)
reaches an accuracy of 0.965, which matches GPT-
40 Mini and is slightly higher than GPT-40, which
reaches 0.958. The model also remains stable
under high noise conditions, achieving an accu-
racy of 0.742 at 80% noise, outperforming other
open-source models such as Meta Llama 8B, which
reaches 0.605 under the same conditions.

In this study, we compare our in-domain fine-
tuned model with a set of baseline models follow-

ing the selection criteria of Caldas and de Souza
(2025). The models used for comparison are
RoBERTa (560M) (Pietsch et al., 2019), GPT-4o0,
GPT-40 Mini, and the base model Nous Hermes 2
(7B) (NousResearch, 2024). This selection allows
us to evaluate our model’s performance against a
diverse group of models, ranging from extractive
models to large generative models from the GPT
family.

3.3 Task

We designed the task as Q&A in a Retrieval-
Augmented Generation workflow. Each training in-
stance includes a user question, the correct answer,
and a set of ten candidate context passages retrieved
from MiniKGraph. The model is instructed to gen-
erate the correct answer using only the provided
passages.

The ten candidate passages were selected by
computing the cosine similarity between the ques-
tion and all available passages in the dataset, then
choosing the top ten most similar passages. This
process reproduces how retrieval modules based
on semantic similarity in RAG systems operate,
retrieving relevant information based on a score
computed between the input query and the dataset.
Importantly, all models evaluated in this study
receive the same pre-retrieved context passages,
so observed performance differences reflect each
model’s reading comprehension ability rather than
retrieval quality.

The training instance format contains (i) a
System instruction that defines the task, (ii) a User
message with the question followed by the ten con-
text passages, and (iii) an Assistant message with
the gold answer. Below is an illustrative example
(loosely translated to English):

SYSTEM: You are an intelligent and help-
ful assistant, responsible for providing clear
and direct answers to users’ questions. Your
answer must be based directly on the informa-
tion available as context and should be concise.
If there is not enough information in the ques-
tion and the context to provide an accurate
answer, clearly state: “There is not enough
information to answer the question.”

USER: In which basin is the Jiribatuba field
located?

USER: Context for the question:
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1. The Jiribatuba field is located in the
basin(s): Camamu-Almada (Almada
Mar, Camamu-Almada Basin, Camamu
Mar, Almada Terra, Camamu Terra).

2. The Camarao Norte field is located in
the basin(s): Camamu-Almada (Almada
Mar, Camamu-Almada Basin, Camamu
Mar, Almada Terra, Camamu Terra).

3. The Igarapé Maripa field is located in the
basin(s): Amazonas (Amazonas Basin).

. up to context passage number 10.

ASSISTANT: The Jiribatuba field is located
in the basin(s): Camamu-Almada (Almada
Mar, Camamu-Almada Basin, Camamu Mar,
Almada Terra, Camamu Terra).

3.4 Hardware and Training Parameters

We fine tune the Nous Hermes 2 base model, which
contains 7B parameters, using a Supervised Fine
Tuning (SFT) procedure with a Parameter Effi-
cient Fine Tuning (PEFT) approach (Houlsby et al.,
2019; Lester et al., 2021). Specifically, we apply
Low Rank Adaptation (LoRA) (Hu et al., 2022).

All training hyperparameters reported in Table 3
were kept constant throughout the experiments.
The only parameter that varied was the number of
training epochs, with the aim of verifying whether
there is substantial gains in the model’s specific do-
main knowledge, as well as degradation in general
knowledge, as the epochs evolve. Five models were
therefore trained, each with a different number of
training epochs: 4, 9, 16, 25 and 36.

Training was performed on four NVIDIA V100
GPUs with 32 GB of memory each. Table 3 reports
the hyperparameters held fixed for all models.

Parameter Value
per_device_train_batch_size 1
gradient_accumulation_steps 4
learning_rate le-4
LoRA rank 8
LoRA alpha 16
LoRA dropout 0.05

Table 3: Hardware and key training parameters held
constant across all supervised fine-tuning runs

3.5 Evaluation

We evaluate the five fine-tuned models with two
aims. The primary aim is to measure gains on

domain data, and the secondary aim is to assess
whether general-domain performance is preserved
after fine-tuning. For the primary objective, we
use 300 held-out MiniKGraph items from the test
set (see Table 4). We report Accuracy following
Mallen et al. (2023): both the model prediction and
the gold answer are normalized by removing punc-
tuation, lowercasing, and tokenizing on whitespace,
and a prediction is counted as correct only if it sat-
isfies the normalized matching rule defined for the
gold answer.

Level Number of items
1 197
2 60
3 13
4 30
Total 300

Table 4: Distribution of evaluation dataset items by
complexity level

In the Jiribatuba example (Subsection 3.3), the
gold answer is represented as a set of acceptable
aliases. Because all possible answers are con-
sidered synonymous in the reference dataset, a
generated answer is marked correct if, after nor-
malization, it includes any of the following: Ca-
mamu—Almada, Almada Mar, Camamu—Almada
Basin, Camamu Mar, Almada Terra, or Camamu
Terra. In other question—answer pairs, where the
possible answers are not synonymous, the model’s
predicted answer must include at least one term cor-
responding to each distinct, non-synonymous term.
For this reason, the dataset distinguishes between
acceptable synonyms and different entities.

We also use the RAGAS framework (Es et al.,
2024; Amiraz et al., 2025) to quantify answer qual-
ity through two LLM-prompted metrics. “Faith-
fulness” measures the proportion of claims in the
generated answer that can be inferred from the re-
trieved context. The answer is first decomposed
into individual statements, each statement is veri-
fied against the context, and the score is the fraction
of supported statements. “Response Relevancy”
measures how well the answer addresses the orig-
inal question. An LLM generates candidate ques-
tions from the answer, and the score is the average
cosine similarity between those candidates and the
original question. Higher values indicate answers
that are both well-grounded and on-topic. Both
metrics are computed on the same 300-item do-
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main test set.

For the primary objective, we compute all re-
ported metrics at two levels: (i) global, per model;
and (ii) stratified by item complexity, per model.
For the secondary objective, we evaluate all five
fine-tuned models on general-domain data using
the Retrieval-Augmented Generation Benchmark
(RGB) (Chen et al., 2024).

RGB is a bilingual (English and Chinese) bench-
mark that evaluates four fundamental abilities re-
quired for RAG: noise robustness, negative rejec-
tion, information integration, and counterfactual
robustness. It contains 600 question—answer in-
stances constructed from recent news articles, split
equally between languages, each paired with five
external documents retrieved via a search engine.
In this work, we use the 300 English items and
focus on the noise robustness testbed, where a con-
trolled proportion of the external documents are
noisy—i.e., topically related to the question but not
containing the answer.

We compare the results of the five fine-tuned
models with the base model, Nous Hermes 2 (7B),
across multiple noise scenarios. In this context,
noise refers to the proportion of noisy documents
among the external documents: for example, at
80% noise, 4 out of 5 documents do not contain the
answer. Noisy documents are progressively added
to the context to test robustness, reproducing the
protocol of Caldas and de Souza (2025). This pro-
cedure allows us to assess not only whether general-
domain performance is preserved after fine-tuning,
but also how the models’ robustness to noisy re-
trieval compares with that of the base model.

4 Results and Discussion

4.1 Training Epoch Selection

Table 5 reports the accuracy of all fine-tuned mod-
els for different numbers of training epochs. A
model trained for four epochs already reaches an
accuracy of 0.933. Increasing the number of epochs
beyond four does not lead to substantial gains: the
resulting accuracies are very close to the value
achieved at four epochs and do not exhibit a clear
trend of further improvement. These results sug-
gest that four epochs are sufficient for the instruc-
tion fine-tuning to take effect on this model.
Training time is also an important factor when
choosing the final model. The four-epoch model
requires 35 minutes and 44 seconds to train, and
the execution time increases approximately linearly

Epochs Accuracy Training time
4 0.933 00:35:44
9 0.940 01:19:50
16 0.933 02:21:29
25 0.927 03:40:09
36 0.950 05:16:22

Table 5: Accuracy across models with different numbers
of training epochs on the MiniKGraph dataset.

Model Accuracy Faithfulness Response
Relevancy
RoBERTa 0.127 0.796 0.519
Nous Hermes 2 (7B) (Base) 0.730 0.823 0.854
OmniPetro-NH2-7B-TextRAG (Ours) 0.930 0.849 0.891
GPT-40 Mini 0.680 0.841 0.929
GPT-40 0.810 0.852 0.921

Table 6: Comparison of Model Performance on Domain-
Specific Data

with the number of epochs, up to 5 hours, 22 min-
utes, and 16 seconds for the model trained for 36
epochs. Since all models achieve comparable per-
formance on the in-domain MiniKGraph dataset,
we select the four-epoch model as our final fine-
tuned model, as it offers the best balance between
accuracy and computational cost.

We name the resulting model OmniPetro-NH2-
7B-TextRAG. OmniPetro identifies the project,
NH2 abbreviates the base model name, 7B denotes
the parameter scale, and TextRAG specifies the
training task.

4.2 In-Domain Performance

Table 6 presents results for all evaluated mod-
els, including the fine-tuned OmniPetro-NH2-7B-
TextRAG, on Accuracy, Faithfulness, and Re-
sponse Relevancy for in-domain data.

For Accuracy, the fine-tuned model reaches
0.930, the highest value among all systems. GPT-
40 follows with 0.810, the base model Nous Her-
mes 2 (7B) reaches 0.730, GPT-40 Mini reaches
0.680, and RoBERTa reaches 0.127. These results
indicate an improvement of approximately 20 per-
centage points in accuracy over the base model
and 12 points over GPT-40. This suggests that
domain fine-tuning increases factual precision in
0&G domain-related questions.

For Faithfulness, GPT-40 reaches 0.852, the fine-
tuned model reaches 0.849, GPT-40 Mini reaches
0.841, the base model reaches 0.823, and RoOBERTa
reaches 0.796. These results indicate that the fine-
tuned model maintains grounding to the retrieved
evidence at a level comparable to larger proprietary
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Model Level Accuracy Faithfulness Resp. Relevancy
1 0.000 0.874 0.487
2 0.200 0.481 0.544
RoBERTa 3 0.000 0.577 0.528
4 0.867 0.933 0.670
1 0.822 0.825 0.880
2 0.317 0.827 0.760
Nous Hermes 2 (7B) (Base) 3 0615 0.858 0.686
4 1.000 0.794 0.949
1 0.970 0.850 0.895
. 2 0.867 0.876 0.830
OmniPetro-NH2-7B-TextRAG (Ours) 3 0462 0477 0.984
4 1.000 0.950 0.942
1 0.777 0.839 0.957
.. 2 0.200 0.795 0.883
GPT-40 Mini 3 0.692 0.877 0.764
4 1.000 0.928 0.908
1 0.970 0.840 0.945
2 0.217 0.865 0.884
GPT-4o 3 0.692 0.808 0.764
4 1.000 0.917 0.910

Table 7: Comparison of Model Performance by Complexity Level on Domain-Specific Data. Boldface indicates the

highest value within each level and metric.

models. All evaluated models show high grounding
values.

For Response Relevancy, GPT-40 Mini reaches
0.929, GPT-40 reaches 0.921, the fine-tuned model
reaches 0.891, the base model reaches 0.854, and
RoBERTa reaches 0.519. Differences among the
generative models are small, indicating that all
of them provide relevant answers. The extractive
model RoBERTa shows a lower value, indicating
limited ability to generate relevant responses.

Two observations follow. First, on in-domain
data, the fine-tuned model reaches performance
levels comparable to GPT-40 Mini and GPT-40 and
surpasses them in accuracy. Second, the fine-tuned
model outperforms the base model across all three
metrics, indicating effective learning of domain
knowledge through fine-tuning.

Table 7 presents results by question complex-
ity level. The fine-tuned model performs best
at levels with a higher number of examples and
shows more variability as the number of samples
decreases. At the lower complexity levels, specif-
ically Levels 1 and 2, which together account for
84% of the MiniKGraph dataset, the fine-tuned
model OmniPetro-NH2-7B-TextRAG achieves its
largest performance improvements relative to the
base model. Accuracy increases from 0.822 (base
model) to 0.970 (ours) at Level 1 and from 0.317
to 0.867 at Level 2. These question types are the

most frequent during fine-tuning, indicating that
the model effectively learns domain patterns and
terminology present in high-frequency examples.

At intermediate complexity (Level 3), the fine-
tuned model reaches 0.462, slightly below the base
model value of 0.615, likely reflecting the lim-
ited number of examples in this category (6.1%
of the dataset). GPT-40 and GPT-40 Mini achieve
the highest accuracy at this level, suggesting that
larger models perform better than smaller, fine-
tuned models, under data-scarce training condi-
tions. Results at this level should be interpreted
cautiously due to the small sample size (9.15%).
At the highest complexity level (Level 4), all gen-
erative models reach perfect accuracy.

Faithfulness and Response Relevancy follow
similar trends. The fine-tuned model generally out-
performs the base model across most complexity
levels. GPT-40 Mini obtains the highest Response
Relevancy at Level 1 and the highest Faithfulness at
Level 3, while GPT-40 achieves the best Response
Relevancy at Level 2. As observed for Accuracy,
Faithfulness decreases at Level 3, where the fine-
tuned model reaches 0.477 and the base model
reaches 0.858, which may be linked to the limited
number of items in this level.

4.3 General-Domain Performance

Figure 1 reports Accuracy for the fine-tuned and
the base model on general-domain data under con-
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Accuracy under Different Noise Levels on the RGB dataset

Jo.9se
0.963

0% noise

20% noise

Jo.867

40% noise Tosas

Jos1
Jo.793

60% noise

Jore1
Jo737

80% noise

0.0 02 0.4 0.6 0.8 10
Accuracy

[ Nous Hermes. 2(78) (base) = OmniPetro-NH2-7B-TextRAG (ours)

Figure 1: Accuracy on the RGB benchmark across noise
levels (0%—80%) for OmniPetro-NH2-7B-TextRAG and
the base model.

trolled noise. The objective is to assess whether spe-
cialization on domain data affects general-domain
inference. Across all noise levels, Accuracy re-
mains similar for both models. At 0% noise, the
fine-tuned model reaches 0.959 and the base model
reaches 0.963. At 80% noise, the fine-tuned model
reaches 0.761 and the base model reaches 0.737.
These results indicate no reduction in general-
domain accuracy after fine-tuning.

While the evaluation of five fine-tuned models
trained for different epoch counts on the MiniK-
Graph dataset shows no substantial performance
gains with additional epochs (as seen in Table 5),
the results on the RGB general-domain benchmark
(Section 3.5) reveal only a slight performance de-
cline as the epoch number increases. For example,
at a 0% noise level, accuracy decreases from 0.959
at four epochs to 0.943 at 36 epochs, with similarly
gradual declines across the other noise levels. Even
at the highest noise level (80%), accuracy falls only
from 0.761 at four epochs to 0.695 at 36 epochs.

This suggests that LORA techniques within the
PEFT framework are not only computationally effi-
cient but also less prone to catastrophic forgetting.
As discussed in Section 2, this behavior aligns with
recent findings showing that LoRA mitigates for-
getting more effectively than full fine tuning (Bi-
derman et al., 2024), largely because the pretrained
network remains frozen and only small low rank
matrices are updated during training (Hu et al.,
2022).

5 Concluding Remarks

This study investigated the specialization of a
small language model for closed-domain Retrieval-
Augmented Generation using text data derived
from PetroKGraph, a Portuguese knowledge graph
for the O&G domain. The objective was to adapt

the model to domain-specific knowledge while pre-
serving its ability to reason over general-domain
data.

Starting from the Nous Hermes 2 (7B) base
model, we trained five fine-tuned variants with dif-
ferent numbers of epochs while keeping all other
hyperparameters fixed, and selected the four-epoch
model as the final model (OmniPetro-NH2-7B-
TextRAG) given its comparable performance and
lower computational cost.

First, regarding domain-specific data, the fine-
tuned model shows performance levels comparable
to the large closed-source models GPT-40 and GPT-
40 Mini. In terms of accuracy, the fine-tuned model
reaches a value of 0.93, which is 25 points higher
than GPT-40 Mini and 12 points higher than GPT-
40. For RAGAS metrics, the fine-tuned model
achieves values close to those of the closed-source
models, indicating consistent performance.

Second, with respect to the comparison between
the fine-tuned model and the base model, the fine-
tuned version outperforms the base model in all
global metrics. Accuracy increases by 20 points,
while faithfulness and response relevance improve
by 2.6 and 3.7, respectively.

Third, concerning performance by question com-
plexity level, the fine-tuned model shows notable
gains in levels 1 and 2, which represent 84.77% of
the data. For level 1, accuracy improves by 14.8%
compared to the base model, and for level 2, by
55.5%. For higher complexity levels, where less
data is available, the fine-tuned model shows mixed
results relative to the base model.

Finally, regarding general-domain performance,
across all noise levels, the fine-tuned and the base
models accuracy values follow a similar pattern.
For example, at a 0% noise level, the fine-tuned
model attains an accuracy of 0.959, compared with
0.963 for the base model; at an 80% noise level,
the fine-tuned model reaches 0.761, while the base
model remains close at 0.737. These results indi-
cate that the in-domain fine-tuned model preserves
its ability to reason over general-domain data.

6 Limitations

There are some limitations to this study that should
be considered. The first limitation concerns the
methodology used to extract data. The approach
adopted in this study is based on the work of
Navarro et al. (2024), which relies on queries to
extract entities and relations and uses authored
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templates to generate natural language text. Al-
though this method was appropriate for the present
study, alternative approaches, such as using large
language models to predict relationships, were not
tested, as discussed in Section 2.

A second limitation involves the balance of the
dataset in terms of question complexity. As shown
in Table 1, complexity levels 1 and 2 represent
84.77% of the total dataset. This distribution af-
fects the model’s learning behavior, as most of the
training data comes from lower-complexity sam-
ples. Consequently, results for higher complexity
levels (3 and 4) are more variable, showing both
gains and losses across different metrics and levels.
A promising alternative could be synthetic data gen-
eration, using variations from the examples already
provided in the dataset, to increase the number of
diverse examples.

The third limitation concerns data accessibil-
ity. Both the training data and the resulting fine-
tuned data are private and cannot be shared pub-
licly due to corporate restrictions. Nevertheless,
the main contribution of this study lies in the pro-
posed pipeline, which can serve as a foundation
for future research aiming to enhance model per-
formance using structured data from knowledge
graphs in closed-domain environments.

A fourth limitation is that, by design, this study
evaluates the generator component in isolation,
with all models receiving identical pre-retrieved
passages, rather than comparing end-to-end RAG
pipelines. Embedding the fine-tuned model in a
full pipeline and measuring the interaction between
retrieval and generation is a natural direction for
future work.
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