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Abstract
Fine-tuning Large Language Models (LLMs) to capture domain-specific knowledge remains constrained by the
limited availability of high-quality, semantically rich training data, particularly in scientific domains where
knowledge is distributed across heterogeneous textual sources. In this study, we explore a semantic variation
methodology to augment training data by generating question-answer pairs with explicit control over semantic
similarity. Rather than simple paraphrasing, this approach produces variations that expand the coverage of the
underlying domain knowledge. We frame question-answer pairs as lightweight representations of relational
knowledge, enabling their interpretation as implicit structures relevant to knowledge graph construction and
semantic querying tasks. Using an Earth system science use case, we construct a dataset built from scientific
literature and augment it with semantic variations generated by LLMs. We fine-tune the Meta LLaMA 3-8B model
on these augmented datasets and compare performance against the base model. Additionally, we performed a
sensitivity study in which we examined the effects of adjusting the number of variations injected into the base
dataset and varying the question-answer pairs based on a semantic similarity score. This similarity score provides
a way to control how closely each variation preserves the meaning of the original pair. We compared semantic
variation datasets with different levels of similarity by fine-tuning LLaMA 3 on each dataset and measuring
performance on a held-out set of questions. Our results show that semantically controlled augmentation improves
domain-specific knowledge acquisition while preserving consistency, and we identify effective regimes for both
the number of variations and the level of semantic similarity. These findings highlight the role of semantic-aware
data augmentation in improving LLM performance in settings relevant to knowledge representation and semantic
search.

Keywords
LLM, fine-tuning, question answering, semantic variation, data augmentation

1. Introduction

A central challenge in developing deep learning models is obtaining a dataset that is both sufficiently
large and of sufficient quality for the target task. As a result, using models that have been pretrained on
large, general-purpose datasets has enabled substantial progress in many areas of machine learning
[1, 2, 3]. Large language models (LLMs), neural networks pretrained on massive text corpora to model
and generate natural language [4], have specifically become increasingly prevalent due to their ability
to capture rich semantic structure and broad knowledge that can be transferred across a wide variety of
downstream tasks, including question answering, summarization, and classification [5]. This ability
to capture and reuse semantic structure makes LLMs particularly well suited for tasks that involve
representing and accessing domain knowledge. Pretrained models can either be used directly for
downstream tasks, or they can be adapted to a specific domain through fine-tuning on a smaller
task-specific dataset.

Fine-tuning LLMs remains useful in many settings where domain expertise, privacy, or cost constraints
make direct reliance on large public models infeasible [6]. However, fine-tuning LLMs often requires
datasets on the order of thousands of samples, to sufficiently adapt the model to a task of interest. For
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many problems, obtaining datasets of this size is costly, if not impossible. As LLMs are increasingly used
as AI assistants, their adoption in the physical and biological sciences has also grown [7, 8, 9], including
applications in Earth system science. Despite this growing interest, the creation of fine-tuning datasets
for scientific question answering remains a significant bottleneck [10]. Scientific knowledge tends to be
distributed across a large and heterogeneous body of literature, and the construction of high-quality
question-answer datasets that consistently represent this knowledge often requires substantial effort
from domain experts.

In this work, we explored a methodology to address this challenge of building a large question-answer
dataset to support an Earth system AI assistant. In our previous work [11, 12], we used a neuro-symbolic
model to support an AI assistant for a question-answering task. In this previous work, natural language
questions were translated into vectors that were used to invoke an AI discovery method, providing
a mapping between unstructured queries and structured representations. The AI discovery method
returned an output that was translated into a natural language response. In this early implementation
of an AI assistant, the system was limited to answering questions that required yes/no responses.

In our current study, we expand the question-answering capabilities of this approach using a fine-
tuned LLM to answer scientific questions beyond simple yes/no responses. We describe a method to
overcome the burden of composing a dataset by using a human-AI approach to compose a scientifically-
grounded question-answer dataset. We describe a new methodology for increasing the size of a
question-answer dataset by creating semantic variations from a set of base question-answer pairs using
an LLM and a semantic similarity metric, with the goal of preserving the underlying meaning of each
pair. This approach enabled us to reach a dataset size sufficient for fine-tuning while maintaining
semantic consistency across variations.

To study the utility and limitations of this approach, we performed a sensitivity study exploring
how model performance changes as the similarity of semantic variations increases. We also compared
the semantic variation augmentation approach against two baselines: one in which the dataset is
augmented with exact duplicates of the original question-answer pairs, and another in which the dataset
is augmented with completely random question-answer pairs. This sensitivity study illustrates how
semantic variations can supplement a set of base question-answer pairs to produce dataset sizes suitable
for fine-tuning LLMs while controlling for variation in meaning.

We first present results for fine-tuning on the original dataset curated by Earth system scientists.
We then examine the impact on performance when augmenting the dataset with semantic variations.
Finally, we present the results of the sensitivity study.

2. Background

The Earth system is composed of subsystems including the atmosphere, oceans, the cryosphere, and
the land surface [13]. Scientists who study the Earth system seek to better understand the physical
processes and feedback that governs interactions among these components. They examine how these
systems behave over both short and long time horizons. The Earth system can be viewed as a nonlinear
dynamical system that exhibits chaotic behavior [14]. As a result, multiple models are often run in
parallel to improve predictive skill.

More recently, artificial intelligence (AI) has been applied to Earth system research for different tasks
such as forecasting weather, climate, and air quality, as well as emulating physics-based numerical
models and analyzing observational phenomena. As it relates to large foundation models, including
LLMs, there have been a number of efforts to explore how these models can be applied to Earth system
problems. This includes using LLMs for climate education [15], using observation-based foundation
models to inform forecasting tasks [16, 17], and using foundation models trained on large Earth system
simulation datasets as base models that are then fine-tuned for specific applications such as weather
forecasting [18], air quality prediction [19], and related tasks. These efforts increasingly rely on
integrating heterogeneous data sources and representations of Earth system knowledge.

In this work, we study the use of LLMs for answering scientific questions about a challenging Earth



system problem. In particular, our question-answering LLM translates scientific questions related to the
potential collapse of the Atlantic Meridional Overturning Circulation (AMOC) into tool calls within our
system, providing a structured interface between natural language queries and downstream analysis
components. The AMOC is a major component of the global ocean circulation and has been identified
as a potential tipping element in the climate system [20].

To support this translation, we fine-tune a common open-source LLM, the Meta LLaMA 3-8B model
[21], which was chosen for its open-weight release and smaller parameter variants. This enables more
practical fine-tuning compared to larger closed models while still providing strong performance across
a broad range of language tasks.

Additionally, we used Low-Rank Adaptation (LoRA) [22], a fine-tuning technique that freezes the
original model weights and trains only on lightweight, lower-rank matrices. LoRA was utilized in
order to make the fine-tuning process easier and lighter, allowing us to train on fewer GPUs while also
requiring less memory and enabling faster fine-tuning.

3. Related Work

Despite demonstrating impressive general abilities, LLMs may struggle with domain-specific scientific
questions when precise terminology and evidence from the primary literature are necessary [23].

Retrieval-augmented generation (RAG) [24] can be used to address this knowledge gap, which
grounds responses in external corpora, fetching supporting documents at inference time for models
to cite and stay up-to-date. However, it remains vulnerable to potential retrieval errors, including
irrelevant or missing evidence, and can suffer from degraded performance in long or noisy contexts
[24]. These limitations motivate approaches that integrate some domain semantics into the model itself.

Fine-tuning complements RAG by internalizing stable domain knowledge, reducing dependence on
potentially brittle retrieval. Parameter-efficient methods, such as Low-Rank Adaptation (LoRA) [22]
and Quantization-Aware Low-Rank Adaptation (QA-LoRA) [25], make fine-tuning possible with little
additional inference cost.

Fine-tuning can adapt models to specific domains [26], but can be challenging to perform as it is
often dependent on the careful curation of high-quality datasets from subject matter experts (SMEs).
Classic augmentation methods (e.g., Easy Data Augmentation, back-translation) increase lexical variety,
mostly perturbing superficial form, but offer little control over meaning [27].

Related approaches in the semantic web and knowledge graph community have explored question
answering through structured representations, including mapping natural language questions to formal
queries such as SPARQL over domain knowledge graphs [28]. These methods provide strong guarantees
on semantic precision and interpretability, but also often require task-specific training data that aligns
natural language with structured query representations. Our work is complementary in that we focus on
improving the quality and coverage of such training data through semantically controlled augmentation.

In contrast, LLM-based synthesis can create semantically guided examples and has been increasingly
studied as a means of generating synthetic instruction and training data at scale [29, 30, 31]. For
example, Self-Instruct bootstrap instruction data [29] from model generations and "Textbooks Are All
You Need" [30] show that curated synthetic material can be effective. In scientific Q&A specifically,
SME-constructed corpora such as PubMedQA [32], BioASQ [33], and SciFact [34] are high quality, but
costly to scale, which makes our strategy of starting from a base dataset of SME question-answer pairs
and then using an LLM to generate semantic variations a natural way to expand coverage without
deviating from domain truth.

Recent work has also explored domain-specific adaptation of LLMs for structured and specialized tasks,
such as information extraction and classification in scientific and financial domains [35], highlighting
the importance of preserving semantic fidelity during data augmentation.

By combining human curation with LLM assistance, this synthesis approach can significantly reduce
labor-intensive work that would otherwise require multiple scientists to carefully curate examples. We
show how to achieve this using the Earth system problem of AMOC collapse as a use case.



4. Enriching Fine-Tuning Datasets with Semantic Variations

In this section, we present a semantic variation framework for augmenting an existing dataset for Earth
system question answering. We analyze the resulting semantically enriched dataset and evaluate its
utility by using it to fine-tune LLaMA 3 and assessing the performance of the resulting fine-tuned
model. We use GPT-4 [36] for consistency with our prior pipeline and to maintain comparability across
experiments. However, more recent models, such as GPT-5, may further improve the quality of semantic
variations, which we leave for future work.

4.1. The Semantic Variation Methodology

We use a semantic variation methodology to expand an existing dataset of question-answer pairs by
prompting an LLM, in this case GPT-4, to generate semantically similar yet distinct versions of each
base question-answer pair. We focus on questions with short responses that are suitable for fine-tuning
LLMs, although the overall approach may be applicable to a broader range of domain adaptation settings.
Let the original dataset be

𝒟0 = {(𝑞𝑖, 𝑎𝑖)}𝑁𝑖=1,

where 𝑞𝑖 denotes a base question, 𝑎𝑖 its corresponding answer, and 𝑁 the number of original examples.
For each base pair (𝑞𝑖, 𝑎𝑖), we use an LLM-based generator 𝐺𝜑 to produce 𝐾 semantic variations,

𝐺𝜑(𝑞𝑖, 𝑎𝑖; 𝑟) → (𝑞̃𝑖,𝑟, 𝑎̃𝑖,𝑟), 𝑟 = 1, . . . ,𝐾.

The resulting augmented dataset can then be defined as

𝒟(𝐾)
sem = 𝒟0 ∪

{︀
(𝑞̃𝑖,𝑟, 𝑎̃𝑖,𝑟) : 𝑖 = 1, . . . , 𝑁, 𝑟 = 1, . . . ,𝐾

}︀
,

resulting in a total size of 𝑁(1 +𝐾). This procedure enables datasets containing hundreds of expert-
curated examples to be expanded to thousands of training instances.

A key requirement of our semantic variation method is that each generated pair preserves the
underlying scientific meaning and relationships of the original example while varying only its linguistic
form. In our approach, we enforce this through a semantic similarity constraint. For each generated
variation, (𝑞̃𝑖,𝑟, 𝑎̃𝑖,𝑟), we compute a semantic similarity score relative to the original pair (𝑞𝑖, 𝑎𝑖) using
a chosen similarity metric, 𝑆(·, ·). A variation is retained only if

𝑆
(︀
(𝑞𝑖, 𝑎𝑖), (𝑞̃𝑖,𝑟, 𝑎̃𝑖,𝑟)

)︀
≥ 𝜏,

where 𝜏 is a predefined similarity threshold.

4.2. Building the Base Dataset

To build the base dataset we first collected a domain-specific corpus based on scientific papers found
by querying Web of Science on February 15, 2024 using the words “AMOC” and “slow*”. The search
returned 116 papers, spanning 2000-2024, including 85 papers from 2000-2020 and 31 papers from
2021-2024, drawn from major ocean and climate science publishers and society journals, including
AGU/Wiley, EGU/Copernicus, AAAS/Science, Springer Nature/Springer, Elsevier, AMS, and related
venues. For each selected article, we retrieved and standardized the full text, segmented the content into
sections (abstract, introduction, methods, results, and discussion/conclusion) and performed a manual
check to ensure extraction fidelity and section alignment.

We then generated section-grounded question-answer pairs using a GPT-4-based pipeline. For each
paper section, the model was prompted to produce five question-answer pairs, yielding 25 pairs per
article. To encourage explanatory and quantitative reasoning, we constrained the distribution so that
no more than half were binary (yes/no, or true/false). SMEs then reviewed and edited each question-
answer pair using a three-level rubric: (1) coherent and answerable from the associated section; (2)
section-relevant but requiring revision for accuracy/wording; and (3) incoherent or not grounded in the



section. Only SME-validated question-answer pairs were retained in the base dataset. This manually
reviewed base dataset then served as the foundation for the controlled semantic variation procedure
used to expand the fine-tuning corpus while preserving scientific grounding in AMOC-related literature.

4.3. Measuring Similarity Between Semantic Variations and Original Questions

Using the base dataset of question-answer pairs, GPT-4 was then used to generate semantic variations
of each pair.

We flagged questions as True/False or short answer to ensure that the newly generated answers
would be in the desired format. To assess the effects of increasing the number of semantic variations
in a dataset, we generated augmented datasets containing 5, 10, 15, and 20 total versions of each
question-answer pair, including the original.

For fewer variations, all variants could be generated jointly in a single prompt. For larger variations,
token constraints required sequential generation. At each sequential iteration, previous variations were
appended to the prompt, giving the LLM additional context of existing variations that it should avoid.

We evaluated the generated semantic variations to determine whether they introduced linguistic
diversity while preserving the meaning of the original questions. To do this, we used both ROUGE-1
and SBERT (Sentence-BERT) [37]. ROUGE-1 is a unigram-overlap metric that measures recall. Given
an original question 𝑥 and a generated variation 𝑦, ROUGE-1 recall is defined as

ROUGE-1(𝑥, 𝑦) =

∑︀
𝑤∈𝑥min

(︀
count𝑥(𝑤), count𝑦(𝑤)

)︀∑︀
𝑤∈𝑥 count𝑥(𝑤)

where count𝑥(𝑤) and count𝑦(𝑤) denote the number of times unigram𝑤 appears in 𝑥 and 𝑦, respectively,
capturing lexical overlap. To assess semantic similarity, we used an SBERT cross-encoder, which jointly
processes the sentence pair and outputs a similarity score,

SBERT(𝑥, 𝑦) = 𝑓𝜃(𝑥, 𝑦),

where 𝑓𝜃 denotes the cross-encoder model.
Using these two metrics together allowed us to assess similarity from both a lexical and semantic

perspective as a proxy for preserving the underlying meaning of the represented knowledge. The
resulting distributions are shown in Figures 1a and 1b. The similarity was assessed by comparing the
variation with the original question from which it was generated.

The results indicate that increasing the size of the dataset by increasing the number of semantic
variations per original question had little effect in terms of the ROUGE-1 score. No variation showed
a significantly higher ROUGE-1 score. However, increasing the number of semantic variations did
influence the SBERT score. As the number of variations increased, the score tended to improve.

The relatively stable ROUGE-1 scores suggest that increasing the number of generated variations
does not produce progressively more lexically repetitive variants of the original questions. Additionally,
consistently high SBERT scores indicate that most generated variations remained semantically close to
their source questions.

We note that while semantic similarity metrics provide a practical way to control and evaluate varia-
tion quality, they do not directly measure factual correctness, which remains an important consideration
for scientific question answering.

Having established that the generated variations preserved semantic content while introducing
linguistic diversity, we then evaluated the effects on downstream fine-tuning using the augmented
dataset.

4.4. Fine-Tuning Experiments

Using the 20-version dataset, the total set of question-answer pairs increased from a size of 399 pairs in
the initial dataset to a total size of 7980 pairs. A train, validation, and test split resulted in a training



(a) ROUGE-1 scores for measuring lexical overlap com-
paring semantic variation questions with the origi-
nal base question.

(b) SBERT scores for measuring semantic similarity by
comparing semantic variation questions with the
original base question.

Figure 1: Scores from measuring both lexical overlap using ROUGE-1 (a) and semantic similarity using SBERT
(b).

dataset size of 4680 pairs, a validation set size of 1660 pairs, and a test set size of 1640 pairs. To prevent
data leakage, the variations were grouped with their original question. The full set of semantic variations
was generated in less than one day.

For fine-tuning, each question-answer pair was appended with the source from which it had been
derived as contextual input. We used a structured prompt template with explicit markers that identify
the context, question, and answer fields. The template also specified the expected response format, such
as a single-word answer for binary questions or a short paragraph for short-answer questions. During
the evaluation, the same prompting structure was used, but with the answer field omitted. The base
prompt is shown in Figure 2. This prompt was given to the model for each question-answer pair during
fine-tuning, with the appropriate context, question, and answer attached directly afterwards.

Figure 2: An example of a prompt used during the fine-tuning process. It provides specific instructions as to
how to recognize and handle each type of question.

Throughout the fine-tuning process, we tuned several hyperparameters. Specifically, we varied the
LoRA scaling factor 𝛼, the LoRA rank 𝑟, and the batch size. The LoRA scaling factor 𝛼 determines the
magnitude of the low-rank updates applied to the frozen base weights, and the LoRA rank 𝑟 controls
the dimensionality of the low-rank update, with higher values allowing the model to capture more
task-specific adjustments along with a higher number of trainable parameters. We started with an
initial setup of 𝛼 = 16, 𝑟 = 64, and a batch size of 4. As shown in Figure 3a, performance was poor
using the base hyperparameter values. The validation loss increased, while the training loss decreased.

We then performed a hyperparameter sweep over different (𝛼, 𝑟) pairs and observed that performance
improved when smaller values of 𝛼 were paired with larger values of 𝑟. Because these two param-
eters jointly determine the behavior of the LoRA update, we evaluated how different combinations
performed. This trend suggests that better results were obtained when the LoRA adapters had greater



(a) Fine-tuning LLaMA 3 using LoRA and the base hy-
perparameter setup. Loss plot shows model is unable
to generalize to the validation dataset.

(b) Fine-tuning LLaMA 3 using LoRA and a hyperpa-
rameter setup based on hyperparameter space ex-
ploration. Loss plot shows model is able to general-
ize to the validation dataset

Figure 3: Comparing a fine-tuned LLaMA 3 using LoRA with the base hyperparameters (a) and improved
hyperparameters (b).

representational capacity but applied their updates more conservatively. We also independently varied
batch size and observed improvements in performance when batch sizes were larger. In the end, a final
setup with 𝛼 = 4, 𝑟 = 128, and batch size of 16 was used. As shown in Figure 3b, the validation loss
improved significantly. We used these settings to evaluate the performance of this model. Fine-tuning
required two H100 GPUs and approximately eight hours to complete.

Figure 4: SBERT Scores - Comparing the fine-tuned LLaMA 3 using semantic variations with the base LLaMA 3.

4.5. Results

Model performance was evaluated primarily using SBERT to quantify the semantic similarity between
each generated answer and the corresponding ground-truth answer in the test set. Before evaluating
the output of LLaMA 3, the output went through a post-processing step. Using a heuristic, we removed



artifacts introduced by the prompt template, such as residual flags.
In Figure 4, we compare the SBERT score using LLaMA 3 out of the box and the fine-tuned LLaMA

3 using our semantically varied dataset. Given this comparison, it appears that the fine-tuned model
shows some improvement in SBERT semantic similarity over the base model, suggesting that the
fine-tuned model better captures the underlying domain knowledge represented in the training data.

5. Semantic Variations - A Sensitivity Study

To better understand the limitations of the semantic variation methodology, we conducted a sensitivity
study focused on similarity as a metric for creating semantic variations. Specifically, we partitioned
question-answer semantic variations into different bins of data based on their SBERT similarity to the
original question. We then fine-tuned and evaluated separate models on datasets constructed from each
similarity bin using a consistently held-out test set.

5.1. Experimental Setup

We limited our dataset to only short-answer questions for this sensitivity study, resulting in a base
dataset of 165 question-answer pairs. The dataset was then split into 100 questions for the training set,
15 for the validation set, and 50 for the test set. The data were binned according to the similarity ranges
defined in Table 1.

Table 1
SBERT was used to create bins based on similarity between a semantic variation and its original base question.

Bin Type Similarity Range

Low Similarity 12.5%-37.5%
Medium Similarity >37.5%-62.5%

High Similarity >62.5%-87.5%
Duplication 100%

Random Unknown

We chose these low, medium, and high ranges specifically to exclude question-answer pairs that were
too distant from the base question-answer pair as well as those that were near duplicates. Additionally,
we built two datasets: one with exact duplicates of the original set of questions and one with a completely
random set of questions, sourced from a database of Jeopardy! questions [38].

These datasets were created as a means to test the extreme boundaries of semantic variations, from
both no variation at all to entirely semantically different examples. In total, there were five distinct
datasets that represented separate ranges of similarity. For the sensitivity study, we also increased the
number of generated variations to 29 variations of each base question-answer pair for a total of 30
versions. Each binned dataset resulted in a training set of 3000 questions and a validation set of 450
questions. The same base test set was used for all binned datasets. Examples of these binned semantic
variations are shown in Figure 5.

Fine-tuning was performed for all five ranges using the same hyperparameter setup as in the previous
model. The loss plots for the five models are shown in Figure 6. Training loss plots indicate relative
stability for each model except the one that included exact duplicates of the questions. In this model,
the validation loss increases after 2.5 steps and does not recover.

5.2. Results

With the fine-tuned models, we examined the differences in their resulting performance. We compared
the answer of each model for a specific question with the correct associated answer from the data set
using SBERT. All five models were tested on the same test set of 50 question-answer pairs from the
original base dataset. The test set was kept completely separate from the training and validation sets.



Figure 5: An example set of questions that shows the original base question and an example semantic variation
from each bin.

Figure 6: Training Loss Plots for each fine-tuned model across all binned semantic variation datasets after
applying hyperparameter tuning.

The model output was cleaned using the previously described heuristic, and the SBERT results are
shown in Figure 7.

Comparing the results of the models fine-tuned on different training datasets, we saw that the model
trained on the Jeopardy! dataset performed worst. Of the models trained on semantically enriched
datasets, those trained on medium- and high-similarity datasets performed the best, having the least
variability in SBERT scores across the test set while maintaining high average scores. The model trained
on the low-similarity dataset seemed to perform similarly to the model trained on exact duplicates,
with both having a wider range of scores including outliers in which the model performed poorly on
some examples from the test set.



Figure 7: Sensitivity study using multiple semantic variation bins, tested on only original questions. Measuring
performance using SBERT, medium- and high-similarity datasets appear to offer the best performance when
comparing LLM answers with the held-out answer.

Figure 8: Sensitivity study using multiple semantic variation bins and comparing with the original base model,
tested on original questions and variations. Measuring performance using SBERT, models fine-tuned on medium-
and high-similarity datasets perform similarly and appear to offer the best performance, outperforming the base
model when comparing LLM answers with the held-out answer along with tighter quartile tails, suggesting
higher reliability.

We also tested these models against the original test set used in the experiment shown in Figure 4.
We removed questions from our original test set that the current models had seen during training and
validation, as well as any variations related to these base questions to prevent data leakage. These results
are presented in Figure 8. Among the semantically enriched datasets, the models trained on medium-
and high-similarity variations performed best. In both cases, the median of the score distribution
exceeded that of the base model with a smaller spread, suggesting not only improved performance but
also greater consistency. These fine-tuned models outperformed the base model, and the general trends



across all binned models were consistent with the sensitivity results. The model fine-tuned on random
Jeopardy! question-answer pairs performed the worst. Surprisingly, the exact duplicates model did not
perform much worse than the high-similarity model.

5.3. Limitations

One limitation in our evaluation of this data augmentation approach stems from our use of LoRA as
the fine-tuning method. LoRA was initially selected due to computational resource constraints, as
it provides a lightweight and efficient alternative to full model fine-tuning. However, because LoRA
keeps most of the base model weights frozen and only learns low-rank adapter updates, the resulting
parameter updates are relatively constrained. As a result, the performance gains from fine-tuning were
likely smaller than what might be achieved with full model fine-tuning, where the underlying model
weights are allowed to adapt more extensively to the augmented dataset.

Additionally, our evaluation relies on a semantic similarity metric (SBERT), which measures closeness
in meaning but does not directly assess factual correctness. This is an important limitation for scientific
question answering, where accuracy and faithfulness to the underlying literature are critical. While
SBERT provides a useful proxy for evaluating semantic alignment between generated and reference an-
swers, future work should incorporate evaluation methods that explicitly account for factual correctness
and scientific validity.

6. Conclusions and Future Work

In this work, we describe an approach for constructing a large scientific dataset from the scientific
literature, along with a new semantic variation methodology for expanding a dataset to sizes suitable
for fine-tuning LLMs. We evaluate datasets generated with different levels of semantic variation in
order to better understand how dataset size and augmentation affect the performance of the fine-tuned
model. Although advances in LLM capabilities increasingly reduce the need for fine-tuning, there
remain important cases where domain adaptation through fine-tuning is still beneficial.

Our results suggest that semantic variation offers a practical strategy for overcoming one of the
primary barriers to fine-tuning: the difficulty of constructing sufficiently large, high-quality training
datasets. More broadly, this approach highlights the importance of preserving semantic consistency
when expanding datasets that represent domain knowledge, which is particularly relevant for applica-
tions involving knowledge representation, semantic search, and question answering over structured or
semi-structured data.

Additionally, the generation of variations was done using the GPT-4 model, which was chosen
primarily because it was one of the leaders at the time this research was conducted, and also because of
its ease of use. In future work, we plan to explore the use of more recent LLMs to generate semantic
variations, as well as evaluation strategies that better capture factual correctness in scientific question
answering. Expanding this approach to other areas besides Earth science would also allow us to compare
against other state-of-the-art models such as PubMedQA and SciFact, something not possible in this
iteration of the work due to differing domains. We also aim to investigate how semantically controlled
augmentation can support downstream tasks such as knowledge extraction and text-to-knowledge
graph pipelines.
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