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Abstract. The introduction of large language models (LLMs) has en-
hanced automation in software engineering tasks, including in Model
Driven Engineering (MDE). However, using general-purpose LLMs for
domain modeling has its limitations. One approach is to adopt fine-
tuned models, but this requires significant computational resources and
can lead to issues like catastrophic forgetting.

This paper explores how hyperparameter tuning and prompt engineering
can improve the accuracy of the Llama 3.1 model for generating domain
models from textual descriptions. We use search-based methods to tune
hyperparameters for a specific medical data model, resulting in a notable
quality improvement over the baseline LLM. We then test the optimized
hyperparameters across ten diverse application domains.

While the solutions were not universally applicable, we demonstrate that
combining hyperparameter tuning with prompt engineering can enhance
results across nearly all examined domain models.
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1 Introduction

The interplay of Model Driven Engineering (MDE) and large language models
(LLMs) has recently gained popularity, leading to different applications in sev-
eral modeling tasks, including model completion [12|, model generation [5}/13],
and specification of software architectures [1]. Nevertheless, full automation in
modeling tasks is far from being reached [10], especially in domain modeling
tasks, where human expertise is pivotal [33]. Moreover, general-purpose LLMs
exhibit limitations in assisting modelers in completing or generating domain
models [13]. One practical solution is represented by fine-tuning processes when
an LLM can be specialized for a particular task |30]. While this method has been
proven to be effective in domain modeling [15|, it requires high-quality datasets
that need to be collected, pre-processed, and encoded to train the model. More-
over, fine-tuned models can suffer from the so-called catastrophic forgetting [14],



2 V. Bulhakov et al.

i.e., a significant drop in performance on previously learned tasks. Alternatively,
the overall performance of a deep learning model can be increased by relying on
the hyperparameter tuning technique [17]|, which is focused on finding the best
combination of hyperparameters without additional training phases.

In this paper, we investigate the effect of hyperparameter tuning and prompt
engineering on a notable LLM i.e., Llama 3.1 [31] when employed in a very spe-
cific task, i,e., domain modeling. First, we exploit the NSGA-IT algorithm to find
an initial set of hyperparameters for a specific application domain, i.e., medicine,
using one single domain model, i.e., related to the LIFEMap projectEI Afterward,
a grid search is performed to refine the set of hyperparameters aiming at reach-
ing a trade-off between semantic and syntactical correctness. In addition to the
hyperparameter tuning, we experiment with three notable prompt techniques,
i.e., zero-shots, few-shots, and chain-of-thoughts, as they have been successfully
used in domain modeling |13].

To evaluate our approach, we compare models generated by Llama 3.1 with
optimal configurations to those produced by Llama 3.1 using default hyperpa-
rameters, both utilizing the LIFEMap domain model as input. The performed
experiments confirm that the models generated by the LLM with optimal config-
urations are significantly better than the baseline, motivating the need for hyper-
parameter tuning. Then, we assess the generalizability of the optimal solutions.
To this end, we run the Llama 3.1 model using the identified list of hyperparam-
eters on ten different application domains and collect the results for each prompt
technique. Again, we compare the obtained results with a baseline model with
default hyperparameters. While our results show that hyperparameter tuning
alone is insufficient to achieve adequate automation in different domains, the
combination with prompt technique helps mitigate this issue, achieving better
results in most of the analyzed domains. These results again motivate the need
for LLM’s hyperparameter tuning to support domain model generation. In par-
ticular, hyperparameter tuning does not require a large set of modeling artifacts
to be conducted, offering a valuable alternative when fine-tuning is not applica-
ble. In future work, we plan to extend this analysis to other notable LLMs - like
GPT, BERT, or DeepSeek - to assess if hyperparameter tuning is also effective
with different models.

The main contributions of the paper are: i) a rigorous study on hyper-
parameter tuning on LIFEMap domain; i) an extensive evaluation with 10
state-of-the-art domain models to assess to what extent our approach is generic;
iii) a replication package to foster research in this domain [9].

2 Motivation and Related Work

Motivating example: Through domain modeling, formal representations typically
specified in class diagrams are conceived out of textual requirements. Although
several approaches have been developed to assist modelers in domain modeling,

! https://www.thelifemap.it/
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Fig. 1. Excerpt of the LIFEMap domain model

the process is still challenging due to the complexity of peculiar domains. Fig-
ure [I| depicts an excerpt of the LIFEMap model, which represents a medical
Case Report Form (CRF) for patients under specific treatments. In particular,
a Patient has a FamilyHistory that may affect the treatment and the corre-
sponding LaboratoryExams. It is worth mentioning that the discussed model
is only an excerpt of the whole domain modelEI which contains 31 classes, 291
attributes, and 48 relationships.

To produce domain models, modelers must manually inspect huge textual
documents to extract relevant concepts. Relying on automated techniques, like
intelligent modeling assistants , requires curated and large modeling datasets
. Moreover, documents might contain sensitive data that cannot be disclosed,
as modeled by the entity StudyConsent, thus limiting training data to perform
advanced training techniques, e.g., fine-tuning or retrieval augmented genera-
tion (RAG) . To overcome such limitations, in this paper, we leverage the
hyperparameter tuning strategy by providing a set of hyperparameters that can
support the usage of LLMs in this peculiar domain.

Related work: DoMoBOT combines NLP and a supervised ML model to
automatically retrieve domain models from textual contents using the spaCy
toolE| After the pre-processing phase, the predictive component uses the encoded
sentences to retrieve similar model entities and generate the final domain model.

In ||§|, authors exploit the NSGA-II algorithm to retrieve partial metamodels.
The system first searches a list of candidates given inputs relevant to the consid-
ered task. Then, several similarity criteria are selected as additional optimization
objectives to support model completion.

Chaaben et al. supports model completion using GPT-3 equipped with
using semantic mapping, i.e., embedding the model elements as structured text
in the prompt. Preliminary results computing traditional accuracy metrics on
30 models extracted from the ModelSet dataset show that the few-shot
approach can help modelers complete static UML models. In , the authors

2 The complete model is available in the online appendix @I
3 https://spacy.io/
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exploited the GPT-3 model with a few-shots prompt technique to translate tex-
tual requirements in domain-specific modeling language (DSL) specifications in
the context of Advanced Driver Assistance Systems (ADAS). Starting from un-
structured textual requirements, they derive formal rules used in the DSL spec-
ification.

Camara et al. |11] explored the capability of GPT3.5 to automate domain
modeling tasks, including OCL rule generation. The conducted experiment, con-
sidering 40 models belonging to 8 different domains, shed light on limitations in
model generation.

Mutagene [20] is a custom GPT-4 model to support the development of
DSMLs that relies on a dedicated knowledge base,including the Xtext syntax,
examples, and documentation to support a specific use case, i.e., modeling mu-
tation. Similarly, ModelMate [15] relies on fine-tuned LLM to assist modelers
in three different DSL-related tasks, i.e., identifier suggestion, line completion,
and block completion. In particular, three different LLMs have been fine-tuned,
i.e., GPT-2, Code Parrot, and Code-Gen, to support three tasks, showing supe-
rior accuracy compared to traditional techniques considering the three examined
tasks. A conceptual framework to integrate LLMs with graphical DSML has been
proposed in [7]. First, the high-level concepts are extracted from the current lit-
erature. Then, a proof-of-concept using ChatGPT is discussed, i.e., the proposed
framework is used to design a simple traffic light DSML for individuals with color
blindness.

The most related work to ours is [13], where the authors experimented with
GPT-3.5 and GPT-4 using different prompt engineering methods and conducted
a detailed comparative evaluation with precision, recall, and F1l-measure, plus
a manual comparison using a tailored correctness metric. While we rely on the
same dataset to evaluate our approach, we cannot directly compare the obtained
results as i) we rely on a smaller LLM, i.e., Llama 3, and ) we adopt Cosine
and BERT scores as similarity functions in the hyperparameter tuning as they
provide proper integration with the NSGA-IT algorithm.

3 Methodology

This section outlines the procedures used to identify the optimal hyperparameter
configurations for the LLM, as well as the prompt engineering strategies that
were implemented on the considered LLM, i.e., Llama 3.1.

3.1 Hyperparameter Tuning

Figure [2] reports an overview of the hyperparameter tuning process. We start
from an initial search space of hyperparameters and possible value combina-
tions. Next, we employ a global search strategy - namely NSGA-II [17] - to re-
duce the space of possible solutions. From this reduced search space, we perform
an exhaustive grid search process to evaluate each potential solution. From this
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Fig. 2. Hyperparameter tuning methodology

Table 1. Hyperparameters search space

Hyperparameter‘ Value Range
Temperature [0.5,2] with step size of 0.1
Top-k [0,100] with step size of 10
Top-p [0.5,1.0] with step size of 0.1
Repetition penalty [1.0,2.0] with step size of 0.1

Max new tokens {512,1024, 2048, 3072, 4096, 8192}

search process, we derive a set of optimal solutions that achieve the best seman-
tical and syntactical correctness trade-off of the generated models. As mentioned
above, the whole search process is performed using Llama3.1 as the base LLM.
In particular, we ask the LLM to generate an Ecore metamodel of the LIFEMap
textual domain model outlined in Section 2l

Search Space In our study, we fine-tune the following hyperparameters of
Llamag3.1, which have been shown to be the most influential on the quality of
the generated content [4]:

» Temperature: Influences output randomness; lower values (close to 0) make
it deterministic, while higher values (> 1) increase randomness.

» Top-k: Determines the number of high-probability tokens to consider for text
generation. Lower values (1-10) result in more deterministic behavior; higher
values increase randomness.

» Top-p: Used with top-k to select tokens based on cumulative probability.
Lower values (0.1-0.3) create a smaller set for selection, making the output more
deterministic, while higher values (0.8-0.9) expand the selection set.

» Repetition penalty: Limits excessive repetition in output. Values close to
1 allow repetition; values (> 1.8) discourage it.

» Max new tokens: Sets the maximum number of tokens that can be generated
in response to a prompt, with higher values leading to longer responses.
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Since there is no agreement on which range of hyperparameter values is more
suited for model generation tasks [4[13], we explore a wide range of values that
spans from low to high settings. The search space is reported in Table [I}

Given the size of the search space and the high computational complexity of
generative models, performing an exhaustive search of this space is infeasible.
Thus, we rely on an advanced multi-objective search strategy to refine this space,
as discussed in the next section.

Search Strategies We employ a combination of two search strategies to explore
the search space described in Section [3:1} The objective of our search task is
to identify hyperparameter configurations within the search space that allow
the LLM to produce models with the highest levels of semantic and syntactic
correctness compared to a ground truth model. Thus, this task can be defined
as a multi-objective search problem where we maximize both the semantic and
syntactic correctness of the generated models.

First, we rely on a global search strategy to refine the search space. Secondly,
starting from the reduced search space, we perform a comprehensive grid search
of all the possible combinations. Eventually, the search process returns the solu-
tions that achieve the best trade-off of semantic and syntactical correctness for
the generated models.

Global Search The global search strategy employed in our work is the NSGA-
IT algorithm [17]. It is an evolutionary algorithm that has been shown to be
widely efficient and effective for multi-objective problems [24,[25}(36]. It follows
the general behavior of genetic evolutionary algorithms, where an initial popula-
tion of individuals progressively evolves following Darwin’s theory of biological
evolution [22].

The algorithm starts with an initial population of N randomly generated in-
dividuals, and the quality of each individual is assessed following a given fitness
function. Next, the evolution process begins. First, the best individuals from the
population are selected following a given selection strategy, creating an offspring
population O;. This new population is evolved using specific crossover and mu-
tation strategies under specific probabilities p. and p,,, respectively, and the
quality of the new individuals is again evaluated. The new offspring population
O; is merged with the population of the ¢ generation P; to create a temporary
population P’. The individuals from P’ are sorted based on a non-dominated
sorting strategy. Finally, the first NV individuals are selected from P’ to create
the new population P ;. This process is repeated until the maximum number
of generations G is reached and the final population P* is returned.

In our use case, each individual in the search is represented as a dictionary of
hyperparameters and related values, and the population size is 30. The number of
generations is set to 10. The selection strategy is a Tournament Selection based
on dominance between two individuals. The number of individuals selected is
equal to the population size. The crossover function is a Single Point Crossover
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Table 2. Reduced search space

Hyperparameter \ Value Range

Temperature [1.0,1.3] with step size of 0.1
Top-k {0,50}
Top-p [0.9,1.0] with step size of 0.1
Repetition penalty {1.0,1.1,1.2}
Max new tokens {512, 1024, 2048, 3072, 4096 }

operator [27] with 90% of probability. The mutation strategy is a Uniform Mu-
tation operator where all hyperparameters are randomly mutated. The mutation
probability is 20%. Finally, the quality of each individual is evaluated using two
fitness functions for syntactical and semantic similarity against a ground truth
model. Concerning syntactic similarity, we employ the widely adopted Cosine
Similarity score |35]. This metric measures the similarity of two documents as
the cosine of their angle in their term-frequency vector representation. If two
documents are syntactically equal, then their cosine similarity is one. Instead,
we use the BERTScore metric for semantic similarity. This metric evaluates
the quality of a generated text by computing the similarity between the BERT
embeddings of two documents [42]. As for the Cosine Similarity, the optimal
value of this metric is one.

The choice for those metrics is driven by their employment in previous works
related to domain modeling [19}/39]. While we acknowledge that there are more
specific metrics to assess the similarity of modeling artifacts, e.g., EMFCompare
[ they do not provide an API to be used as a fitness function of the NSGA-II
algorithm.

As stated above, we employ this global search strategy to reduce the search
space of possible solutions. In particular, we ran the abovementioned algorithm
ten times and identified the range of values for each hyperparameter in the final
populations. Notably, we obtained a smaller set of hyperparameters, which made
it suitable to perform an exhaustive grid search. The reduced space of solutions
is reported in Table

Grid Search Starting from the reduced space of solutions returned by NSGA-II,
we performed an exhaustive grid search by evaluating each possible hyperparam-
eter setting in the search space. We conducted this additional search to evaluate
all possible configurations and identify the optimal settings that could be reused
for all domain modeling generation tasks.

The final outcome is the Pareto front of the solutions with respect to BERT
Score and Cosine Similarity. The Pareto front solutions are those that are not
dominated by any other solution in the search space - i.e., they are better than
all solutions in at least one fitness score and no worse in all the others [23].
In particular, we identified six different configurations, which are the subject
of our evaluation. The whole search process (i.e., NSGA-II search plus Grid

4 https://github.com/eclipse-emnf - compare/emf - compare


https://github.com/eclipse-emf-compare/emf-compare

8 V. Bulhakov et al.

Table 3. Optimal solutions and Llama default configuration

| Configuration
So ‘{Temperature: 0.6, Top-k: 50, Top-p: 1.0, Max New Tokens: 4096}
S1 ‘ {Temperature: 1.0, Top-k: 0, Top-p: 1.0, Max New Tokens: 2048}
S2 |{ Temperature: 1.1, Top-k: 50, Top-p: 0.9, Max New Tokens: 3072}
S3 |{ Temperature: 0.8, Top-k: 50, Top-p: 0.9, Max New Tokens: 4096}
S4 |{ Temperature: 1.1, Top-k: 50, Top-p: 0.9, Max New Tokens: 3072}
S5 |{ Temperature: 1.1, Top-k: 50, Top-p: 0.9, Max New Tokens: 4096}

Llama Default‘{Temperature: 0.7, Top-k: 50, Top-p: 0.9, Max New Tokens: 4096}

search) took around ten days of machine execution over a CentOS HPC cluster
equipped with 32 Intel(R) Xeon(R) Gold 6140M CPUs and two Nvidia A100
and A30 GPUs. The optimal configurations are reported in Table [3]

3.2 Prompt Engineering

In this work, we analyze the three most adopted prompt engineering strategies
for software engineering tasks. The choice of those strategies is also motivated by
previous work on the adoption of LLMs for domain modeling |13|. In the follow-
ing, we summarize each adopted prompt strategy, while the complete prompts
are reported in our replication package [9).

Zero-shot This strategy is our baseline and has been employed during the
hyperparameter tuning phase. An excerpt of the prompt employed is reported
in Listing [T} In general, with a zero-shot prompt, the LLM is fed only textual
instructions on the task to be performed and the input file to process. In our
case, we give the LLM a textual description of the LIFEMap domain model and
ask it to extract all entities, attributes, and relations from it. We ask the LLM
to behave as a domain modeling expert and generate the output as an Ecore
model.

You are a domain modeling expert.

Identify all entities in the text.
Identify all attributes and data types.
Identify all relationships among entities.
Generate the output as an Ecore model.
<textual LIFEMap domain model>

Listing 1.1. Excerpt of Zero-shot prompt

Few-shot Few-shot prompting extends the zero-shot strategy by including ex-
amples of the output that the LLM has to generate. In our case, we append two
examples of Ecore models to the end of the prompt. An excerpt of the prompt

is given in Listing
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<Zero-Shot prompt>

<example ecore model 1>
<example ecore model 2>
<textual LIFEMap domain model>

Listing 1.2. Excerpt of Few-shot prompt

Chain-of-Thought Chain-of-Thought (CoT) is an extension of the few-shot
strategy that includes reasoning steps in addition to the examples provided to the
LLM |[38]. The reasoning steps link the examples provided with the task that the
LLM has to solve. In particular, in addition to the two examples of Ecore models,
we feed the LLM with textual descriptions of those example domain models and
the steps to follow to define Ecore models from those textual descriptions. An
excerpt of this prompt is given in Listing [I1.3]

<Zero-Shot prompt>

<textual description of example 1>

<steps to derive ecore model for example 1>
<example ecore model 1>

<textual description of example 2>

<steps to derive ecore model for example 2>
<example ecore model 2>

<textual LIFEMap domain model>

Listing 1.3. Excerpt of Chain-of-Thought prompt

Concerning the examined model, we focus on the Llama-3.1-8B-Instruct
model available in the HuggingFace repositoryﬂ By the time of this paper, Llama
3.1 is among the latest releases of the family of Llama language models that
exploit optimized transformer architecture and reinforcement learning with hu-
man feedback. Thus, the model is widely adopted for many tasks, including
code-related tasks [18}[21].

4 Evaluation

4.1 Reseach questions

— RQ;: To what extent an optimal hyperparameter setting is effective for dif-
ferent domain models? This research question evaluates whether optimal
hyperparameter configurations can be generalized across different domain
models without prompt engineering. We begin with a sanity check using the
LIFEMap model to verify that the improved hyperparameters enhance the
semantic and syntactic quality of generated models. We then apply these hy-
perparameters across various domain models using an existing dataset |13].
If the models are semantically and syntactically correct, we conclude that
hyperparameter tuning can be done once, allowing for generalization without
additional prompt engineering.

® https://huggingface.co/meta-1lama/Llama-3.1-8B-Instruct
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— RQ2: How the combination of hyperparameter tuning and prompt engineer-
ing techniques can improve the quality of models generated for different do-
mains? To answer this question, we experiment with advanced prompt en-
gineering strategies, i.e., Few-Shot, and CoT. Specifically, suppose the LLM,
configured with a particular hyperparameter setting and employing a spe-
cific prompt engineering strategy, effectively generates models that are both
semantically and syntactically correct across various domains. In that case,
we can conclude that hyperparameter tuning can be performed once, and
the optimal settings can be applied for multiple domain models when using
that prompt engineering strategy.

4.2 Dataset

To assess the generalizability of the optimal solutions, we evaluate the semanti-
cal and syntactical correctness of domain models generated for the use cases em-
ployed in [13]. In particular, the dataset includes ten heterogeneous domain mod-
els: BTMS: transportation domain; H2S: food delivery domain; LabTracker:
health domain; CelO: social domain; TSS: sport domain; SHAS: IoT domain,;
OTS: teaching domain; Block: game domain; Tile-O: game domain; HBMS:
managment domain.

A more detailed description of these domain models is available in [13]. How-
ever, it is worth noting that they have different degrees of complexity regarding
the number of classes, attributes, and relations. The number of entities ranges
from 7 to 23. The attributes span from 11 to 43, whereas the number of rela-
tionships ranges from 9 to 27. Nevertheless, none of them is comparable with
the LIFEMap model in terms of size as discussed in Section [2}

4.3 Prompt engineering and metrics

For answering RQ;, we use a zero-shot prompting strategy, maintaining the
same structure as illustrated in Section [3.2] that represents our baseline model.
To answer RQs9, we utilize prompts designed with few-shot and chain-of-thought
strategies, adhering to the structures detailed in Sections [3.2] and Section [3.2]
respectively. Note how, for RQ2, the prompt engineering strategies are also used
by the baseline LLM with default hyperparameters.

As mentioned in Section [3] the syntactic correctness is evaluated by com-
puting the Cosine Similarity between the generated models and a ground truth
consisting of a domain model manually created [35]. The semantic similarity
is instead assessed by computing the BERTScore [42] between the generated
models and the ground truth. These metrics are employed in both RQs.

Finally, to account for the randomness of LLMs in output generation, follow-
ing previous works [13,/16], for each RQ, we repeat the model generation process
20 times for each prompt and hyperparameter setting. In addition, we perform
the one-sided non-parametric Wilcoxon test to assess if there is a statistically
significant difference in the results obtained for each RQ [41]. Following common
methodology [40], if the test’s p-value is < 0.05, then we can reject the null
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hypothesis and assess, with a statistical significance, that the Cosine Similarity
and BERT Score of the domain models generated by the LLM with optimal con-
figurations are higher (i.e., better) than the baseline. We chose this test instead
of the paired t-test because, being non-parametric, it makes no assumption on
the data distribution [41].

In addition, again following established standards [2], when the p-value is
< 0.05, we complement the results obtained by the Wilcoxon test with the
Vargha-Delaney A5 effect size [37] to assess the size of the obtained difference.
This test measures the proportions of items whose difference is higher than zero.
Following previous work [36], we consider the effect size large if A15 > 0.72,
medium if 0.64 < Ao < 0.72, and small if A5 < 0.64.

5 Results

In this section, we discuss the results of our empirical evaluation. For all RQs
(apart from RQ; 1, which is a sanity check on the LIFEMap domain model),
we counted the number of times in which each optimal configuration provided
models that are syntactically and semantically better than the baseline. In par-
ticular, following previous empirical work [26], we use the so-called Win / Tie
/ Loss strategy. We count the number of times a solution scored a Wilcoxon’s
p—value< 0.05 (Win), p—value> 0.99 (Loss), and 0.05 < p—value > 0.99 (Tie). In
addition, we count the number of times the obtained A5 effect size is large /medi-
um/small for each Win case.

Table [a] reports the statistics for each optimal solution, while Table [AD] re-
ports the results for each domain model. Note how, in Table b the effect sizes
are not reported since they are the same as in Table In both tables, we
highlight cases where the number of wins is higher than losses.

5.1 RQ;i: Zero-Shot Prompting

RQi.1: Sanity check Figure [3] reports the distribution of Cosine Similarity
and BERT Score of models generated by Llama3.1 for the LIFEMap domain
model. The left-most blue boxes show the results obtained by Llama3.1l with
the optimal configurations, while the right-most orange boxes show the results
obtained by the baseline model with default hyperparameters. As shown in the
plot, the syntactical and semantical quality of domain models generated by the
LLM with optimal hyperparameters significantly overcomes the results obtained
by the baseline. This outcome is confirmed by the results of the Wilcoxon test
and the Aj, effect size, which reported a large significant difference.

The results obtained motivate the need for tuning the LLM’s hyperparameter
for domain modeling generation. Next, we investigate how the obtained results
can be generalized to different domain models.

RQ1.2: Solutions Generalizability The results reported in Table [da] for Zero-
Shot show how no configuration achieved more wins than losses. This result is
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Table 4. Win / Tie / Loss between optimal solutions and the baseline model

‘ RQ:.2: Zero-Shot H RQ2.1: Few-Shot H RQ2.2: CoT
‘ Cosine ‘ BERT H Cosine ‘ BERT H Cosine ‘ BERT

So|4/0/6[2/2/6|5/0/5|5/1/4||7/1/2]|4/0/6
S1|1/0/9[2/1/7|8/0/2|4/0/6|6/1/3|1/0/9
S2(1/1/8[1/0/9||6/1/3|4/2/4|/6/0/4|1/0/9
S3|3/0/7|1/2/7||9/0/1|2/0/8|/8/0/2|5/0/5
Sa|1/1/80/0/10||6/1/3|3/0/7|6/2/2|3/0/7
S5|4/0/6(3/3/4||7/0/3|3/0/7||7/0/3|2/1/7

Ai[14/0/0/9/0/0]41/0/0[21 /0 /0[[40 /0 /0[16 /0 /0O

a C()mparison between any optimal solution and the baseline model in all domain
models.

‘RQl,zt Zero-ShotHRQg,lz FeW-ShOtH RQQ,Q: CoT
| Cosine | BERT || Cosine | BERT || Cosine | BERT

HBMS [3/1/2(3/0/3|4/0/2[3/1/2|5/0/1[1/1/4
oTSs 0/0/6l0/1/5(3/0/30/0/6|4/0/22/0/4
SHAS 1/0/5/1/0/5|3/0/3[3/0/3|1/2/3/0/0/6
BTMS 2/0/4[3/2/1||3/1/2/2/0/4|l4/0/214/0/2
LabTracker|1 /0 /5/0/0/6|6/0/04/1/1|5/0/1|2/0/4

CelO 5/0/1/0/2/4|6/0/0[3/0/3|5/0/1[3/0/3
TileO 0/0/6/0/1/5|2/1/3l0/0/6|3/1/2[0/0/6
H2S 2/1/3/2/1/3[6/0/0/1/0/5|5/0/12/0/4
TSS 0/0/6/0/1/5(5/0/1|5/0/1||4/1/12/0/4
Block 0/0/6/0/0/6|3/0/3/0/1/5|[4/0/2[0/0/6

(b) Comparison between all optimal solutions and the baseline model in each domain
model.

confirmed for both Cosine Similarity and BERT Score. However, we also ob-
serve how, for the winning cases, the effect size is always large. Thus, when the
LLM with optimal configurations generates better models, they are significantly
better.

Instead, we observe in Table b a disagreement in the syntactical and seman-
tical quality of the generated domain models. In fact, under Cosine Similarity
(i.e., syntactical quality), there are two domain models with more wins than
losses - namely HBMS and CelO. These domains pertain to Hotel Booking
Management and Celebration Organization, respectively, and have an average
number of classes, attributes, and relations compared to the other domain mod-
els. Thus, we found no particular pattern among these use cases and with the
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Fig. 3. RQi.1: Distribution of Cosine Similarity and BERTScore of models generated
by Llama3.1 using the optimal configurations and with standard hyperparameters

LIFEMap domain model. Instead, under the BERT Score (i.e., semantical qual-
ity), we found no domain models with more wins than losses.

In general, this evaluation may lead us to conclude that the optimal solu-
tions returned by our search can not be generalized to different domain models.
This result again motivates our next research question, which involves including
prompt engineering strategies in the analysis.

Answer to RQ;: The combination of identified optimal solutions and zero-shot
prompting can significantly improve the quality of models generated for the training
domain. However, the optimal solutions can not be generalized to different domain
models.

5.2 RQ2: Prompt Engineering

RQ2.1: Few-Shot From the statistics in Table [a] we observe a discrepancy
between the syntactical and semantic similarities of the generated models. Five
out of six solutions have a higher count of wins concerning syntactical similarity.
In contrast, we identified only one solution that had more wins with respect to
the BERT Score. Notably, this solution is also the only one that did not have
more wins in terms of Cosine Similarity. This finding may suggest a systematic
disagreement between these two metrics when evaluating the quality of domain
models. As for the RQ;, we observe how the effect size for the winning cases is
always large.

By looking at the statistics for each domain model in Table [Ib] we observe
how the number of domain models with more wins than losses increases compared
with RQ.2. In addition, note how the two winning domain models from RQ; o
- i.e., HBMS and CelO - are also winning here.

It is worth noting that the two metrics are concordant in LabTracker,
HBMS, and TSS domain models. On the one hand, this is quite expected
in the first case since the LabTracker domain is the closest to the LIFEMap



14 V. Bulhakov et al.

model, i.e., both are tailored for the medical domain even though the latter is
more complex. On the other hand, HBMS and TSS are completely different
from the medical concepts, even though both contain a lot of generalizations for
representing different types of travelers and players, respectively.

RQ2.2: Chain-of-Thoughts By looking at the Win/Tie/Loss scores in Table
[a] we can see how all optimal solutions provide more wins than losses concerning
Cosine Similarity. On the contrary, no solution achieves more wins concerning
BERT Score. Again, this result may suggest a disagreement of those metrics.

By instead observing the stats for domain models in Table 4B the number
of domain models in which more optimal solutions are better than the baseline
increases in Cosine Similarity while decreasing in BERT Score. Remarkably,
only the BTMS model achieves the agreement between the two metrics. Our
intuition is that the reasoning steps introduced in the CoT prompt lead to this
result, thus allowing the usage of hyperparameter tuning in completely different
domains.

From this evaluation, we may conclude that few-shot prompting is preferred
to increase both syntactical and semantical similarity. At the same time, chain-
of-thought may be suggested to obtain the best syntactical similarity of the
generated models.

Answer to RQ2: Adding hyperparameter tuning to prompt engineering strate-
gies significantly improves the quality of generated models. Few-shot prompting is
suggested to increase both syntactical and semantical similarity. On the contrary,
optimal hyperparameters and chain-of-thought prompting obtained the best syntac-
tical similarity of generated models.

6 Threats to Validity

This section discusses threats that may hamper the results of our study and the
adopted mitigations.

Threats to internal validity concerns two aspects of our experiment, i.e., hyper-
parameter tuning and the employed prompt engineering techniques. Concerning
the first aspect, we followed the state-of-the-art process adopted in operational
research. In addition, we perform a sanity check to validate the results obtained
from the global and local search. Concerning the second, we acknowledge that
prompting can introduce unexpected variability during the generation of the do-
main models. To mitigate these issues, we compute well-known similarity func-
tions to compare the generated domain models with the real ones. In addition,
we used the Win/Tie/Loss test to confirm the outcomes of our study.

External validity is related to the generalizability of our results to other domains
or LLMs. On the one hand, the results show that the hyperparameter tuning is
not enough to generalize the results obtained with Llama 3 if different domains
are considered. On the other hand, well-founded prompt engineering techniques
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can contribute to limiting this issue. Another issue is related to the used LLMs,
i.e., Llama 3 may not be suitable for modeling tasks. In this respect, we opt for
using the most popular open-source model even though we plan to extend our
study to additional models with different architecture, e.g., DeepSeek, Claude,
or GPT models.

7 Conclusion and Future Work

Motivated by the lack of previous studies in hyperparameter tuning for Large
Language Models (LLMs) for supporting the generation of domain models, this
paper introduced a novel approach that combines hyperparameter tuning and
prompt engineering for supporting domain modeling using a single domain model.
To this end, we leveraged the NSGA-II and grid search algorithm to identify a
list of optimal hyperparameters for a specific LLM, namely Llama 3, and then
employed it to generate ten different domain models. Although the results show
that the hyperparameter tuning does not achieve adequate results in all the
considered domains, the usage of prompt engineering techniques, especially few-
shots, contributes to limiting this effect, thus opening future research in this
direction. In future work, we plan to study in detail each hyperparameter, e.g.,
temperature or Top-p, to understand their impact during the model generation.
In addition, we plan to experiment with additional LLMs (e.g., GPT or BERT)
and similarity metrics to understand their impact on domain modeling. Finally,
we can enlarge the dataset to different domain applications to further study the
generalizability of the proposed methodology.
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