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Abstract

Current applications of large language models often assign tasks without consideration of how LLMs understand a
given prompt. Simple commands sometimes do not guarantee desired responses, as LLMs are systems based on
mathematical modeling and cannot cognitively be capable of understanding commands. Hence, a method is required
to guide LLMs in performing tasks appropriately. This paper presents a method to develop model-based automation
of role selection supported by ontology. This can allow for more accurate and relevant role recommendations than if
done manually. As such, this optimization at hand improves the performance of LLMs for specific tasks and
overcomes the limitations of previous studies that define the roles by hand.
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1. Introduction

In recent years, the development of Large Language
Models (LLMs) has demonstrated remarkable progress,
with researchers competing to advance their findings as
breakthroughs in artificial intelligence, particularly in
natural language preprocessing. This advancement is
primarily driven by innovations in transformer
architecture, which enables models to analyze context
and semantics through the attention mechanism. Such
innovations allow LLMs to exhibit reasoning abilities
that can approximate human-like reasoning despite being
grounded in mathematical modeling. One prominent
example of an advanced LLM is GPT-4, which has made
significant strides in adapting to specific tasks through
fine-tuning, reinforcement learning with human
feedback (RLHF), and domain-specific training [1].

Research on LLMs has shown a notable impact in
the technology field and other domains. In education,
LLMs promise to enable intelligent tools such as
personalized learning [2]. Similarly, in medicine, LLMs
can serve as agents that work alongside professionals to
analyze complex problems and information [3].
Concurrently, there has been a surge in studies exploring
optimization techniques for LLM performance,
particularly in specialized domains. One relatively new
optimization technique focuses on prompt engineering.
Given that an LLM’s performance heavily depends on
the given prompts, prompt engineering seeks to enhance
outputs by designing prompts that lead to the expected
response [4][5].

A specific optimization approach within this
framework is role-play prompting, which aims to
improve LLM performance without requiring intensive
or complex interventions. This technique narrows the
scope of the LLM’s response by assigning a relevant role
aligned with the task. For example, a study investigating
the impact of assigning roles within prompts reported
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that manually assigning roles based on task benchmarks
improved response accuracy by over 10% [6]. However,
because the role assignment in this study was done
manually, there is room for automation in determining
relevant roles.

This research proposes developing a deep learning
model capable of predicting roles based on tasks.
Specifically, the focus is on predicting roles such as
mathematician, nurse, education teacher, and recorder. A
dataset comprising task-relevant information and
ontology data, including skills, abilities, and role
definitions, will be used to train a Graph Convolutional
Network (GCN). The model aims to accurately predict
the most relevant role based on the given task.
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2. Methodology

The objective of this study is to train a GCN model
to predict roles that are relevant to the given task. The
procedures undertaken in this research are illustrated in
Fig. 1.

2.1. Dataset Gathering

In line with the focus of this research, the model to
be developed will be trained using datasets aimed at
predicting four roles: mathematician, nurse, education
teacher, and recorder. The datasets employed in this
study serve as benchmarks commonly used to evaluate
reasoning capabilities and the performance of large
language models (LLMs). For the mathematician role,
the Algebra Question Answering with Rationales
(AQUA-RAT) and MultiArith datasets are utilized,
containing story problems and mathematical equations
[7][8]. To predict the nurse’s role, the MedQA dataset is
selected as it encompasses medical terminology and
concepts [9]. For the teacher’s role, the BigBench Date
and StrategyQA datasets are employed because they
include foundational yet comprehensive questions that
reflect the broad knowledge expected of a teacher. Lastly,
for the recorder role, the BigBench Object Tracking
dataset is used, as it contains questions related to tracking
events or occurrences. The ontology applied in this
research is Occupation Ontology (OccO), which
provides a structured framework consisting of the skills,
abilities, and definitions specific to each role [10]. Each
of those datasets was gathered from the repository listed
in the corresponding paper.

2.2. Text Preprocessing

Text preprocessing is a pivotal step in the field of
text data processing, as it directly impacts the overall
performance and accuracy of machine learning models
[7]. This process must be tailored to the unique
characteristics and behaviors of the collected data to
ensure effective outcomes, for the details see Table 1.
One preprocessing technique involves replacing digits in
text data with the word “numeric” using regular
expressions. This step is specifically applied to datasets
categorized under the mathematician class, as it aids the
classifier in recognizing that the term “numeric” is
contextually relevant to this category.

Another essential method includes the removal of
dates formatted as MM/DD/YYYY, which is executed
through regular expressions. This approach is applied
exclusively to datasets pertaining to the teacher’s class,
as dates in this context are considered irrelevant for
classification tasks. Similarly, named entity recognition
(NER) provided by flair is utilized to identify and remove
personal names from the data [8], followed by applying
regular expressions. However, this step excludes data
from the MedQA class, as it lacks identifiable named
subjects.

Furthermore, all datasets undergo lemmatization, a
process that identifies the root form of each word,
ensuring uniformity in textual representation. This step

leverages the lemmatizer provided by the Stanza [9].
Lastly, keyword extraction is conducted across
applicable datasets using the KeyBERT algorithm [10]
which employs sentence transformers to identify key
terms effectively.

Table 1. Text preprocessing for each dataset

Stage Remo-
Replace . Replacing Lemmatiza- Keyword

o ving - .
dataset Digit Date Name tion Extraction
AQUA-RAT 1 0 1 1 1
Mulriarith 1 0 1 1 1
MedQA 0 0 0 1 1
StrategyQa 0 1 1 1 1
BigBench
Date 0 1 1 1 1
BigBench
Object 0 0 1 1 1
Tracking

For ontology data, the preprocessing stage involves
applying stopword removal and lowercasing techniques.
These preprocessing steps collectively optimize the
datasets, preparing them for subsequent graph dataset
creation and task modelling.

2.3. Creating graph dataset

All data from the text preprocessing process is
represented as a graph. Each word or keyword is treated
as a node in this representation, while the relationships
between words and their corresponding datasets are
depicted as edges. The first step involves creating six
central nodes, each representing one of the dataset names.
Subsequently, the text data from each dataset and
ontology is iterated to construct a subgraph. In this
subgraph, each word is represented as a node, which is
then connected to the corresponding central node
associated with the dataset.

Since the GCN model requires two inputs,
numerical data representing the attributes of each node
and an edge index that captures the relationships between
nodes [11], the data represented by a node in this study
consists of text. It will undergo a word embedding
process to convert it into numerical form, this process
leveraging sentence transformer [12]. Meanwhile, the
edge index will be derived from the iterative process of
constructing each subgraph.

2.4. Dataset splitting

In this study, data splitting was conducted using a
masking technique on graph-structured data. This
masking procedure involves assigning a binary value,
either zero or one, to each node in the graph. A zero value
indicates that the corresponding node will not be
included in the training data, whereas a value of one
signifies its inclusion. For the initial experimental phase,
the data was divided into three subsets with a ratio of
60%, 20%, and 20%, respectively, representing the
training, validation, and test datasets.

© The 2025 International Conference on Artificial Life and Robotics (ICAROB2025), Feb.13-16, J:COM HorutoHall, Oita, Japan

757



2.5. Model building and training

In the development stage of the baseline model, the
primary objective is to establish a foundation for
assessing the level of complexity required to learn
patterns inherent in the data. This model development
process leverages GCNSs to capture features from graph-
structured data. Batch normalization layers are employed
to normalize the input of each layer for every batch
during training to force the model for faster convergence
and introduce slight regularization. Activation functions,
such as tanh and RelLU, are incorporated to enable the
model to identify non-linear patterns effectively.
Additionally, dropout layers are utilized as a
regularization technique to mitigate the risk of
overfitting, ensuring the model generalizes well to
unseen data. Experiment configuration during the
training state is shown in Table 2. In addition, the
t-Distributed Stochastic Neighbor Embedding (t-SNE)
algorithm is employed to help visualize the logit of each
class generated by the model. It aims to determine how
well the model improves classification during training
[13].

Table 2. Training configuration

Parameter Configuration
Epoch 500
GCN layer input size 768
GCN layer hidden size 64
Loss Function Cross Entropy
Optimizer Adamax
Learning Rate 1e”3
Dropout Probability 0.5

2.6. Model evaluation

In the model evaluation phase, the confusion matrix
and ROC-AUC curve are employed to assess the
classification performance of the node classifier [14].
The confusion matrix serves as a tool to analyze the
classifier's performance by evaluating predictions across
four key indicators: accuracy, precision, recall, and F1
score. Accuracy measures the proportion of correctly
classified data relative to the total dataset. Precision
evaluates the ratio of correctly predicted positive
instances to the total instances predicted as positive by
the model. Conversely, recall calculates the ratio of
correctly predicted positive instances to all actual
positive instances in the dataset. The F1 score provides a
harmonic mean of precision and recall, evaluating the
model's performance when precision and recall are
equally important. Additionally, the ROC-AUC curve is
utilized to evaluate the classifier's performance based on
the false positive rate (FPR) and true positive rate (TPR),
visualized on the x-axis and y-axis, respectively, to
depict the trade-off between sensitivity and specificity.

Role-Play Prediction using Ontology

3. Results and Discussions
3.1. Training and Testing Model

The training stage is implemented according to the
configuration specified in the methodology section. The
t-SNE graphs before and after training are compared to
suggest how well the model learns the features, as shown
in Fig. 2 and Fig. 3.
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Fig. 2 t-SNE plot before training
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Fig. 3 t-SNE plot after training
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Fig. 4 Loss curve

Based on those graphs, the model can classify nodes
well in mathematician, nurse, and education teacher
classes but is suboptimal at classifying nodes in the
recorder class. The model loss curve during training in
Fig. 4 shows that the model learns well due to
consistently decreasing training loss, indicating it
converges sufficiently. At the beginning of training, the
validation loss continues to decrease, but until around the
100th epoch, the validation loss stops decreasing even
though the training loss continues to decrease.

3.2. Model Evaluation

The evaluation results on the test data, as presented
in Table 3, indicate that the model demonstrates
satisfactory performance in classifying data belonging
to the mathematician and nurse categories. However, its
performance is less than optimal when classifying
instances in the education teacher category, and it
proves to be particularly ineffective in accurately
classifying data associated with the recorder category.
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Table 3. Classification report

Metrics

Precision Recall F1-Score
Class
Mathematician 0.74 0.83 0.78
Nurse 0.90 0.86 0.88
Education teacher 0.35 0.38 0.36
Recorder 0.0 0.0 0.0

Furthermore, Fig. 5 corroborates these findings, as
the most prominent curves are observed in the
mathematician and nurse classes. However, it is
important to note that the data distribution within each
class does not influence performance evaluation based
on the curve area. It explains why the education teacher
and recorder classes exhibit relatively good curve areas
despite their lower classification performance, exceeding
0.5.

Multi-class ROC Curve
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Fig. 5 ROC AUC Curve (class 0: mathematician, class 1:
nurse, class 2: education teacher, class 3: recorder)

4. Conclusion

This study proposes a method to optimize prompts
for Large Language Models (LLMs). As an initial
experiment, the research focuses on predicting four roles:
mathematician, nurse, education teacher, and recorder. A
GCN algorithm was employed to develop a model
capable of predicting relevant roles. Additionally, OccO,
an ontology containing occupational role information,
was utilized as supplementary data to help the model

effectively capture features associated with specific roles.

Experimental results indicate that the GCN-based model
demonstrated suboptimal performance, particularly in
predicting the roles of education teacher and recorder.
These findings highlight limitations in the model's ability
to generalize across all classes. Future work will enhance
the model by integrating other advanced feature
engineering techniques to capture text data
representations better. Exploring various model
architectures and hyperparameter configurations will
also be essential to align model complexity with the
dataset's characteristics. Furthermore, addressing class
imbalance issues should be prioritized to ensure balanced
data distribution, thereby improving the model’s learning
capability.
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