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Abstract: This research explores prompt engineering techniques—Zero-Shot, Few-Shot,
Chain of Thought (CoT), and Retrieval-Augmented Generation (RAG)—to assess their
effectiveness in educational question-answering systems. It evaluates their ability to
handle complex queries, reason through multi-step problems, and generate accurate,
contextually relevant responses. Results indicate that CoT and RAG are particularly
effective for tasks requiring logical reasoning and multi-source information synthesis,
while Zero-Shot and Few-Shot methods are more efficient for straightforward questions
with lower computational demands. The research highlights the crucial role of prompt
engineering in enhancing model performance and generating high-quality datasets for
educational applications. Practical solutions are proposed, including optimizing prompts
for different question types, leveraging retrieval-based methods to dynamically update
responses, and balancing efficiency with computational costs. These findings contribute to
advancing educational question-answering systems, enabling Large Language Models
(LLMs) to deliver precise, well-contextualized, and reliable responses in academic
settings.
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1. INTRODUCTION

Since the development of large language models like Generative Pre-trained Transformer-
GPT-3 and GPT-4, prompt-based text generation techniques have become an important tool across
various applications. In the educational context, automatic question-answering systems can support
students and educators in information retrieval and answering queries regarding academic
regulations, admissions guidelines, or specific rules related to learning and exams. When properly
optimized, these systems can save time and enhance learning efficiency, especially in environments
with high demands for accuracy and detailed information.

One of the biggest challenges in implementing these question-answering systems is how
language models process and respond to complex questions, particularly in contexts requiring multi-
step reasoning or information from multiple sources. Techniques such as Zero-Shot, Few-Shot, and
Chain of Thought (CoT) have been developed to improve model capabilities in understanding and
handling complex tasks. However, the effectiveness of each technique in specific tasks has not been
thoroughly evaluated in the educational context.

Several studies have explored the impact of prompt engineering on language models. Brown et
al introduced the concept of few-shot learning in GPT-3, demonstrating its ability to generalize
across multiple tasks with minimal examples [1]. Wei et al later proposed Chain of Thought (CoT)
prompting, which significantly improved multi-step reasoning tasks in LLMs [2]. Meanwhile,
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Lewis et al. introduced Retrieval-Augmented Generation (RAG) as an approach that enhances
model responses by integrating external knowledge sources, improving factual accuracy in
question-answering systems [3]. These works highlight the evolving strategies for improving
language model performance in different domains.

In the Vietnamese context, research on large language models for question-answering remains
limited. Trang et al examined Vietnamese question-answering systems using BERT-based models
but found challenges in handling complex queries and maintaining accuracy. Sang T. Truong et al
explored prompt tuning for Vietnamese LLMs, but applications in education remain
underdeveloped.

The goal of this study is to experiment with and evaluate prompt techniques for data generation
in question-answering systems and to compare the effectiveness of each method in tasks of varying
difficulty. Through several experiments, the study proposes methods to use prompts for data
generation in educational question-answering systems.

This research contributes to the field of prompt engineering and question-answering systems by
providing solutions for data generation in educational question-answering systems. The results will
provide important insights for building datasets for other question-answering systems using LLMs,
particularly in the Vietnamese language.

2. CONTENT

2.1 Prompt engineering

Prompt engineering is a crucial method in using LLMs to optimize output results. A prompt is a
set of instructions or queries provided by the user to trigger the model to process and generate a
corresponding response. A typical prompt includes key components such as instructions, context,
input data, and output indicators to help the model clearly understand the task's requirements and
context. Prompt techniques play a key role in guiding the model to generate suitable data while
ensuring accuracy and handling diverse tasks.

This research focuses on four popular prompt techniques: Zero-Shot Prompting, Few-Shot
Prompting, Chain of Thought (CoT), and Retrieval-Augmented Generation (RAG). Each technique
has its characteristics and applications suitable for different tasks.

2.1.1 Zero-Shot prompting

Zero-Shot Prompting involves asking the model to solve a task without any prior examples,
solely based on the initial prompt. This approach is well-suited for simple tasks that require clear
and concise information [1] [4]. For example, if a model is asked to classify text based on
sentiment, such as neutral, negative, or positive, Zero-Shot Prompting can quickly provide a
response if the content is not too complex.

Example:

Prompt: "Classify the following text as neutral, negative, or positive."

Text: ""[ think this vacation was okay"

Result: "Neutral."

However, the limitation of this technique becomes apparent when facing more complex tasks
that require deep reasoning or processing of structured data. In such cases, the results are often
inaccurate and incomplete. Zero-Shot Prompting is widely used due to its simplicity and minimal
resource requirements, but it is less effective when dealing with tasks that require multi-level
reasoning or analysis from various sources.

2.1.2. Few-shot prompting

The Few-Shot technique introduces a small number of examples to the model before it tackles
a task. This approach enables the model to grasp the context of the task more effectively and
enhances the accuracy of its responses, especially for tasks with greater complexity [1]. It is widely
appreciated for improving the model's ability to learn from provided examples, significantly
boosting response precision when dealing with tasks of moderate difficulty [5].



118 TRUONG PAI HOC THU DO HA NOI

Example:
Few-Shot Prompt: "Here are a few examples of text classification. Classify the new text based on
these examples."
e Example 1: "I am very satisfied with the service."
o Result: "Positive."
e Example 2: "The service was not as expected."
o Result: "Negative."
e New text: "This vacation was not bad."
o Generated result: "Neutral."
Few-Shot Prompting significantly improves accuracy compared to Zero-Shot, especially when tasks
require a certain level of reasoning. However, it is still not strong enough to handle tasks that
demand multi-step reasoning or when information needs to be gathered from multiple sources. The
responses may lack comprehensiveness and depth in such situations.
2.1.3. Chain of thought — CoT

Chain of Thought (CoT) is a technique that breaks down a task into sequential reasoning steps,
allowing the model to analyze each step logically before reaching a final conclusion. CoT is
particularly useful for tasks requiring multi-step reasoning, such as scientific problems or tasks
requiring complex analysis [2].

Example:

Prompt: "Explain the process of climate change and its impact on ecosystems."

Step-by-step reasoning:

1. Greenhouse gas emissions increase due to human activities.

2. This raises the Earth's temperature, causing global warming.
3. Global warming leads to melting ice caps, rising sea levels, and extreme weather events.
4. The ultimate result is the destruction of ecological environments.

By using CoT, the model can reason step by step in a logical and coherent manner, thereby
increasing the accuracy and reasonableness of the response. However, this technique requires more
computational resources and longer processing time compared to simpler techniques like Zero-Shot
and Few-Shot. CoT is especially useful in complex tasks that require continuous reasoning.

2.1.4. Retrieval-augmented generation - RAG

Retrieval-Augmented Generation (RAG) is a technique that combines retrieving information
from external sources with generating data from a large language model. This technique allows the
model to retrieve new information from various sources and then synthesize and generate the most
accurate and up-to-date response [3].

Example:

e Prompt: "Provide the latest information on university admissions regulations at Hanoi

Metropolitan University."

e RAG process: The model retrieves information from the latest regulatory documents and

then generates a response based on the retrieved information.

RAG is an effective technique when the task requires new information or needs verification
from multiple sources. However, its effectiveness depends largely on the quality of the data sources
retrieved, and managing computational resources must be optimized to ensure processing time is
not extended [3].

In general, each prompt technique has its own advantages and disadvantages, suited to different
types of tasks. Zero-Shot and Few-Shot are suitable for simple tasks, requiring fewer resources and
offering faster processing times. Meanwhile, CoT and RAG are better choices for more complex
problems that require multi-step reasoning or the retrieval of information from multiple sources.
The choice of method depends on the complexity of the task, as well as the requirements for
processing time and resources.
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2. 3. Proposed solutions for data generation in educational question-answering systems
2.3.1. Educational question-answering systems and characteristics of educational domain QA

A question-answering (QA) system is a crucial area in natural language processing (NLP),
where the system is required to answer user questions based on available or retrieved information.
The core of a QA system is its ability to understand the question, search and extract information
from documents or existing data, and provide accurate, comprehensive, and contextually relevant
answers.

When applied to the educational domain, the task becomes more complex due to the nature of
the data in the educational environment, which mainly includes policy texts, training regulations,
study guides, and documents related to student admissions and academic processes. The distinctive
feature of educational QA is that questions often involve legal regulations, requiring high precision
and, in some cases, reasoning across multiple sources of information.

For example, in educational QA related to training regulations, questions may concern
scholarship review processes, graduation requirements, or admissions procedures. To answer
accurately, the system must connect and thoroughly understand the content of each clause in the
regulations to provide persuasive and logical responses. Thus, solutions proposed for educational
QA systems must not only focus on handling simple questions but also emphasize the ability to
reason logically and synthesize information from multiple sources.

2.3.2. The role of data in training and fine-tuning models for QA systems

Data plays a central role in training and fine-tuning LLMs to meet the needs of QA systems.
The quality, structure, and completeness of the data directly affect the model's accuracy and
generalizability. For educational QA systems, data must be clearly structured, accurate, and diverse,
including policy documents, regulations, guidelines, and policies related to training, admissions,
and scholarships.

Training data must not only reflect all aspects of the educational process but also be structured
so that the model can handle a wide range of questions, from simple extraction questions to
complex reasoning questions that require connections between different parts of the documents.
This means that the model needs to be trained on datasets with a balanced distribution of question
complexity to ensure the model can understand and answer questions of varying complexity.

2.3.3. Key QA Datasets

Surveying existing QA datasets is crucial in developing LLMs for question-answering systems.
These datasets provide a strong foundation for training and fine-tuning models, helping them
become effective at extracting information and answering questions. Popular QA datasets such as
SQuAD 1.1, SQuAD 2.0, and TREC-8 QA have provided a strong foundation for training and fine-
tuning QA models. These datasets are designed with clear question and answer structures, enabling
the model to develop accurate information extraction capabilities.

e SQuAD 1.1: Provides questions and answers based on a fixed passage of text, with the goal
of finding and extracting the exact passage containing the answer from the document. This
dataset mainly focuses on questions where answers can be found directly in the text.

e SQuAD 2.0: An improved version of SQuAD 1.1 that adds questions without answers,
requiring the model not only to extract information but also to identify when an answer
does not exist in the text. This helps the model develop the ability to recognize cases where
questions cannot be answered based on available data.

e TREC-8 QA: Focuses on information retrieval and extraction tasks from a large database,
requiring the model to retrieve information from multiple sources of documents to provide
detailed and accurate answers.

In the Vietnamese context, datasets like ViQuAD and ViLLM-Eval have been developed to
support question-answering systems in the Vietnamese language. Notably, VIQuAD is a SQuAD-
style dataset customized for the Vietnamese context, helping improve the model's ability to process
Vietnamese language and answer questions based on Vietnamese text.
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2.3.4. Solutions for data generation in educational QA systems using prompt techniques

To address educational QA systems, applying prompt engineering techniques is essential to
guide large language models in generating accurate and contextually relevant data for the
educational environment. Techniques like Zero-Shot, Few-Shot, Chain of Thought (CoT), and
Retrieval-Augmented Generation (RAG) can be used depending on the nature of the question and
the requirements for accuracy and reasoning from the input data.

e Zero-Shot Prompting: This can be used in situations where there are no specific examples

and is suitable for simple questions that require direct answers from regulatory documents.
For example, when answering questions like "What are the admission requirements?", the
system can rely on fixed regulations to provide an accurate answer without complex
context.

e Few-Shot Prompting: This is particularly useful when providing the model with a few
examples before performing the task. This technique enhances the model's ability to
understand the context and provide more accurate answers to moderately complex
questions. This is ideal for questions like “How is a scholarship review conducted?” where
the model needs to understand and apply examples from previous scholarship processes.

e Chain of Thought (CoT): CoT should be applied when questions require multi-step
reasoning or analyzing related elements in regulatory documents. For example, when
answering a question about the scholarship review process, CoT helps the model break the
task into smaller steps, from eligibility conditions to the review process to the final
decision, thus providing a systematic and accurate answer.

e Retrieval-Augmented Generation (RAG): RAG is suitable when information needs to be
retrieved from external sources or multiple parts of a document to provide the most up-to-
date and comprehensive answer for the user. This is especially important in the educational
environment, where regulations and policies frequently change, and it is necessary to
retrieve information from multiple documents to provide the most accurate and current
answer.

Thus, selecting the appropriate prompt technique depends on the nature of the question, the
complexity of the information to be retrieved, and the requirements for accuracy in the response.
Combining various techniques can help optimize the data generation process, ensuring that the QA
system can provide accurate, valuable, and contextually appropriate answers for the educational
environment.

2.4. Results and Discussion
2.4.1. Zero-Shot Prompting

Zero-Shot Prompting shows effectiveness when applied to simple tasks, such as generating
short and direct answers from texts. However, when faced with questions that require deep
reasoning or contain multiple pieces of connected information, Zero-Shot models tend to produce
inaccurate or incomplete responses.

For example, when tasked with generating questions and answers from admissions regulations,
Zero-Shot tends to extract only simple questions like "When does the admissions period start?"
without delving into other important details in the text. These results indicate that Zero-Shot is not
suitable for tasks requiring multi-step reasoning or processing complex information.

2.4.2. Few-Shot Prompting

Few-Shot Prompting shows a clear improvement over Zero-Shot in handling more complex
tasks. By providing a few examples, the model can better understand the context and generate more
accurate questions and answers. However, the results also show that when tasks require multi-step
reasoning or gathering information from multiple sources, Few-Shot still does not achieve optimal
effectiveness.

For example, when tasked with generating questions about clauses in educational regulations
related to the number of credits required to complete a program, Few-Shot is more capable of
identifying and generating suitable questions like "How many mandatory credits must students
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complete in the training program?" However, for more complex tasks, such as questions about
differences between clauses, Few-Shot still struggles to generate detailed and comprehensive
answers.

2.4.3. Chain of Thought (CoT)

The CoT technique produces outstanding results when applied to tasks requiring multi-step
reasoning. The answers generated by the model are not only accurate but also follow clear logical
reasoning, making it easier for the reader to understand and follow the reasoning process.

In an experiment with complex questions like "How can the admissions process be conducted
fairly for all students?" CoT broke down the question into logical steps and solved each step
systematically, resulting in detailed and coherent answers.

2.4.4. Retrieval-Augmented Generation (RAG)

The RAG technique allows the model to retrieve information from external sources, which
increases the accuracy and relevance of the answers. In the experiment, RAG demonstrated its
distinct advantage when the model was asked to answer questions requiring new or previously
untrained data.

For example, when asked to provide the latest information on university admissions regulations
at Hanoi Metropolitan University, RAG retrieved data from reliable sources and generated detailed
and accurate responses. However, one limitation of this technique is the longer processing time and
greater computational resource requirements due to the need to retrieve information from multiple
sources.

TABLE I COMPARISON OF PROMPTING TECHNIQUES WITH DISCUSSION

Technique Strengths Weaknesses Best Use Cases
Zero-Shot Effective for simple Struggles with . Simple Q&A, direct
. . complex reasoning, :
Prompting tasks, fast processing . text extraction
incomplete answers
Better contextual o Generating
. . Limited performance .
understanding with . questions/answers
Few-Shot . on multi-step
examples, improved . from structured
reasoning
accuracy documents
Excels in multi-step Higher computational
reasoning, provides cost, requires Complex
Chain of Thought . ’ ’ problem-solving,
logically structured structured . .
logical reasoning
answers
Loneer processin Updating responses
Retrieval- Retrieves external data | .o oo P & with the latest
. time, higher . .
Augmented for up-to-date, detailed . information,
. computational . .
Generation responses handling dynamic
resource demand data

The table 1 outlines the strengths and weaknesses of different prompting techniques in
educational question-answering systems. Zero-Shot Prompting is highly efficient for simple tasks
but struggles with deep reasoning, making it unsuitable for complex questions. Few-Shot Prompting
improves upon Zero-Shot by using a few examples to enhance contextual understanding, yet it still
faces challenges with multi-step reasoning. Chain of Thought (CoT) excels in logical reasoning by
breaking down problems into structured steps, producing more accurate and comprehensible
answers, though it requires structured prompt design and additional computational resources.
Retrieval-Augmented Generation (RAG) delivers the most accurate and up-to-date responses by
retrieving external information, but it demands more processing time and computational resources.
The choice of technique depends on task requirements—Zero-Shot and Few-Shot are ideal for
efficiency, while CoT and RAG are better suited for reasoning-intensive and information-dense
tasks.
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3. CONCLUSION

This research experimented with and evaluated various prompt techniques for generating
question-answering data from educational policies. The results show that techniques like Chain of
Thought (CoT) and Retrieval-Augmented Generation (RAG) are particularly effective in handling
complex tasks, while Zero-Shot and Few-Shot are better suited for

simpler tasks.

The study provides a comprehensive evaluation of prompt techniques, contributing to the
development of automatic question-answering systems in education. The experimental results
indicate that applying advanced techniques such as CoT and RAG can improve the reasoning ability
and accuracy of the system, especially in contexts requiring multi-step reasoning or information
retrieval from multiple sources.

One limitation of this research is that techniques like CoT and RAG require large
computational resources and longer processing times compared to simpler techniques like Zero-
Shot and Few-Shot. In the future, we propose expanding the scope of research by experimenting
with larger and more diverse datasets, including data from social media, websites, and other
multimedia sources. Optimizing language models to reduce computational costs in data generation
is also a potential research direction.
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NGHIEN CUU MOT SO KY THUAT TAO LOI NHAC
VA GIAI PHAP SINH DU LIEU CHO HOI PAP MIEN PAO TAO

Tom tit: Nghién ciru nay xem xét cdc kj thudt tao 1o nhdc bao gom: Zero-Shot (1oi nhdc
khong vi du), Few-Shot (16i nhéic kém vi du), Chain of Thought (Chuéi tw duy-CoT) va
Retrieval-Augmented Generation (Tao sinh ting cwong truy sudt- RAG) trong hé thong
hoi dap giao duc. Nghién ciru danh gia hiéu qua cua cdac ky thudt ndy trong viéc xir ly cac
cdau héi phire tap, ldp ludn qua nhiéu bude va tao ra cdc cau tra loi chinh xdc. Keét qua
cho thdy CoT va RAG vuot tréi trong ldp ludn logic va tong hop thong tin tir nhiéu nguon,
trong khi Zero-Shot va Few-Shot hoat dong hiéu qud hon doi véi cdc nhiém vu don gidn
Véi chi phi tinh todn thap hon. Bai bdo nhdan manh vai troé quan trong ciia thiét ké goi y
trong viéc tao bo dir liéu va 16i wu héa mé hinh, déng thoi dé xudt cdc chién lwoc nhw t6i
wu héa goi ¥, cdp nhdt dwa trén truy xudt va can bang tai nguyén dé cdi thién hé thong hoi
dap trong gido duc.

Tir khéa: Hé thong hoi dap mién gido duc, ky thudt tao 1o nhdc, mé hinh ngén ngir I6n,
sinh dir liéu, tdp di liéu.



