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Abstract

Recent advances in large-scale language models (LLMs) have brought about significant changes
in conversational chatbot systems by achieving excellent results in areas such as text generation,
translation, and sentiment analysis. However, LLM-based chatbots have limitations in providing
reliable responses due to problems such as hallucination, and this problem needs to be solved
even more in areas such as bachelor’'s data where accuracy and recency are important. This study
proposes a design and implementation method of a generative AI chatbot system based on
bachelor’s data by utilizing the Retrieval-Augmented Generation (RAG) structure, which allows the
chatbot to retrieve necessary data in real time from not only internally stored learning data but
also external reliable information sources, and generate answers based on them. Through this, the
goal is to provide accurate and reliable responses tailored to the characteristics of bachelor's
data. It suggests the possibility of implementing a question-answering system that can be safely
and efficiently applied even in a non-public data environment by using a generative Al chatbot
based on bachelor's data, and through this, allows users to quickly access and utilize the
bachelor’s information they need.
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def load_and_extract_text(pdf_path):
loader = PyPDFLoader(pdf_path)
documents - loader.load()
page_texts - [page.page_content for page in documents]
return page_texts

pdf_path - “path/to/acadeni

page_texts = load and_extract_text(pdf_path)

print(page_texts)
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def chunk_text(texts, chunk_size=568, chunk_overlap=5@):
text_splitter - RecursiveCharacterTextSplitter(
chunk_size=chunk_size, chunk_overlap=chunk_overlap
)
chunks = []
for text in texts:
chunks..extend(text_splitter.split_text(text))

return chunks

text_chunks = chunk text(page texts)
print(text_chunks[:5])
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def generate_embeddings(text_chunks):
embeddings = []
for chunk in text_chunks:
response = openai.Enbedding. create(input=chunk, model="text-embedding-ada-662")

embeddings.append(response[ "data’][@][ 'embedding’])

return embeddings

text_embeddings = generat:

mbeddings (text_chunks )
print (text_embeddings[: 5]) Ef

a7 4 dlg

4. WE A%

A3 ME S HE dlo]E o] (Vector DB)
of Mgk whrlolth, WE dlolewo] 2 9
W WElE Zgdo® Agstn welsto, w
2/ AAE & QXS A9 V)5 AT
= wE dlojeulo]2E AHgdte]
Jug WElE AGeha, o] & B3 oitR de]
HoAM% w23 A3EHA SAIE AL =3
¥ 5 QES Atk AgE WEEL o
3 SANA AR AR A FAR A
g 2 o Abgdrh

e =

L

pinecone. init(api_key=os.getenv("PINECONE_API KEY"), environment="us-westl-gcp”)

index = pinecone. Index("academic_data")

def save_embeddings_to_db(embeddings, text_chunks):
for 1, (embedding, chunk) in enumerate(zip(embeddings, text_chunks)):
index.upsert([(str(i), embedding, {"text": chunk})])

save_embeddings_to_db(text_embeddings, text_chunks)
print("2AHIZ HEDE HE] QIOIEIHI0IA0 AHEEIASLICH ")
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def generate_question_embedding(question):
response = openai .Embedding. create (input=question, model="text-embedding-ada-882")

return response[data’1[@][ ‘enbedding']

def search_similar_texts(question, top_k-5):
question_embedding = generate_question_embedding(question)
results = index.query(question_embedding, top_k=top_k, include metadata=True)
return [match[ metadata’]["text'] for match in results['matches’]]
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relevant_texts = search_similar_texts(question)
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