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Fig. 1. The structure of the
RAG-based Q&A system
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Algorithm 1 Document Embedding and Vector Store Creation
1: Input: File and embedding model configuration

2 Output: Vector store for document retrieval

3: Create a cache directory for embeddings using the file name

9: Load and ~|;||| e document using UnstructuredFileLoader with the text
splitter

10: Set model name for embeddings as "BAAI/bge-m3”

11: Set mml(lpu meters, such as:

12: Device: "c

13: \l(nn(mlmr parameters, such as:

14: Normalize embeddings: True

15: Create HuggingFaceEmbeddings with the model and encoding parameters

16: Cache the embeddings using CacheBackedEmbeddings with the embedding
model and cache directory

17: Create FAISS vector store from the document chunks using the cached em-
beddings
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Fig. 2. Document embedding and
vector store creation
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Algorithm 2 File Upload and User Tnpul Handling

1: Input: File and user input

2: Output: Response Lo user query

e file upload interface (allowed file types: pdf, txt, docx)
4: if a file is uploaded then

5. Call embed file(file) to initialize the retriever

6: end if

7. Create user input interface

s if user provides input then

9:  Call add_history("user”, user_input) to record the input
10:  Display the user input on the screen

11: end if
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Fig. 3. File upload and user input

handling
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Algorithm 3 RAG Chain Creation and Execution

I Input: RAG prompt template, retriever, and user question
Output: Al-generated response hased on the retriever context
Initialize the prompt using ChatPromptTemplate with RAG prompt tem-
plate

Create the RAG chain as follows:

{ "context”: Use retriever to format the retrieved documents
question”: Pass the user question using RunnablePassthrough() }
7. Pass the context and question to the prompt

Send the prompt to the Ollama model

Parse the model’s response using StrOutputParser()

0: The RAG chain now streams the answer to the user’s question
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Fig. 4. RAG chain creation and
execution
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Fig. 5. Q&A system execution and

results
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