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• RAG without using LangChain
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Retrieval-Augmented Generation (RAG)

3

Gao, Yunfan, et al. "Retrieval-augmented generation for large 
language models: A survey." arXiv preprint arXiv:2312.10997 (2023).

Generator
(e.g., LLM)

Retriever
(e.g., BERT)

Knowledge Base 
(e.g., Wikipedia)

Which year was Oppenheimer born?

Robert Oppenheimer (born April 22, 1904, 
New York, New York, U.S.—died February 
18, 1967, Princeton, New Jersey) was an 
American theoretical physicist and science 
administrator ...

1967 (Without RAG)
1904 (With RAG)

Retrieved 
Documents

Input Query LLM Output

RAG Tutorial 2 



RAG without using LangChain

4

• In this chapter, we’ll implement a RAG system without using 
LangChain (except the data preparing/preprocess)

• We’ll see the detail of Database, Retriever and Model generation.
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Loading data
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• We use WebBaseLoader to crawl the website content by specific class name.
• You can try any document types you want by checking this website.
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https://python.langchain.com/docs/integrations/document_loaders/


Loading data
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• We use WebBaseLoader to crawl the website content by specific class name.
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Loading data
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• After crawling data from the website, we need to perform an initial preprocessing step to 
clean up the dirty data and transform it into a more organized and refined format.
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Loading data
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• We need to preprocess the content into chunks so that we can fit the [top-k chunks] and 
[query] within the maximum length limit.

• Avoid retrieving overly lengthy paragraphs to reduce the irrelevant content in the generated 
results. 

• The text splitter is the recommended one for generic text.
• chunk_size, overlap, …
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Build up the database
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• In real-world scenarios, we often deal with databases containing thousands or even millions 
of chunks/documents. Therefore, efficient saving and loading processes are essential.
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Build up the database
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Give each chunks id

Save text_db & vector_db

Get chunks’ 
embedding

RAG Tutorial 2 



Build up the database
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Preprocess the texts into lowercase

Use the Rank-BM25 package to index the corpus 
effectively

Build and then save it
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Dense retriever
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• Using dense comparison, we leverage cosine_similarity to rank the chunks based on their 
relevance to the query.

Compute cos_sim
score

Get the rank with chunks id
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Sparse retriever
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• Using sparse comparison, the rank_bm25 package allows us to compute BM25 scores for 
each chunk based on the query, enabling us to rank them effectively.

Compute bm25 score

Map score with ID and then rank them
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Hybrid retriever
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• Hybrid Retriever combines vector search (semantic search) with sparse search (e.g., BM25) 
to leverage the strengths of both approaches.

• There are few methods to combine multiple ranking, here we use RRF (Reciprocal Rank 
Fusion) to combine two ranking results.

A constant that control the influence 
of rank positions

Rank position
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Hybrid retriever
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Handle the missing docs errors

RRF algorithm

Get the final ranking by hybrid score
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Assigning ranks based on sorted 
results



Retriever
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• Consolidate the dense ranker, sparse ranker, and hybrid ranker into a single function that 
handles the complete ranking workflow.
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Retriever
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• Consolidate the dense ranker, sparse ranker, and hybrid ranker into a single function that 
handles the complete ranking workflow.
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Reader model loading
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• You must have access to use the model. If not, you can use any other LLM model that does 
not require access.
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Prompt Setting
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• Set up the prompt and populate it with the query and retrieved chunks.
• Once completed, tokenize the prompt to prepare it for model input.
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Reader Generation
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• Move the input to the same device as the model, then use the general generation function 
provided by the Hugging Face library.

• Convert the generated tokens back into human-readable text by decoding them.

The inference time is directly proportional 
to the max_new_tokens value. 
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Retriever Evaluation
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Required Packages
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import json
from tqdm import tqdm
from transformers import AutoTokenizer
from transformers import AutoModel
from helper_functions import load_text_db, 
build_bm25_index, save_bm25_index, personal_retriever
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The cat fact database (in Assignment 4)
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Build up text database & vector database (1/2)
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Build up text database & vector database (2/2)
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Questions and Answer Sentences
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Build BM25 index and save tokenized corpus
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Calculate Recall and Precision
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Calculate Recall and Precision
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Top1 Top2 Top3

1/1 1/1 1/1

Recall

Top1 Top2 Top3

1/1 1/2 1/3

Precision

https://en.wikipedia.org/wiki/Evaluation_measures_(information_retrieval)
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Get the retrieval scores
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