Chapter 1: What Is Retrieval-Augmented Generation?
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Chapter 2: Code Lab: An Entire RAG Pipeline

Introduction to Retrieval Augmented Generation (RAG)

Date: March 10, 2024 | Estimated Reading Time: 15 min | Author: Keith Bourne

In the rapidly evolving field of artificial intelligence, Retrieval-Augmented Generation (RAG) is emerging as a significant addition to the Generative Al toolkit. RAG harnesses the strengths of Large|
Language Models (LLMs) and integrates them with internal data, offering a method to enhance organizational operations significantly. This book delves into the essential aspects of RAG, examining|
its role in augmenting the capabilities of LLMs and leveraging internal corporate data for strategic advantage.

As it progresses, the book outlines the p ial of RAG in busil ing how it can make Al applications smarter, more responsive, and aligned with organizational objectives. RAG is
positioned as a key facilitator of customlzed efficient, and mmghtful Al solutions, bridging the gap between Generative Al's potential and specific business needs. This exploration of RAG
encourages readers to unlock the full potential of their corporate data, paving the way for an era of Al-driven innovation.

What You Can Expect to Learn

Expect to launch a journey to and effectively incorporate Retrieval Augmented Generation (RAG) into Al systems. You'll explore a broad spectrum of essential topics,
including vector databases, the vectorization process, vector search techniques, prompt engineering and design, and the use of Al agents for RAG applications, alongside methods for evaluating and
visualizing RAG outcomes. Through practical, working code ples utilizing the latest tools and technologies like LangChain and Chroma's vector database, you'll gain hands-on experience in
implementing RAG in your projects.

At the outset, you'll delve into the core principles of RAG, appreciating its significance in the broader landscape of Generative Al. This foundational knowledge equips you with the perspective
needed to discern how RAG applications are designed and why they succeed, paving the way for innovative solution development and problem-solving in Al

You'll discover the symbiosis between Large Language Models (LLMs) and internal data to bolster organizational operations. By learning about the intricacies of this integration, particularly the
process of vectorization, including the creation and of vector databases for efficient information retrieval, you'll gain crucial skills for navigating and harnessing vast data landscapes
effectively in today's data-driven environments.

Gain expertise in vector search techniques, an essential skill set for identifying pertinent data within extensive datasets. Coupled with this, you'll learn
ensuring that you can craft queries that elicit precise and relevant Al responses.

for prompt engineering and design,




Chapter 4: Components of a RAG System
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ChatGPT 4 ~

‘ You
What are the Advantages of using RAG?

174

ChatGPT

Retrieval-Augmented Generation (RAG) models offer a range of advantages,
particularly in the context of natural language processing and generation
tasks. These models combine the strengths of pre-trained language models
with the vast information available in external data sources. Here are some of

the key advantages of using RAG ¥

@ Can you explain #2 more?

ChatGPT can make mistakes. Consider checking important information.



Chapter 6: Interfacing with RAG and Gradio

RAG Question Answering

Enter a question and get the relevance score, final answer, and sources from RAG.
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Final Answer

Sources

RAG Question Answering

Enter a question and get the relevance score, final answer, and sources from RAG.

Enter your question Relevance Score

What are the advantages of using RAG?

Final Answer

The advantages of using Retrieval-Augmented Generation (RAG) includ

1. **Improved Accuracy and Relevance**: RAG enhances the accuracy and relevance of
responses generated by large language models (LLMs) by fetching and incorporating
specific, up-to-date information from databases or datasets in real-time. This ensures the
output is based on both the model’s pre-existing knowledge and the most current and
relevant data.

2. **Customization and Flexibility**: RAG allows for responses tailored to domain-specific
needs by integrating a company's internal databases into the model's response generation
process, This customization is invaluable for creating personalized experiences and for
applications requiring a high degree of specificity and detail.

3. **Expanding Model Knowledge Beyond Training Data**: RAG enables models to access
and utilize information that was not included in their initial training sets. This expands the
knowledge base of the model without needing retraining, making LLMs more versatile and
adaptable to new domains or rapidly evolving topics.

These advantages collectively help organizations unlock the full potential of their internal
data, making Al applications smarter, more responsive, and better aligned with specific
business needs.




Chapter 8: Similarity Searching with Vectors
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Chapter 9: Evaluating RAG Quantitatively and with Visualizations
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Chapter 11: Using LangChain to Get More from RAG
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Teachers and coaches implicitly told us the returns were linear. "You
get out," I heard a thousand times, "what you put in." They meant
well, but this is rarely true. If your product is only half as good as
your competitor's, you don't get half as many customers. You get no
customers, and you go out of business.

It's obviously true that the returns for performance are superlinear
in business. Some think this is a flaw of capitalism, and that if we
changed the rules it would stop being true. But superlinear returns
for performance are a feature of the world, not an artifact of rules
we've invented. We see the same pattern in fame, power, military
victories, knowledge, and even benefit to humanity. In all of these,
the rich get richer. [1]
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ustomers, and you go out of business.

It's obviously true that the returns for performance are superlinear
in business. Some think this is a flaw of capitalism, and that if we
changed the rules it would stop being true. But superlinear returns
for performance are a feature of the world, not an artifact of rules
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Chapter 12: Combining RAG with the Power of Al Agents and
LangGraph
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Chapter 13: Ontology-Based Knowledge Engineering for Graphs
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Chapter 14: Graph-Based RAG
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Chapter 15: Semantic Caches
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Chapter 16: Agentic Memory: Extending RAG with Stateful
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