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Chapter 2: RAG Embedding Vector Stores with
Deep Lake and OpenAl
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Chapter 3: Building Index-Based RAG with
Llamaindex, Deep Lake, and OpenAl
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Chapter 4: Multimodal Modular RAG for Drone
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Chapter 5: Boosting RAG Performance with Expert
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Chapter 6: Scaling RAG Bank Customer Data with
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1 1 2 DIAMOND 464 0
0 1 3 DIAMOND 456 0
1 1 3 DIAMOND 377 0
0 0 5 GOLD 350 1
0 0 5 GOLD 425 1
0 0 1 DIAMOND 300 1
0 0 5 PLATINUM 771 1
1 1 3 SILVER 564 0
1 1 2 GOLD 339 0
0 0 3 DIAMOND 911 1

bank-index-50000 @

Host: https://bank-index-50000-ae302c8.svc.aped-4627-b74a.pinecone.io

Cloud: AWS e« Region: us-east-1 ¢ Type: Serverless o Dimension: 1536




Chapter 7: Building Scalable Knowledge-Graph-
Based RAG with Wikipedia APl and Llamalndex
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Pipeline 1: Collecting and preparing the documents

Wikipedia API.ipynb

¢ sclects aW(pedia tople * Generates summaries, citations,

* Generates a summary of the and URLs for each page.
root Wikipedia page

Wikipedia API.ipynb
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* Retrieves the links from the root citations file and a URL file

page —

Knowledge Graph Deep Lake LlamaIndex OpenAI RAG.ipynb
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Pipeline 3: Knowledge Graph Index-Based RAG
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Chapter 9: Empowering Al Models: Fine-Tuning
RAG Data and Human Feedback
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question correct_answer support

What type of organism is commonly used in prep... mesophilic organisms Mesophiles grow best in moderate temperature, ...

1 What phenomenon makes global winds blow northe... coriolis effect Without Coriolis Effect the global winds would...

Changes from a less-ordered state to a more-or... exothermic  Summary Changes of state are examples of phase...
What is the least dangerous radioactive decay? alpha decay All radioactive decay is dangerous to living t...

Kilauea in hawaii is the world’s most continuo... smoke and ash Example 3.5 Calculating Projectile Motion: Hot...

index

messages

{'role": 'system’, 'content": 'Given a science question, provide the correct answer with a detailed explanation.’},{'role":
‘user’, 'content': 'What type of organism is commonly used in preparation of foods such as cheese and yogurt?'},
{'role": 'assistant', 'content": 'mesophilic organisms Explanation: Mesophiles grow best in moderate temperature,
typically between 25°C and 40°C (77°F and 104°F). Mesophiles are often found living in or on the bodies of humans
or other animals. The optimal growth temperature of many pathogenic mesophiles is 37°C (98°F), the normal human
body temperature. Mesophilic organisms have important uses in food preparation, including cheese, yogurt, beer and
wine."}

{'role": 'system’, 'content": 'Given a science question, provide the correct answer with a detailed explanation.'},{'role":
‘user’, 'content': 'What phenomenon makes global winds blow northeast to southwest or the reverse in the northern
hemisphere and northwest to southeast or the reverse in the southern hemisphere?'},{'role": 'assistant’, 'content':
‘coriolis effect Explanation: Without Coriolis Effect the global winds would blow north to south or south to north. But
Coriolis makes them blow northeast to southwest or the reverse in the Northern Hemisphere. The winds blow
northwest to southeast or the reverse in the southern hemisphere.'}
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Without Coriolis Effect the global winds would blow north to south or south to
north. But Coriolis makes them blow northeast to southwest or the reverse in the
Northern Hemisphere. The winds blow northwest to southeast or the reverse in the

coriolis effect

southern hemisphere.

Fine-tuning
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Chapter 10: RAG for Video Stock Production with
Pinecone and OpenAl
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Workflow of Video Diffusion Models:
Encoding and Decoding

2. Visual Encoder: Splits
the lower-dimensional
latent space into patches

that are like words in a
sentence.

1. Visual Encoder:
Transforms datasets of
images/frames into a
lower-dimensional latent

5.Visual Decoder:

Reconstructs the refine
latent representations
into high-fidelity video
frames that align with the
user's instructions.

3. Diffusion transformer:
Associates user text input
with its dictionary of
patches.
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1. Generator

Generates text-to-video
inVideo video dataset
based on the video
production team'’s text
input.

In this chapter, it is a
dataset of sports videos.

2. Generator

Runs a scaled process
by selecting one video al
a time.

3. Generator

Splits the video into
frames (images).

4. Commentator

Samples frames
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4. Commentator
Each commented frame is saved:

In the image, we see two
individuals on what appears to be a
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+ Comment for sports.... modet.
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» Video file name
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4. Administrator

Querying the vector store after
upserting the dataset
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1. Administrator

Processes the video
comments for each of
the sampled frames

Workflow of the Video Expert
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embedding dataset
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name |
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1.Pinecone

Workflow of the Video Expert

From raw video files to dynamically generated
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