Chapter 1: Introduction to Large Language Models
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(2) Prompt:
Describe the pointed region in the image.

Validataion set

in. near. out. overall in. near. out.

C § ¢C 8 ¢C 8 ¢ 8 Cc s C 8 [\ S8 C 8§
854 119 840 117 503 100 834 114 S48 121 821 115 [38) 07 809 113
814 143 850 143 957 140 §7.01 142 806 150 846 147 16| 142 853 146
922 129 §78 126 875 115 883 124 890 129 878 126 [s0.1| 111 866 124
1037 137 956 134 538 119 943 131 950 136 952 134 [780| 115 925 131
1039 145 955 138 S35 123 943 136 959 143 947 139 |779|121 923 136
- - - = - - 148 U8 : = -
137 - 1109 - 1152 - 1152 -

EMON 1180 154 1163 151 1202 145 117.3 150
UniversalCap 1232 150 1215 153 1234 144 1221 150

- Jusz| - nsz2 -
110.1[137 1143 149
1143[141 1193 151

u37 - 1109
1128 152 1155 151

1189 154 1206 153

CoCa - 1224 155 - 1206 155
GITy 100.7 135 97.7 135 896 125 966 134

GIT, 107.7 149 1078 145 1025 137 1069 M4 - - - -\ - [ . . .
GIT 120.8 16.3 1241 160 127.1 157 1255 160 1224 162 1239 16.0\1220{15.7 1234 159
GIT2 1269 16.1 125.8 16.2 130.6 15.8 126.9 16.1 124.2 16.4 125.5 ll.lgil.l!ls& 124.8 16.1

The highlighted red region in the image is a table cell that
contains a numerical value of 122.3. It is located in the "Test
set" section of the table, under the "out" column and the "GIT2"
row. This value represents the overall performance metric for
the GIT2 method on the test set, in the "out" category.

Prompt:

The image size of the input image is 1000 x 333 pixels.

Bounding boxes for each person:

- Person 1 (leftmost): (x1, y1) = (22, 108), (x2, y2) = (170, 300)

- Person 2: (x1, y1) = (200, 80), (x2, y2) = (290, 270)

- Person 3: (x1, y1) = (350, 70), (x2, y2) = (460, 280)

- Person 4: (x1, y1) = (540, 80), (x2, y2) = (640, 270)

- Person 5 (rightmost): (x1, y1) = (760, 100), (x2, y2) = (920, 290)

Note: These ing box are app! and may not be exact.

Visualization of Detected Bbox:

Prompt:
Which wisdom tooth is hardest to remove?

GPT-4V:
The lower wisdom teeth, especially those that are impacted, are typically considered the hardest to remove. This
is because the lower jawbone is denser than the upper jawbone, and the impacted wisdom teeth may be more
difficult to access. Additionally, the roots of the lower wisdom teeth are often longer and more curved than those
of the upper wisdom teeth, making them more challenging to remove.

Note: Same query image as shown above, resized to save space

Prompt:
Count the number of apples in the image.

GPT-4V:
There are 7 apples in the image.
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Dataset Sampling prop. Epochs Disk size
CommonCrawl 67.0% 1.10 3.3TB
C4 15.0% 1.06 783 GB
Github 4.5% 0.64 328 GB
Wikipedia 4.5% 2.45 83 GB
Books 4.5% 2.23 85 GB
ArXiv 2.5% 1.06 92 GB
StackExchange 2.0% 1.03 78 GB




Raw text

OpenAl's large language models (sometimes referred to as
GPT's) process text using tokens, which are common sequences
of characters found in a set of text. The models learn to
understand the statistical relationships between these tokens,
and excel at producing the next token in a sequence of tokens.

Tokens l

OpenAI's large language models (sometimes referred to as GPT's) process
text using tokens, which are common sequences of characters found in a
set of text. The models learn to understand the statistical
relationships between these tokens, and excel at producing the next

token in a sequence of tokens.

Integers l

[5109, 15836, 596, 3544, 4221, 4211, 326, 57753, 14183, 311,
439, 480, 2898, 596, 8, 1920, 1495, 1701, 11460, 11, 902, 527,
4279, 24630, 315, 5885, 1766, 304, 264, 743, 315, 1495, 13,
578, 4211, 4048, 311, 3619, 279, 29564, 12135, 1990, 1521,
11460, 11, 323, 25555, 520, 17843, 279, 1828, 4037, 304, 264,

8668, 315, 11460, 13]

Prompt | predicted token

Context
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Who played John Connor in the original Terminator?

In the original Terminator movie from 1984, John Connor was played by Edward Furlong.
Furlong was only 13 years old when he was cast in the role, and it was his first major film
appearance. He later went on to star in other movies, including American History X and

Detroit Rock City.

You are wrong. You're talking about Terminator 2

You are correct, | apologize for the mistake. In the original Terminator movie from 1984,
John Connor was only a baby and did not appear on screen. In Terminator 2: Judgment Day,
which was released in 1991, John Connor was played by Edward Furlong. My apologies for

the confusion.
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Chapter 2: LLMs in Enterprise: Applications, Challenges, and Design
Patterns

80%

of Enterprise data
is unstructured.

(Gartner 2017)

71%

of Enterprise are
struggling with how to
manage and protect
Unstructured data

(SailPoint 2017 Market Pulse
Survey)
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Chime is partnering with a stealth start-up to

lengineers' work.

~
rain Al on its code base to speed up its

J

~
Klarna has partnered with OpenAl to
enhance the shopping experience with
highly personalized and intuitive shopping
experiences with their GPT-4 plugin.

N J

SESAMm uses generative Al to improve
ESG risk mitigation and optimize processes.

Stripe has launched GPT-powered Stripe
Docs. This will allow developers to pose
natural language queries within Stripe Docs
to GPT-4.

Tractable are introducing Perceptual MAE,
a new self-supervised method for efficiently
learning domain-specific visual cues using
generative Al.
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From the following options, which emerging
techology concerns you the most?

None

Robots

Facial Recognition
Drones

Generative AI

Autonomous Vehicles
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Chapter 3: Advanced Fine-Tuning Techniques and Strategies for
Large Language Models

Output Model Base Model SFT Model RM Model RL Model

Dataset Sampling prop. Epochs Disk size
CommonCrawl 67.0% 1.10 3.3TB
C4 15.0% 1.06 783 GB
Github 4.5% 0.64 328 GB
Wikipedia 4.5% 2.45 83 GB
Books 4.5% 2.23 85 GB
ArXiv 2.5% 1.06 92 GB
StackExchange 2.0% 1.03 78 GB

Extend via Fine-Tuning

Fine-Tunning
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Chapter 4: Retrieval-Augmented Generation Pattern

Retrieval Augmented Generation (RAG) Sequence Diagram
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Chapter 5: Customizing Contextual LLMs
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Chapter 10: Accelerated and Optimized Inferencing Patterns
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Chapter 11: Connected LLMs Pattern
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Chapter 13: Responsible Al in LLMs

Loan Application

Model Prediction
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LLM Development
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Chapter 14: Emerging Trends and Multimodality
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