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@ Large Language Models (LLMs)

© Computational Foundations
@ Tokenization, Text Embedding, Text-Position Embedding
@ Vector Store, Vector Database, Similarity Search
@ Probability Estimation and Sampling

© Working with Large Language Models (LLMs)
@ Prompt Engineering, Context Engineering
@ Retrieval Augmented Generation (RAG)
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@ Working with LangChain and LangGraph
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@ Appendix A: Cheatsheets
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Definition of Large Language Model (LLM)

Large Language Model (LLM)

A LLM is an advanced computational model designed to
understand, generate human language, and perform a wide range
of tasks.

LLMs use deep learning techniques to learn statistical relationships
between words and phrases, enabling them to perform tasks like
language translation, text summarization, and question answering.
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Popular LLMs

Popular LLMs:

e GPT-4 and GPT-40 (OpenAl): Advanced multimodal
reasoning and dialogue capabilities.

@ Gemini 1.5 (Google DeepMind): Long-context reasoning,
capable of handling 1M+ tokens.

e Claude 3 (Anthropic): Safety-focused, strong at reasoning and
summarization.

o LLaMA 3 (Meta): Open-weight model, popular in research.

e Mistral 7B / Mixtral (Mistral Al): Efficient open-source
alternatives for developers.

e BERT (Google/Facebook): Strong embedding for NLP.

Source: Geeksforgeeks.org
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LLM Type and Purpose

| Type | Example Purpose
e ke
Masked Language 2 BERT l"("‘:?:s"ss"f""":‘:‘g‘gnc%‘éi’?
i ini ; Text + Image/Audio/Video
Multimodal 4 Gemini < Flamingo pr‘ogessing
Instruction-Tuned = ?ﬁ;" @ Alpaca Better az:igrl:‘ﬂn\;r:‘z:im user

| Mixtral

MoE (Sparse)

Activates select expert
layers per input

qFﬁf’AuToGPT @ CrewAL

Agentic Models

Combine tools, reasoning, and
planning

Small Language

Bphi @ TinyLLaMA

Models (SLMs)

Efficient inference on limited
compute

Source: LLM cheatsheet.
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LLM Hardware Requirements

([2026)  RAM YOU NEED: ROUGH 2026 GUIDE )

SYSTEM RAM | WHAT YOU CAN RUN EXAMPLES (QUANTIZED) NOTES )
Smalll miodal + Llama 3.1 8B (Q4_K_M) Good for learning,
16GB e mocas + Mistral 7B (Q4_K_M) chatbots, coding
(~7B parameters) Phi R assistants, and
—_— * Phi-3.5 Mini / 3B ligh
ight use.
+ Llama 3.1 13B (Q5_K_M) T
i . Mi 9
JOGR | Medummedls | e e ace, | el wh
— (=138=30B} + Qwen 2.5 14B (Q5) gﬁ;"fég"d s
* Llama 3 30B (Q4_K_M) i
« Llama 3 70B (Q3_K_M) Fits 70B-class
64GB Large models * Qwen 2.5 72B (Q3_K_M) models at tight
(~30B-70B) + Yi 1.5 34B (Q4-Q5) quantization.
* Mixtral 8x22B (Q3-Q4) Less headroom.
* Llama 3.1 70B (Q4_K_M)
Very large models | + Quen 2.5 72B (Q4_K_M) f:r"‘if:;lf: b
128GB | (708+) with « Mixtral 8x22B (Q4) Ry T
_— headroom * Grok-1 314B (Q2_K) * S 9
*Vary large context or future models moass:
Ultra-large models * Grok-1 314B (Q3-Q4) For researchers,
256GB+ (100B+) or * Mixtral 8x22B (Q4) with long context | power users, and
L extreme context * Future 100B+ models max context. )

ff Quantization (Q) makes models smaller: Q2 < Q3 < Q4 < Q5 < Q6 (in size).
Lower Q = smaller & faster, but a little less quality.
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LLM Hardware Requirements

WHAT AFFECTS RAM NEEDS? RAM USAGE FORMULA (SIMPLIFIED)

v Model size (in parameters) K
¥ Quantization level (Q2, Q3, Q4 Q5...) RAM needed = Model size (GB) +
v Context length KV cache (GB) + Context (GB) +

v KV cache (grows with context & layers) Overhead (GB)

v System + app overhead (2-6GB tVPk Use a hardware calculator for exact numbers.

(- CHECK YOUR MODEL BEFORE YOU BUY

Usc one of these calculators to size the exact model, quantization, and context:

https://llm-calculator.streamlit.app/

« Misty's LLM RAM Calculator
https://mistys-infrastructure~tools.streamlit.app/llm_ram_calculator

+ Context length
’,' » System specs

v Hugging Face LLM Inference Calculator | you'LL INPUT:
https://huggingface.co/spaces/hf- lerate/lim-inf leulat: + Model
V' LLM Calculator (by Nils Roage) <! Quantization ->

You'll get
exact RAM
estimate!

v )

BOTTOM LINE: 16GB runs small, 32GB handles medium, ~
64GB fits 70B (tight), and 128GB runs 70B comfortably -
with room for larger models. -

=
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LLM Applications

Applications:

Source:

Code Generation: Generate accurate code based on user
instructions for specific tasks.

Debugging and Documentation: Assist in identifying code
errors, suggesting fixes and even automating project
documentation.

Question Answering: Ask both casual and complex
questions, receiving detailed, context-aware responses.
Language Translation and Correction: Translate across
many languages (often dozens to 100+).

Prompt-Based Versatility: Craft creative prompts. LLMs
excel in one-shot and zero-shot learning scenarios.

Geeksforgeeks.org
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LLM Applications

Text Processing Pipeline:

Input
: LST™M B Prediction

This
Positive: 0.12

movie Tokenize
—>

Process 4 Extract Classify

— E}ﬂ%’ﬁ_{@ st (o) [ —p R

Negative: 0.88

terrible
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LLM Application

Image-to-Text Transformation:

A person riding a
motorcycle on a dirt road.

A close up of a cat laying
on a couch.

Two dogs play in the grass.

A skateboarder does a trick

A little girl in a pink hat is
blowlng bubbles.

A red motorcycle parked on the
ide of the road.
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LLM Strengths

Strengths:

Source:

Can perform new tasks using zero-shot and few-shot learning
without retraining

Efficiently process and understand large amounts of text data
Adapt easily to specific domains through fine-tuning

Automate repetitive language-based tasks, reducing human
effort

Work effectively across multiple domains like healthcare,
education and business

Geeksforgeeks.org
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LLM Limitations

Limitations:
@ No Persistent memory; no Reasoning ability; limited planning.

@ Require very high computational resources, making them
expensive to train.

@ Training can take a long time, often weeks or months
@ Depend on large amounts of high-quality and unbiased data

@ Consume significant energy, contributing to environmental
impact

@ Can introduce bias and misinformation, raising ethical
concerns

Source: Geeksforgeeks.org
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Tokenization

Tokenization

Tokenization is the process of breaking raw text into smaller pieces
called tokens. Tokens are then mapped onto integer IDs using a
fixed vocabulary so that Al can understand them.

C Example j

“unbelievable transformers”

rare word space is part

b A tokenize
splits into S of the token
subwords 37 Js /

¢ 2\ ¢ ]
L un ) ( believable transform

4302 12871 8932 7421
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Tokenization

Type Pros Cons Illustration
Word o Easy to interpret o Large vocabulary size
e Short sequence e Word variations not handled
Subword e Word roots leveraged o Increased sequence length
ubwor o Intuitive embeddings o Tokenization more complex
Character | ¢ No out-of-vocabulary e Much longer sequence length
concerns o Patterns hard to interpret
Byte » Small vocabulary size | because too low-level

Tokens vs Characters vs Words:
@ chars: too short, no semantics.
@ words: too many, can't handle new ones.

@ tokens: subwords are a practical compromise.

Every model has a tokenizer; vocab size ~ 30k — 200k.
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enization Artifacts (What can go

o Letter Counting Goes Wrong i ey M)

Inside the tokens, ]

I
|
) = a “« » I () individual letters are
‘ Q: How many r’s are in “strawberry”? strawberry : %’ it Sectladinine !
| :
‘ Humans see letters. iy : Counting letters asks the ‘
The model sees tokens. ‘ model to look at a level it 1‘
3456 6123 { does not operate on. "

A i B e e e B e e - = - e e

e Leadlng—Space Sensatlwty Token ID Possible continuation

Different to the model.

@ A word at the start of T B R T e e e o
| a line and the same word #fteh. " Token ID Possible continuation

| word after a space are different inputs.|
el () > (o) —
|

different outputs.
. The space is part of the token.
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Tokenization Artifacts (What can go wrong?)

9 Arithmetic Gets Tricky

Numbers don’t have stable
| token boundaries.
Splits depend on context.

Digits the model needs \‘
Example: 380 + 17 to m.id are not laid out |
I consistently. |

Can tokenize as: Or can split as: I Inconsistent splits make |

reliable place-value !
arithmetic hard.

v 22 1%
5021 13 286 14 908 13 16 21

That's why models often
reach for tools for
exact math.

KEY TAKEAWAYS

@ These are not bugs in a specific model; they are consequences of the representation.
@ They appear across models and improve slowly.

@ When a model fumbles spelling, counting, or digits, the tokenizer is usually the reason.
@ The fix is to change the task, not scold the model.

Understand the tokenizer, and the model makes more sense.

ﬁ Models read tokens, not characters. *ﬂ}
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Tokenization

Example:
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Text Embedding
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Text-Position Embedding
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Vector Store and Vector Database

Vector Stores and Vector Database
Vector databases store, index, and retrieve vector embeddings for
fast similarity search at scale.

Key Components:

e Embeddings: Convert sources (text, images, audio) into
high-dimensional dense vectors of numbers, designed to
capture core meaning.

o Similarity Search: Use a similarity metric to find the most
similar vectors to the query embedding.

@ Metadata: Store vectors along with metadata to enable
filtering and better context for retrieval.



Computational Foundations
(o] lelele]e]

Vector Store and Vector Database

Key Components:

e Indexing: Build an index (i.e., math shortcuts) to enable fast
approximate nearest neighbor search..

@ Retrieval: Retrieve the top K nearest vectors and their
associated metadata based on specifics of a query.

e Filtering: Apply metadata filters (e.g., source, date,
category) to narrow down search results.
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Vector Store and Vector Database

o Embeddings

AN SO
_y | Embedding |
Model
S FU
Text /
Data

Convert data into high-dimensional
dense vectors that capture meaning.

Indexing

12 )
0.23
-0.41

008 )

‘_)O'l

Build an index (e.g., HNSW, IVF, PQ)
to enable fast approximate nearest

neighbor search.

e |_ Similarity Search

Query E -
Vector 021
[om |
|68 | [~ |
BE ‘ -0.42
|-035

Find the most similar vectors to
the query embedding using a
similarity metric.

9\ Retrieval
Top K

Query Results
Vector

e id: 23
score: 0.92

id: 8
score: 0.89
id: 15
score: 0.86

Retrieve the top K nearest vectors
and their associated metadata
based on the query.

9 Metadata

Vector score: 0.92
.2
o D.ubm
-om :
0.68 =
— 57

id ] text source | date

4 I(:Alj 7‘;:m§lti;\ 2024-01-10
What is ML? website 2024-01-12
3 Dup |t;m:g research | 20240115
|

Store vectors along with metadata
to enable filtering and better
context for retrieval.

e Filtering J

Vector (i 23

Results

Filter:
source = ‘documentation’
date > 2024-01-01"
category = 'research’
Apply metadata filters (e.g., source,
date, category) to narrow down
search results.
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Vector Store and Vector Database

Example:
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Similarity Search

[0.34, 2.35, 8.34, ..]

. 300 dimensions

<)

Banana
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Similarity Search

Example:
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Probability Estimation and Sampling
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LLM Overview

LLM Overview

A= Question &
Answering
Sentiment

e==y  Analysis

0l
®
_’ Image

Captioning

[ Object
" Recognition

Q B
Exploring Large Language
Text Models (LLMs)

@ Image

¥
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LLM Overview

Transformers in LLMs

Transformers in LLMs

" BNEE
EEED
E it foy

Embedding + Encoder

Input Positional Encoding Block

s —
a5 i
L [ @

Output Decoder Block
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LLM Core Workflow Patterns

Use predetermined logic, routing and conditional checks to ensure
system consistency and reliability.

FIVE LLM WORKFLOW PATTERNS

& RETRIEVAL-AUGMENTED GENERATION 2. PROMPT CHAININb
(RAG)
={> (Numeual) \ w Genera!e Q»ll:;]
rate Gemale Valldate
User \% _~ ‘C;')"“ 1’ M* Gutine |=>| ntroducton (Fm"d) ("mlw

query
Vector Database

Breaks complex tasks into smaller, sequential steps.
Connects models to current, accurate data.

(3.ROUTING ) ((4. ORCHESTRATOR-WORKERS ) (5. EVALUATOR-OPTIMIZER)
Bllng mndle u
© f mhml g f N Syﬂ!m Genenlm zumm
s “'> Chssﬂer) > (e gmmm)] (F“‘OWJ (Duﬂ) (r«mcn) (Refived)
\\WA«W mgmt X\ wvzn"f” n =
(‘gm) (Writing) evi S[:Sq;)sn

Directs requests to specialized handlers. y subtasks ly improves output through evaluation cycles.

’-@
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LLM Core Workflow Patterns

Prompt Chaining:
@ Passes the output of one LLM call directly into the next in a
linear sequence (e.g., generate, critique, refine).
Routing:
@ Examines unstructured user input and directs it to the most
appropriate predefined handler or specialized model.
Parallelization:

@ Splits a task to process multiple sub-components.

Orchestrator-Worker:

@ Employs a central coordinator LLM to break a complex goal
into subtasks, delegates them to specialized workers, and
synthesizes the final result.
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Prompt Engineering

Prompt Engineering

Prompt Engineering is the art and science of designing, refining
and optimizing inputs (prompts) to guide generative Al models
toward producing accurate, relevant and high-quality outputs.

Importance:
@ Prompt engineering influences the quality, relevance and
accuracy of Generative Al outputs.
@ A well-crafted prompt ensures that Al comprehends the user’s
intents, a prerequisite for producing meaningful responses.
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Prompt Engineering

How it Works:

@ Prompt engineering acts as a bridge between human intent
and and Al understanding, transforming vague requests into
structured commands.

Common Use Cases:

@ Automated code generation; generate text summary; data
processing and extraction; logical reasoning.

Examples:
@ Write a python program to compute the factorial of a number.
@ Translate the following python code to Java.

@ Debug the Java code and explain why it throws an exception.
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Prompt Engineering

Prompting Techniques:

@ Zero-shot prompting: Provides the model with a direct
instruction or question without any additional context or
examples.

@ Few-shot prompting: Provide the model with one or more
examples of the desired input-output pairs before presenting
the actual prompt.

@ Chain-of-thought prompting: Encourages the model to

break down complex reasoning into a series of intermediate
steps, leading to a more comprehensive and detailed output.
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Prompt Engineering

Prompt Overview:

's ) e R
One Shot Prompting Few Shot Prompting
( Input Output )
Input Output
Input
Input e

! 0
MODEL MODEL

N
Output Output
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Prompt Engineering

Standard and Chain-of-Thought Prompting:

Standard Prompting

Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

Model Output

A: The answer is 27. x

Chain-of-Thought Prompting
Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have? j

Model Output \

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The

\answer is9. j

Figure 1: Chain-of-thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.



Prompting

Q: Roger has 5 tennis balls. He buys
2 more cans of tennis balls. Each can
has 3 tennis balls. How many tennis
balls does he have now?

- The answer is 11.

Working with Large Language Models (LLMs)
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Q: How many keystrokes are needed
to type the numbers from 1 to 5007
Answer Choices: (a) 1156 (b) 1392 (c) 1480
(d) 1562 (¢) 1788

A

he

answer is (b).

Q: Sammy wanted to go to where the
people were. Where might he go?
Options: (a) race track (b) populated areas
(c) desert (d) apartment (e) roadblock

A: The answer must be a place with a
lot of people. Race tracks, desert,
apartments, and roadblocks don't
have a lot of people, but populated
areas do. So the answer is (b).

o -

Date L

s

Sports

Q: Yes or no: Would a pear sink in
water?

A: The density of a pear is about 0.6
glem*3, which is less than water.
Thus, a pear would float. So the
answer is no.

Q: The concert was scheduled to be
on 06/01/1943, but was delayed by
one day to today. What is the date 10
days ago in MM/DD/YYYY?

A: One day after 06/01/1943 is
06/02/1943, so today is 06/02/1943.
10 days before today is 05/23/1943.
So the answer is 05/23/1943.

Q: Is the following sentence
plausible? "Joao Moutinho caught the
screen pass in the NF
championship."

A: Joao Moutinho is a soccer player.
The NFC championship is part of
American football, not soccer. So the
answer is no.

Last Letter Ce

Coin Flip (state tracking)

SayCan arbot

Human: How would you bring me
something that isn't a fruit?

Explanation: the user wants
'something to eat that isn’t a fruit. An
energy bar is not a fruit, so | will bring
the user an energy bar.

Plan: 1. find(energy bar) 2.
pick(energy bar) 3. find(user) 4.

Take the last letters of the words
in “Lady Gaga” and concatenate
them.

A: The last letter of “Lady” is “y". The
last letter of “Gaga’ is “a’.
Concatenating them is ‘ya”. So the
answer is ya.

put(energy bar) 5. done().

N

> €

: A coin is heads up. Maybelle flips
the coin. Shalonda does not flip the
coin. Is the coin still heads up?

A: The coin was flipped by Maybelle.
So the coin was flipped 1 time, which
is an odd number. The coin started

heads up, so after an odd number of
flips, it will be tails up. So the answer

is no.

Figure 3: Examples of (input, chain of thought, output) triples for arithmetic, commonsense, and
symbolic reasoning benchmarks. Chains of thought are highlighted. Full prompts in Appendix G.
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Prompting

Tracy used a piece of wire 4
feet long to support tomato
plants in the garden. The
wire was cut into pieces 6
inches long. How many
\pieces did she obtain?

)

62B Model Output
She cut the wire into 6 inch pieces.

This means she got4 * 6 = 24
pieces. The answer is 24.
(Incorrect: semantic
understanding error)

— _J

540B Model Output

The wire was 4 feet long. This
means it was 4 * 12 = 48 inches
long. It was cut into pieces 6 inches
long. This means she obtained 48 /
6 = 8 pieces. The answer is 8.

UCorrect) /

Tom's ship can travel at 10
miles per hour. He is sailing
from 1 to 4 PM. He then
travels back at a rate of 6
mph. How long does it take
him to get back?

62B Model Output

He travels from 1 to 4 PM. That
means he travels for 3 hours. He
travels back at 6 mph. That means
he travels for 3 * 6 = 18 miles. The
answer is 18. (Incorrect: semantic
understanding error)

. _J

N J

He travels at 10 mph from 1 to 4
PM. This means he travels 3 hours.
3 hours at 10 mph means he travels
3 * 10 = 30 miles. He then travels
back at 6 mph. This means he

travels 6 miles per hour. He has to
travel 30 miles, so it takes him 30 / 6

=5 hours. The answer is 5.

\(Correct)
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Prompting

Stephen placed an online
order for groceries. His final
bill came to $40.00.
Because this was through a
delivery vendor, they tacked
on a 25% fee to his final
total and charged him $3.00
in delivery fees. Stephen
also added a $4.00 tip. After
the extra fees, what was the
final price of Stephen's

/)

Qroceries?

62B Model Output

The final price of Stephen's
groceries was $40.00. The delivery
vendor added 25% to the final total,
so the final total was 125% of
$40.00. This means the final total
was 125% * $40.00 = $50.00. The
delivery vendor also charged $3.00
in delivery fees. So the final price of
Stephen's groceries was $50.00 +
$3.00 = $53.00. The answer is
$53.00. (Incorrect: one step
\missing error)

J

540B Model Output

Stephen's bill was $40.00. The
delivery vendor added 25% to the
bill. This means the bill was
increased by 25% of $40.00. This is
0.25 * $40.00 = $10.00. The delivery
fee was $3.00. The tip was $4.00.
So the total bill was $40.00 + $10.00
+ $3.00 + 540b model $4.00 =
$57.00. The answer is 57. (Correct)

\ J

There are four schools

competing at a basketball
tournament. Each school
has sent a girls’ basketball
team and a boys’ basketball
team and each team has 5
players each. Each school
has also sent a coach for
each team. In total, how
many people have all of the

Qchools sent?

There are 4 schools. Each school
has sent a girls’ basketball team and
a boys’ basketball team. Each team
has 5 players each. That means
there are 4 * 2 * 5 = 40 players.
Each team has a coach. That
means there are 40 + 4 = 44
coaches. The answer is 44.
(Incorrect: one step missing
error)

-

62B Model Output

540B Model Output

Each school has sent 2 teams, each
with 5 players. This means each
school has sent 2 * 5 = 10 players.
Each school has also sent 2
coaches. This means each school
has sent 10 + 2 = 12 people. There
are 4 schools, so in total all of the
schools have sent 4 * 12 = 48
people. The answer is 48. (Correct)

-

J
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Strategies for Writing Better Prompts

Set clear goals and objectives:

@ Tactic: Use action verbs to specify the desired action (e.g.,
write a bulleted list item that summarizes the key findings of
the attached research paper).

@ Tactic: Define the desired length and format of the output
(e.g., Compose a 200-word abstract summaarizing the key
findings of the research paper.)

e Tactic: Specify the target audience (e.g., Write a 400-word
essay targeting young teens concerned with global climate
warming.)

Source: Wikipedia entry for prompt engineering
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Strategies for Writing Better Prompts

Provide context and background information:

@ Tactic: Include relevant facts and data. (e.g., Given that
temperatures in the Tasman sea have risen 1 degree Celcius
over the past decade, describe the likelihood of long term
impacts caused by global warming.)

e Tactic: Reference specific sources or documents. (e.g.,
Based on the attached document, generate a forecast for the
companies profitability over the next 18 months.)

@ Tactic: Define key concepts and terms. (e.g., Explain the key
ideas in quantum computing using terms suitable for a
non-technical audience.)
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Strategies for Writing Better Prompts

Use Few-Shot Prompting:

e Tactic: Provide a few examples of input-output pairs. (e.g.,
input: cat, output: A small hairy animal with whiskers, input:
kiwi, output: A small flightless bird found in New Zealand.)

e Tactic: Demonstrate the desired style or tone. (e.g.,
(humorous) the dignitary delivered a speech that was so dull it
could cure insomnia, (formal) the dignitary delivered a speech
that was informative and entertaining.)

@ Tactic: Show the desired level of detail. (e.g., (brief) The
movie was about a young boy who has lunch with an alien,
(detailed) The science fiction movie follows the adventures of
Casper, who meets and lunch with a friendly alien.)
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Strategies for Writing Better Prompts

Be Specific:

@ Tactic: Use precise language and avoid ambiguity. (e.g.,
Write a persuasive essay arguing for regulated approaches to
sustainability.)

@ Tactic: Whenever possible, quantify the requests. (e.g., Write
a poem with 14 lines.)

@ Tactic: Break down complex tasks into simpler tasks. (e.g.,
Instead of saying develop a meeting plan, say: 1. Identify the
target audience, 2 Develop key marketing messages, 3 Select
appropriate marketing channels.)
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Strategies for Writing Better Prompts

Iterate and Experiment:

e Tactic: Try a variey of phrasings and keywords. (e.g.,
Rephrase the prompt using a variety of synonyms or alternate
sentence structures.)

@ Tactic: Adjust the level of detail and specificity. (e.g., Add or
remove information to fine-tune the output.)
@ Tactic: Experiment with different response lengths. (e.g.,

Experiment with short/long output lengths to find the desired
balance.)
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Strategies for Writing Better Prompts

Leverage CoT Prompting:

e Tactic: Encourage multi-step reasoning. (e.g., Solve the
problem step-by-step.)

@ Tactic: Ask the model to explain its reasoning strategy. (e.g.,
Explain the thought process in determining the sentiment
review of a movie, for example, the acting was superb, but the
plot too predictable.)

@ Tactic: Guide the model through a logical sequence of
thought. (e.g., To classify the e-mail as spam, consider the
following: 1. Is the sender known?, 2. Does the subject line
contain suspicious words?, 3. Is the e-mail offerring something
too good to be true?)
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Engineering
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Context Engineering

Context Engineering

Context Engineering is the practice of designing and managing
dynamic systems that supply large language models (LLMs) or
agents with the most relevant information, instructions and tools
at right time.

Prompt vs Context vs Memory Engineering:

@ Prompt engineering focusses on how a single text string or
query is phrased.

o Context engineering encompasses everything the model sees
during runtime before generating a response.

@ Memory engineering covers the mechanisms by which an Al
agent acquires, represents, stores, updates, retrieves, uses and
forgets information over time.
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Prompt vs RAG vs Context Engineering

> Context Engineerng < 15

Prompt Engineeri né

iy

Tnput =

( aveston ‘ ( m response )
3 ? (At Response )
e 4

G )
Cromamns ) LLM (o)

RAG ——
Q Retrievl Model S Internal Sources

Structured Retriever Structured Data
| oot e Yo v

Answer

D]
)

# LLM

Context Engineering '~

C;:xt H @ =
l Engineering LM :
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Components of the Context Stack

System Instructions:

@ Clear behavioral guidelines, guardrails and role definition.

User Input:
@ The current prompt, question, or task assigned by the user.

Short-term State/History:

@ Recent conversation turns, scratchpads, and active working
memory.

Long-term Memory and RAG:

@ Retrieved external documents, database lookups, and past
user preferences.
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Components of the Context Stack

Tools Definition:

@ Available APIs, functions, and action spaces the model can
execute.

Output Formatting:

@ Explicit rules governing the structure of the model's response.
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Strategies in Context Management

Writing:
o Allowing agents to save intermediate notes or state outside
the primary context window.

Selection:

@ Dynamically pull in relevant tools or facts via RAG.

Compression:

@ Prune irrelevants tokens, summary history, or filtering verbose
outputs.

Isolation:

@ Partition context across multiple sub-agents or sandboxed
environments to prevent distraction.
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Context Engineering

Example:
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Retrieval Augmented Generation (RAG)

Retrieval Augmented Generation

Given a knowledge base and a question, a retriever fetches the
most relevant documents, then augments the prompt with the
information before generating the output.




Working with Large Language Models (LLMs)
0O0®000000000

Retrieval Augmented Generation (RAG)

RAG combines a retriever (search) with a generator (LLM)
to produce more accurate and context-aware answers.

L Quesfon @ ]
/z[ Retriever Q ]
L Vector Database 1
1)
‘é{ Relevant Chunks ]
4
( )
1
[ Answer @_J

- -~

How RAG Works

1.

Formula: A-B

Where:

e A, B = embedding vectors

e A-B = dot product

o ||A]l = magnitude (L2 norm) of vector A

 similarity ranges from -1 (opposite direction) to 1 (most similar)

An embedding model converts the query into a vector.

2. The retriever searches the vector database for similar chunks.
3.
4. The LLM generates the final answer using the retrieved context.

‘[ Similarity Search (Cosine Similarity) }—\

Cosine similarity measures the cosine of the angle between ML
two vectors.

Most relevant chunks are retrieved from the vector database.

imilarity(A, B) = ——
amilasith (AB) © i 1B
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Retrieval Augmented Generation (RAG)

f_| Embedding Example I_"V r—‘ LangChain Code Example

Text: # 1. Load documents
“Artificial intelligence is transforming the world.” from langchain_community.document_loaders import TextLoader
: . loader = TextLoader("data.txt")
Embedding (example output with 5 dimensions): Jots n lodar loadl)
[0.23, -0.34, 0.67, 0.11, -0.28] | | | #2. Split documents into chunks
from langchain. text_splitter import RecursiveCharacterTextSplitter
Ancther text: splitter = RecursiveCharacterTextSplitter(chunk_size=500, chunk_overlap=50)

chunks = splitter.split_documents(docs)

“Al is changing industries globally.”

Embedding: # 3. Create embeddings
from langchain_openal import OpenAIEmbeddings
‘ [ 0.19, -0.29, 0.62, 0.09, -0.31 ] ‘ embeddings = OpenAIEmbeddings()
# 4. Store in vector database (FAISS)
Cosine Similarity between the two embeddings: from langchain_community. vectorstores import FAISS
similarity = 0.99 (very similar) vectorstore = FAISS.from_documents(chunks, embeddings)
-

# 5. Create retriever (top-k)

retriever = vectorstore.as_retriever(search_kwargs={"k": 4})
Key Components

# 6. Build RAG chain

from langchain_openai import ChatOpenAl

from langchain. chains import RetrievalQA

Vector Database: Stores embeddings of llm = ChatOpenAI(model="gpt-4.1-mini", temperature=0)
document chunks. qa = RetrievalQA. from_chain_type(llm=llm, retriever=retriever)
Relevant Chunks: Most relevant chunks
from the vector database

Retriever: Retrieves relevant chunks using
vector similarity search.

7. Ask a question
question = “What is artificial intelligence?”
LLM: Generates the answer using result = ga.run(question)

the retrieved context. print(result)

S W P
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RAG Embeddings

o EMBEDDINGS IN RAG

—— How Al Finds Information by Meaning, Not Keywords ——

[ 4 £
WHAT ARE WHY ARE THEY 9 RAG WORKFLOW
EMBEDDINGS? IMPORTANT?
| @ Documents

Embeddings are -
numericalgemrs | Traditional Search: X Chunking

L « Matches keywords +

. that represent the € Embeddings
semantic meaning .
=
of text. Embedding Search: E Yook Databave
(G))) $iMatches meaning Slmllamy Search
A o =3 + Finds relevant context
Similar vectors even with different @ LLM Answer |
wording | |
T
O cexampie © smiariTy searcH | O ke TAKEAWAY
Query:
P&y iforgotmy @ Vector databases compare: Embeddings convert
login credentials” g + Query Embedding text into vectors that

+ Document Embeddings capture meaning,
Retrieved Document: enabling RAG
[% “Password Reset | i

Procedure” Using: systems to retrieve
- O +/ Cosine Similarity the most relevant
A P | +/ Dot Product information before
Same meaning, : d ;
F  Cormectretrieval. + Euclidean Distance generating answers.

neces —
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RAG Standard Approach

Indexing (Offline)

Documents Chunks Embeddings Vector DB
Query (Online)

B - it~ Q i@

Question Embedding Top-K LLM Answer
Retrieval

]

U

i
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RAG Enterprise Requirements

£~ 7
1. Fragmented Retrieval 2. No Relationship Traversal
« Information is split /? + Vector search can't
across chunks follow relations
| ~@
= D « Context gets lost + Multi-hop reasoning
O is hard
{ % )
3. Entity Disambiguation 4. Not for Numerical Filtering
NVIDIA (Company) | + Same words, Ik Can'tdo >, <, =,
( { different entities — UM, ORDERBY...
NVIDIA (Product) [
g - Similarity = Identity » Needs structured
NVIDIA (Research)

query engines

-/

Why pure vector RAG falls short
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Graph RAG

Graph RAG

Knowledge graph retrieval method that represents entities as nodes
and relationships as edges.

0F i 75
e — ' -— =

A G/ &7

Question Retriever Large Language Response

Model

I

e

Context
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Graph RAG

Procedure:
@ Build a graph structure (nodes and edges).
@ Use graph traversal techniques.

@ Feed structured multi-step knowledge to the LLM.

Benefits:
@ Explicit representation of relationships between concepts.
@ Multi-step reasoning ideal for complex queries.

@ Works well for structured and semi-structured data.

Challenges:
@ Requires structured graph data (e.g., RDF, Neo4j).
@ More difficult to implement than traditional RAG.
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Traditional RAG vs Graph RAG

000000000800

Feature

Traditional RAG

Graph RAG

Retrieval Method

Vector Similarity Search

Graph Traversal +

Embeddings
Best For Simple Q&A , Document | Complex reasoning ,
Retrieval multi-hop queries
Data Type Unstructured text ( docs , | Structured +
FAQs, articles) unstructured(linked
entities, graphs)
Scalability Easier to scale More complex but

powerful

Use Case Example

Finding a relevant
research paper

Connecting multiple
research papers to
derive insights

Source:

Ali S.M., “Traditional RAG vs Graph RAG”, medium.com, February, 2025.
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Traditional RAG vs Graph RAG

Use Traditional RAG:
e Data is text-based and loosely related (independent).

@ Problem domain only requires simple similarity-based retrieval.

@ You need scalable, easy-to-implement retrieval.

Use Graph RAG:
@ Data involves complex relationships among entities.

@ Problem domain requires multi-step reasoning.

Hybrid approaches are possible: use vector search for quick
lookups, then graph reasoning for deeper insights.
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LLM-as-a-Judge



Working with Large Language Models (LLMs)
0000000C

LLM-as-a-Judge

LLM-as-a-Judge
LLM-as-a-Judge is an evaluation framework where a

high-performing language model (e.g., GPT 5.5) assesses the
outputs of other LLMs or Al Agents based on specific criteria.

Criteria \ / [Teddy bears are the cutest | Rationale
Item to score | Teddy bear / \ 10/10 | Score

The approach aims to replace manual scoring by humans with
automated scoring against user-defined evaluation criteria.
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LLM-as-a-Judge

Evaluation Metrics/Criteria:

(" N\
LLM Evaluation Metric

LLM Test Case
- Input
- LLM Output 5 LLM Judge Scorer Passes threshold?
- Retrieval Context
- etc.
(arguments from LLM - J
v VL v
Score Reason Metric

(optional) @ Passed/X Failed
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LLM-as-a-Judge

Evaluation Criteria:

@ Answer Relevancy: Did the response actually address the
user’s request?

o Helpfulness: Was the answer genuinely useful? Or just pretty
sentences, no substance?

o Faithfulness: Did it stick to the facts? Or did it wander into
hallucinations?

o Bias: Was the answer balanced, or did some skew creep in?
@ Correctness: Was the answer accurate start to finish?
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LLM-as-a-Judge

Single-Turn LLM-as-a-Judge

5 LLM-as-a-Judge

Single-Turn Interaction

& :Whatdayisittoday? ! "Give a score of 1 - 10 based on how coherent
~~~~~~~~ is the output based on the input"
@ : How would | know?

Multi-Turn LLM-as-a-Judge

Multi-Turn Interaction

S LLM-as-a-Judge

; : What day is it today?

@  How would | know? "Give a score of 1 - 10 based on how coherent
: v > the conversation is"

; : Can't you search the web?

@ : It's deprecated...

—

Verdict Score

Verdict Score

0O00@000C
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Working with Large Language Models (LLMs)

Single-Output LLM as a Judge:

Single LLM Interaction

* Retrieval Context (optional)

¢

[ umousut |
J

Single-Output
LLM-as-a-Judge

(e.g. gpt-4o0, claude-4-sonnet)

Evaluation Prompt:

Given this input and output, ate it based on how
relevant the output is. Output a score of 1 - 5, and
include a reason as wellin our output.

Input: input}
Output: foutput}

Single-Output LLM-as-a-Judge

e

[e]e]ee] Jelele

LLM Judge Verdict

Score: 3
Reason: The output answers the input
without any omission of detail
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LLM-as-a-Judge

Binary LLM-as-a-Judge

$ Binary LLM-as-a-Judge

"Is the output coherent based on the given
input? Only output 'Yes' or 'No' "
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LLM-as-a-Judge

Multi-Turn Dialogues between a User and two Al Assistants:

Question: If the FED buys bonds in the secondary market
(A) the money supply will increase. (B) the money supply will decrease. (C) the money supply will not be
affected. (D) the discount rate would be affected. Output the answer only.

Assistant A: Assistant
The Federal Reserve buys  (A) the money supply will increase.
bonds in the secondary

market to increase the

money supply

Follow-up Question: How does it affect my daily life? Give 3 examples.

Assistant A: Assistant B:

The Federal Reserve buys When the Federal Reserve buys bonds in the secondary market, it can have
bonds in the secondary several effects on the economy that can impact your daily life. Here are
market to increase the three examples:

money supply. This
affects your daily life 1. Interest rates: The Federal Reserve's actions in the bond market can

by: influence interest rates, which in turn can affect the cost of borrowing
1. Increasing the money  money. For example, if the Federal Reserve buys bonds and drives up demand
supply. for them, interest rates on things like mortgages, car loans, and credit
2. Increasing the money  cards may go up, making it more expensive to borrow money.

supply and lowering the 2. Inflation: When the money supply increases, it can lead to inflation,
discount rate. which is the general rise in prices of goods and services. This can impact

3. Increasing the money  your daily life by making it more expensive to buy things like groceries,
supply and lowering the  gas, and other necessities.

discount rate and 3. Employment: The Federal Reserve's actions in the bond market can also
increasing the money have an impact on employment. For example, if the Federal Reserve'
supply. actions lead to economic growth and increased demand for goods i

services, it can create more job opportunities and boost employment.
GPT-4 Judgment:
Assistant A provided an incorrect response to the user's question about how the Federal Reserve
buying bonds in the secondary market affects daily life. The answer given is repetitive and lacks
clear examples of how the action impacts daily life
On the other hand, Assistant B provided a relevant and accurate response to the user's question about
the Federal Reserve buying bonds. The answer includes three clear examples of how the action impacts
daily life, such as interest rates, inflation, and employment.

Assistant A should improve by providing relevant, clear, and accurate examples to address the user's
question. Assistant B's response is more helpful, relevant, and detailed.

Figure 1: Multi-turn dialogues between a user and two Al assistants—LLaMA-13B (Assistant A)
and Vicuna-13B (Assistant B)—initiated by a question from the MMLU benchmark and a follow-up
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LLM-as-a-Judge

G-Eval Algorithm:

Input Context
Task Introduction Article: Paul Merson has restarted his row with
Andros Townsend after the Tottenham midfielder
You will be given one summary written for a news was brought on with only seven minutes remaining
article. Your task is to rate the summary on one ) in his team s 0-0 draw with Burnley on -+~
metric. -+

Input Target

Summary: Paul merson was brought on with only
seven minutes remaining in his team 's 0-0 draw
with burnley -+

Evaluation Criteria

Coherence (1-5) - the collective quality of all

Evaluation Form (scores ONLY):
sentences. We align this dimension with the DUC

\guality question of structure and coherence ------ - Coherence:
Auto
CoT v
Evaluation Steps
1. Read the news article carefully and identify the 06
‘main topic and key points.
2. Read the summary and compare it to the news
article. Check if the summary covers the main topic G-Eval .
and key points of the news article, and if it presents -
them in a clear and logical order. @ 0
3. Assign a score for coherence on a scale of 1 to 1 2 3 4 5

10, where 1 is the lowest and 5 is the highest based
on the Evaluation Criteria.

- T
Weighted Summed Score: 2.59

G-Eval algorithm
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LLM-as-a-Judge

Weaknesses of LLM as a Judge:

e Can't Make Up Their Minds: Their scores are non-deterministic, which means that for a
given LLM output their are evaluating, the scores might be different depending on the time
of day. You'll need a good way such as DAG to make them deterministic if you want to rely
fully on them.

* Narcissistic Bias: It has been shown that LLMs may favor the answers generated by
themselves. We use the word “may” because research has shown that although GPT-4 and
Claude-v1 favors itself with a 10% and 25% higher win rate respectively, they also favor
other models and GPT-3.5 does not favor itself.

e More is More: We humans all know the phrase less is more, but LLM judges tend to prefer
more verbose text over more concise ones. This is a problem in LLM evaluation because
LLM computed evaluation scores might not accurately reflect the quality of the LLM
generated fext.

¢ Not-so-Fine-Grained Evaluation Scores: LLMs can be reliable judges when making high-
level decisions, such as determining binary factual correctness or rating generated text on
a simple 1—5 scale. However, as the scoring scale becomes more detailed with finer
intervals, LLMs are more likely to produce arbitrary scores, making their judgments less
reliable and more prone to randomness.

e Position Bias: When using LLM judges for pairwise comparisons, it has been shown that
LLMSs such as GPT-4 generally prefer the first generated LLM output over the second one.
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LangChain

LangChain (2022) is a framework that makes it easier to build
applications using large language models (LLMs) by connecting
them with data, tools and APls.

Philosophy and Software Overview:
@ Rather than treat LLMs as standalone services, LangChain’s
philosophy centers on composability and modularity.
@ Provides a full stack for application development: build with a
composable framework, run with LangGraph platform.
@ The core framework is open source. Additional enterprise
features are commercially available.
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Challenge 1. Context Window Limitations:

@ Every LLM has a fixed context window — the max no tokens it
can process at once — typically, 2k to 128k tokens.

@ Practical challenges, e.g., long documents must be chunked to
fit within the context window.
Challenge 2. Limited Tool Orchestration:
@ Modern LLMs may lack the tools to organize and execute
complex workflows.
Challenge 3. Task Coordination:

@ Complex workflows require structured control mechanisms.

Source: Generative Al with LangChain, Chapter 1.
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Benefit 1. Composable Workflows:

@ The LangChain Expression Language (LCEL) provides for
complex tasks to be broken down into modular components,
which can be assembled and reconfigured.

@ Composability enables systematic reasoning through
orchestration of multiple processing steps.

Benefit 2. Integration Ecosystem:

@ Abstract interfaces for all generative Al components (LLMs,
embeddings, vector databases, document loaders, search
engines.
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Benefit 3. Memory and State Management
@ Driven by need for persistent context across interactions.

@ Maintain conversation history and application state.

Benefit 4. Unified Model Access:

o Consistent interfaces to diverse languages and embedding
models.

@ Support for seamless switching among providers while
maintaining application logic.

Source: Generative Al with LangChain, Chapter 1.
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The LangChain Ecosystem
W4 LangChain

( LangSmith
A\ Observability & Evaluation

LangChain

Application Development Framework
PPl P —

Key Components: [ LangGraph ‘ Capabilities:

e i + Monitoring
[F‘) Prompts Orchestration

- & Models v Log & Trace

Key Features: v Evaluation

- LLMs =
- % APl integrations

- State Management

- Conditional Branching

PRo = -
= &3 @ Multi-Step Workflows
R . >
Do e ¢ =

F > O O Eo

1% 3 s Manage & Control Workflow ¢ Observe, Debug & Improve Al Apps
\ Build Al Chains ~

Core Building Blocks

< —= = =
(] = RAG 4| Tool Calling Q/Q\O LangGraph 1 Guardrails +
|§H RRE E Lo &% Workflow @ Evaluation



Working with LangChain

Support for Application Development:

Memory Vector

management ~  Databases

Chains Agents
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Key Components:

Chains: Sequence of steps where each step can use an LLM,
process data or call tools. Multi-step chains combine actions.

Prompt Management: Uses templates to simplify design
and mangement of prompts.

Agents: LLM driven components that decide which actions
to take, such as calling tools or APls.

Vector Database: Stores data as vectors to enable similarity
search, helping retrieve relevant information for tasks like
document search and RAG.

Models: Supports LLMs like OpenAl and Hugging Face.

Memory Management: Maintains context from past
interactions, enabling better responses in conversations/tasks.
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LangChain Use Cases:

© Question and Answer with RAG

@ Chatbots and Conversational Agents.

© Query Analysis.

@ Knowledge Graphs.

© Code Generation and Programming Assistance.
© Summerization.

@ Interacting with APls.

© Multi-Agent Systems.
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LangChain Workflow: Enables RAG by combining document
processing, vector storage, and LLMs to generate accurate, context

aware responses.

_ Chunk of text

(document)
Chunk of text
— T[document)

L, Chunk of text

N (document)

Chunk of text
PDFs — (document)

01010
— 10101
01010

01010
— 10101
01010

01010
— 10101

01010

01010
— 10101
01010

Embeddings

Embeddings

Embeddings

Embeddings

275 01010

:.f'E;g 10101

“UAL 01010
Question
Embedding

Semantic
Search

|

Vector Store
[Knovrledge Base]
Amazon hurora
PostgreSQL with
pgvector

B Whatisaneural
4 network?

A

e

Answer
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——5 Ranked Results
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Step-by-step Procedure:

o

o

Document Processing: Split pdf documents into chunks for
efficiency of processing.

Create Embeddings: Each chunk is converted into
embeddings that capture its semantic meaning.

Vector Store: These embeddings are stored in a vector
database, creating a searchable knowledge base.

User Query: The process starts when a user submits a
question or request as input.

For example, a user might ask, “What's the weather like
today?" This query serves as the input to the LangChain
pipeline.
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@ Vector Representation: Once the query is received,
LangChain converts it into a vector representation using
embeddings.

@ Similarity Search: This vector is compared with vectors
stored in a database to find the most relevant matches based
on meaning.

© Fetch Relevant Information: The system retrieves the most
relevant data or context from the vector database to support
the response.

Q Generate a Response: The retrieved context is passed to a
language model, which processes it and generates a
meaningful answer.
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Prompts and Prompt Templates

Prompts are the foundation of LLM interaction. Prompt templates
are reusable formats for instructing LLMs using placeholders to
insert variable information.

Where dynamic content is
inserted.

% Variables/
== Placeholders
Components Eg'éj Instructions

Ofa Prompt Context
Template Formatting/Style

Optional
Conditions

| Clear task guidance for the
LLM.

Extra info to improve
accuracy.

Rules for tone and
structure.

Handle different scenarios
or outputs.
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Building Chains and Agents

Chains connect multiple steps of a solution procedure into
workflows. Agents make decisions to build task-oriented multi-step

Al applications.

Chains

®
@ Lvs = ~___yTools
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Memory makes applications more human-like by retaining context
across coversations.

Types Of Memory In LangChain

1 Entity Memory

2 LangGraph Memory @

3 Remote Database Memory

4 Conversation Buffer Memory @

5 Vector-Store Backed Memory

6 Conversation Summary Memory O
7 Conversation Buffer Window Memory
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Indexing is the proces of organizing documents in a vector database
such that the language model can quickly find and use them.

Document Import data from files, PDFs,
Loaders websites or APIs.

. Break documents into smaller,
Text Splltters manageable chunks.

Components @ Embeddings Convert chunks into semantic
Of Indexing vector representations.

Store embeddings and metadata
Vector Stores for fast retrieval.

Record Tracks hashes to detect new,
Manager updated or unchanged content.
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Vector Stores

Vector stores are specialized databases that store embeddings and
provide fast similarity search.

| T e 1

- Bk —embedaing L r0n S

1 I

| |

| L Te[(t : | T:elxt ‘
e split — Embedding —i» [0.230.130.3...] split 3
i |

L. dolt — Embedding — [02301303..] S |

| L P
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LLM Applications



LangChain Applications
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LLM Hardware Requirements
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WHAT AFFECTS RAM NEEDS? RAM USAGE FORMULA (SIMPLIFIED)
VMol size (i paameters)
 Quantzaton vl (G2, G3, 04, 05..) RAM, poxdclq ooaL e (GB35
¥ Context length KV cache (GB) + Context (GB) +
KV cache (grovs with cotest 3 layrs) head (GB)
/ Sysam ¢ app ovrhesd (2-6G8 PP | Use  hardware caleltor for xact rumbers
| il S—
CHECK YOUR MODEL BEFORE YU BUY =
Uston of thoe caliltors t o the cact model, quntcato,snd et
g P UM e Clsir Youus weur:
e ogten ol es s -t <ot Lo Youl get
. = e [ i
 Misy's LUM RAM Caletor S ]
oy e s s et

[ #n@ BOTTOM LINE: 16GB runs small, 32GB handles

< )




LLM Formulae Explained

1 | Tokenization J 2 TokenEmbedding
< (Convert Text to Tokens) 3 ¢ (Convert Tokens to Vectors)

Maps each token ID to a dense vector
using an embedding matrix.

Splits text into smaller units called tokens
which are then converted into numbers
(token IDs)

e, =E[4]
Text: “I love machine learning” Where:
¢ 1; = token ID
4 « E € RV*4 = embedding matrix
(V = vocabulary size, d = embedding

Tokens: ‘I  love machine learning dimension)

‘ « ¢; € R? = token embedding vector
TokenDs: 101 2023 3456 789 T;’;;‘}')D - ~ [T

€; (d-dim vector)

<J

4 | Self-Attention

(Find Important Tokens)

Computes how much each token should
attend to every other token in the sequence.

Converts attention scores or model outputs
into a probability distribution.

Attention(Q. K, V) = soﬂmax(QK )V ftmax(z;) £
softmax(z;) = ——
Vi )

input score for token i
« Output values are between 0 and 1
and sumto 1

Where:

* Q = Query matrix

+ K = Key matrix

* V = Value matrix

« d, = dimension of keys/queries

Q
K [ e e

\

Wherl

Probability

| love machine leaming

5) Softmax
(Convert Scores to Probabilities)

3 | Positional Encoding

_ (Add Word Position Information)

Addsjnformation about the position
of each token in the sequence.

. 2 po.
PE(pos, 2i) = sin ( —22=
5 20 5'"(1000021/4)

- pos
PE(pos, 2i + 1) = cos | ———
s ) ( 10000%/4 )
Where:
* pos = position of the token
+ i = dimension index
« d = embedding dimension

6 | Cross-EntropyLoss
_ (Train the Model) y

Measures how different the predicted
distribution is from the true distribution.

4
= yilog(7)
i=1
Where:

« y; = true probability (one-hot, 0 or 1)
* J; = predicted probability
* V = vocabulary size

Token  True (y;) Predicted (7)) Loss (-log(y))
[ 0 01 -
love 0 02 -
machine 1 06 051
learning 0 01 -



7 | Next Token Prediction

LLM Formulae Explained

8 | Temperature Sampling

9 | Perplexity

Autoregressive Modeling)

Predicts the next token based on previous
tokens in the sequence.

P(w, | Wy, e w,) = softmax(z,)w,

Where:
o w, = next token
* Wy, ..., W = previous tokens

* z, = model output (logits) at position ¢

Input: “I love machine”
+
Model predicts: “learning”

 (Control Output Randonmess)

Adjusts the sharpness of the probability
distribution during generation.

eilT
n 4T
L, e

model logits
« T = temperature (T > 0)
« Lower T — more focused (less random)
 Higher T — more diverse (more random)
T=05 T=10 T=20
(More Focused)  (Balanced) (More Diverse)

P, =

(Evaluate Model Performance)

Measures how well the model predicts
a sequence. Lower perplexity generally
indicates better next-token prediction,

N
1
Perplexity =exp| — > L;
rplexity p( = E )
Where:
» [; = cross-entropy loss for token i

N = total number of tokens

Lower perplexity generally indicates
better next-token prediction.




LLM GenAl Formulae

1. What is Generative Al?

Generative Al learns an approximation
of the data distribution from training
data and generates new samples based
on the patterns it has learned.

x ~ pp(x)

The model learns pg(x) and can
generate new data x based on the
patterns in the training data. The
generated samples are not guaranteed
to be exact copies of the training data
or always correct.

Examples:

SN
G Gehrion G
Mu:'{z :I::I:I;',:g H "\\“U\ il

4. Tokenization & Embeddings
Text is split into tokens. Each token is

assigned an ID, which is mapped to a
dense embedding vector.

Example (using GPT-4 tokenizer):

Hello
Hello Al = -
Al

9906  [042 003 - 041]

15836 [-0.07 0.25 - 018]

Text  Tokens TokenlIDs Embedding vectors
(subwords) (GPT-4 tokenizer) _(d-dimensional)

illustrative values)

2. Language Model

An autoregressive language model
predicts the next token based on the
preceding tokens in a sequence.

po(xi,

-
xr) = [ pates [ x20)
t=1

The probability of a sequence is
factorized into next-token probabilities.

Example (next-token prediction):

next>

The = cat =+ is |»sitting »f

=}

X<t Polx | x<e)

5. Training Objective

Language models are usually trained
using a cross-entropy loss to predict
the next token.

1 yii
L=- T ZIOS Pl | x<)
t=1

This is the average next-token
negative log-likelihood loss.

It measures the difference between
the true next token and the model's
predicted distribution.

The model adjusts parameters @ to
minimize this loss (e.g., using gradient
descent).

3. Transformer Attention

Self-attention lets the model focus on
relevant tokens when generating each token,

K 8
Attention(Q, K, V) = softmax Q— v
Vg
* @ Query (what we are looking for)
o K : Key (what we can match against)
e V7 Value (information to use)

T P
| Value (V) J"

6. Temperature & Sampling

Before applying softmax, logits are scaled
by a temperature T to control randonmess

2 e=ilT
pi= soﬂmax(~) = T
T3 Zj el

o Lower T (e.g., 0.2 - 0.7): concentrates

probability on higher-scoring tokens

(more predictable output).

Higher T (e.g., 1.0 - 2.0): produces a

flatter distribution and can increase

output diversity, but may reduce

coherence

o The effect also depends on the model's
logits and the sampling strategy.



LLM GenAl Formulae

iffusi Retrieval-Auf i
7. Diffusion Models 8. RAG &en mﬂ)mmed 9. Fine-tug:g,@?r;npﬁngl

Forward diffusion gradually adds noise to
training data. Generation starts from noise
and uses a learned reverse process to
produce a sample.

x,:\/&_,xg+\/l—&,£

€~NO1D)

- >
RAG grounds the model’s answers in retrieved

Randomnoise  Partially dencised ~ Generated image content, but it does not guarantee correctness.
(xr) sample (x0) Always verify important information.

(%)

by retrieving relevant documents and Provide clear instructions, examples

providing them as context or context in the input.
2 ® Nomodel weights are updated

® Works well for many general tasks.

Fine-tuning (Update model weights)
’ * Further train the model on domain-
specific data,
* Heips the model learn your specific style
or knowleds
Requires labeled data and compute.

Evaluation (Test quality, factuality, safety)
II ® Check helpfulness, relevance and accuracy.

I Test factuality and consistency.

Evaluate safety (e.g., harmful or biased content),

Use benchmarks and human review.

Combines an LLM with external knowledge @ Prompting (Use instructions)




LLM Tokenization

TLLM—ges ‘

"Tokenization*

Tokenization is the process of breaking raw text
into smaller pieces called tokens.

These tokens are mapped to integer IDs using a

fixed vocabulary. It's the first step in every LLM.

[ Example

“unbelievable transformers”

e o tokenie v spce st
subwords |

2 : transform

4302 12871 8932 7421

tokens vs characters vs words

-
@ chars: too short, no semantics

words: too many, can't handle new ones

@ tokens: middle ground — subuords <— the practica

compromise

every model has its own tokenizer;
& vocab size is usually 30k-200k |

Text — integers the model can consume o

techwith.ram

techwith.ram

Tokemzatlon Artifacts -

Most of the odd, viral failures of language models trace back
to one fact: the model reads tokens, not characters
Here are 3 common places where this gap shows up.

@ Letter Counting Goes Wrong

Q How mang s are in “stramberry’? “Strawberry”
SBemeey:

Tnside the tokens,

() individual letters are
S ot directly visible.

Humans see letters P = Counting letters asks the
., —ED @D | IS
3456 6123 does not operate

@ Leading-Space Sensitivity

Ton ol cntiaton
Looks the same to s ]
Different to the model hello | —> (2478 ) —> ([ how are you?

A word at the start of !
a lne and the same st | Ton 10

contination

-
word aftar o space. ar diffent npts ——
Ty can AP v hello | —s (9123 ) — there! |
ent outpuz ‘

£ part of the toke

9 Arithmetic Gets Tricky

N dot e

token boundaries Can toks Or can sit a5 b
ks

Slts depand o cntt 0@ PE0O0 forrard syt

o That's why models often
on B s e e B | ket

— ((KEY TAKEAWAYS

@ These are ot bugs in a spacific madel; they are consequences of the representation.
@ They appear across models and improve slowly

Diite the model needs

€0'add are not laid cut

Example: 380 + 17 o

@ When a model fumbles speling, counting, or digits, the tokenizer i usually the reason.
The fix is to change the tack, not scld the
@ ge BN

i? Models read tokens, not characters.

Understand the tokenizer, and the model makes more sense. “‘ﬁ'} °



LLM Vector Databases

»

ML

e follow @sambit.ai.tech

VECTOR DATABASES

Store, index, and retrieve vector embeddings for

K an )
@ [ Erbedding: |
T
| Embedding | _,
| Model )

Text /

Representation

Convert data into high-dimensional
dense vectors that capture meaning,

Indexing

(o1 .
023
-
[Loos
Build an index (e.g., HNSW, IVF, PQ)
to enable fast approximate nearest

neighbor search.

Storage

Vectors
©21,-031,.]

fast similarity search at scale.

——r
@ ( similarity Search |
Qe
el
o
on
e

035

the most similar vectors to
the query embedding using a
similarity motric.

6 ‘ Retrieval

Top K
Query Results
Vector
= \ id:23
025 Vector score: 0.92

Y Database
=4l id:8
8 @ score: 0.89

= id: 15

03| score: 0,86

Retrieve the top K nearest vectors
and their associated metadata
based on the query.

G’ Use in RAG |

Top K

maons|

i

© ( Metacata |

| text | sowce | date
1| Whati A7 [ documentation| 20200110
2 | WMz | webite | 2020012
3 [ ouepleaming | resench | 20240015

Store vectors slong with metadata
to enable filtering and better
context for retrieval.

0 Filtering
= Resits
Ver . [en

i o052
0E) | e =0
on | > | > s
CHEINE
st J
033 T

it

Apply metadata filters (e.g., source,
date, category) to narrow down
search results.

e Popular Vector DBs

PO




LLM Prompt Engineering

1. Single-Shot Pattern

User Prompt

]

2. Chaining Pattern
Step 1: Understand Task
Step 2: Create Outline
Step 3: Generate Content

Step 4: Refine Output

S — —

3. Routing Pattern

Classify Request

Support Help

Lol C3

Orchestrator

| 4. Orchestrator Pattern
|

Agent 1
Research

Agent 2
Writing

Agent 3
Visuals

Combined Output

5. Evaluator Pattern

Al Generator

Generated Output

Evaluator Agent

Revise & Improve

Final Output

6. Tools Pattern

Al Agent

Use Tool
(File / AP / Email)

Tool Result

7. Parallel Pattern

Agent B
Hashtags

Agent A
Captions

Merge Results

Plan Action

Take Action

Goal Given
Plan Action
| Take Action

Observe Result

Adjust Strategy




LLM Prompt Engineering

Prompt Loop
Engineering Engineering

- . < = R
[ Human writes [ O
| O Human sets goal |
0 | (Y prompt 0 & 8 |

|

e f Agent responds J Q >_ Trigger fires

) (3
e ‘ 8 Human reviews L |E» Agent acts

& £

o[ (O Human writes
| () next prompt

-
0 @
S

\

ntresponds | _ _
SR e | O Human reviews ’
| D output
e [ 8 Human reviews
ent drives every ste
\ Agent d y step



LLM Prompt Engineering

= 9 PROMPT ENGINEERING TECHNIQUE /e smsres o s

o ZERO-SHOT PROMPTING 6 FEW-SHOT PROMPTING 9 CHMN OF-THOUGHT (CoT)
Ak the madel o perform o task Provide  few examples to show the madel
without any examplas. the pattarn you want.
il SETTER RESWT PROVPT (WITH EXAMPLES) BETTER RESWT RompT BETTER RESUT

Gt

o ROLE PROMPTING 9 TREE OF THOUGHT (ToT) e SELF- [ONSISTEN[Y
s

T Explore maliple ressoning paths and choose Generste mlt

s v etk S k. otk
seressesur over ° owrt TP kSN PRV
Explain why the by [
) Q o @ o . Tk sep | 3
. i
66 6 o

Mokl aplres MOST COMSISTENT ANSHER
s

et o o e | (0 s

©  REFLECTION / VERIFICATION

i to the mdel Ak the modal t0

nd veriy

el BETTR ResuT seTTE eswr
Lk 5 REST T bt v
- [lee=
Rl Outpt i bl °o—
and format.
@ W et s s, etk “ e bl @ i
and wsable outputs © . " o s

Great prompts load to great eutputs. 2
Mastar thase sachniquss o anlock the v pover of Uit | < (CRALNRRREIOY



LLM Context Engineering

> Context Engineerng < 15

Prompt Engineeri né

1y

@ A—I ;ESPOMSE
> | G
LLM )

Q Retrievl Model S Internal Sources

Structured Retriever Structured Data
| oot e Yo v

# LLM

Context Engineering "~
(__System Pror




LLM Context is all you need

| 'Context Is All You Need' ~ coiscfencedon

Context Inputs
| @ =]
UserPrompt | | System Prompt Memory Vector Database

a ¥ Relevant documents in
the user
Retrieves resuls rele
vant to the user prompt
Weh Search

Allinformaton from eve
‘ Source combined nto one context
Marged Context

Full contextis passed to the
model to generate a response

Intermediate
Output

Critique
Prompt

Revision
Needed?

Revise

+%  Final
| Output



LLM RAG Implementation

HOW RAG WORKS

e——— Retrieval d Generation Explai
:" \ L/ RAG combines the power of retrieval and generation. | i
3 Z It retrieves relevant information from external sources | 10 KEY STEPS (PART 1)
E and uses it to generate accurate, up-to-date and i This particohers MieTaffliie
i context-aware answers. ] process of preparing your
\ / knowledge base.
DATA DATA TEXT TEXT CLEANING &
SOURCES INGESTION EXTRACTION SPLITTING || NORMALIZATION

Collect data B
from v

:
‘

b g —i—

PDFs, Docs,

K | webpages, —i—

R BT P BEE

APIS, etc. the documents Spat e ttinto Clon the it by
s sodon e | g sy (| o s || ey St
data into the system formatting and Pk - :‘ -dP‘
for further procssig. || matadata. e surac || rormalicsth cotert.
METADATA fA EMBEDDING VECTOR STORE n INDEXING m KNOWLEDGE BASE
ENRICHMENT GENERATION INGESTION EADY

Add relevant metadata Convert each text chunk | | Store the embeddings Build indexes (e.g.. Your ""W""‘F base s
(source, titl, date, into a high-dimensional || and metadata ina vector || HNSW, IVF, PQ) onthe || "o 143 System can
author, section, etc.) to | vector using an database for fast and vector store to speed up || "etrieve relevant

improve filtering and embedding model. efficient similarity search. || retrieval and scale g :
traceabilty. efficiently. asks a question. @

n -

information when a user




LLM RAG Architectures

/ =4 RAG Aychitectuyes mep.DailyDoseofDS.com
=

— Hypothatical D
o ata
L) B Fusone Sources

R Dats a4
So:r:es Data Sources 2.]
Query Embedding 1
Embedding . &
8
vadier
o8 08
b um
O“PU“_.‘_' Output «—| o G0
Prompt Prompt Prompt
Template Template Bty o
Graph RAG B ((Hybrid rAc RPN

o>

7 & 2}

1,\%1,_.@_» = d_v_j_. ——s
o ) (o)

b v 2 Embeddin

Us, Embedding  VesEo . Use 1 i

Query

Srogh denarsize 9 Z

Ly
User  Embedding

Query Query
Search Web % ot
Corvect Tafe 8= Graph DB o
o Context 1 #
um ¥ uwm & ¥
Outpet 4—.4—_ ¢—J Output «—| - Ovtpul‘—-.i_—
Prompt Prompt
Template Template um Tempiate
e
S T
Adaptive RAG a Agentic RAG
¢ l Locat
v ke
2 Soureas
a2 Jd—y -
A ] Agent 1
osar, Analgter

Embedding



LLM RAG vs Agentic RAG

RAG vs Agentic RAG

Al Agent
Data Sources ®
[=)
User
Query
Retrieved Info
+ Query
+ System Prompt
G Output &
Output ¢— W
Generation
Multi-Agent RAG
] Short | [ Lon [ |
g 2 MCP Servers
a Torm |8 Song || | Retet 2| cor \ i
Local oca
Memor) Planning
: : 8 rea.
- —" Se;”"i"@‘“_g © cloud




LLM RAG Project Stru

RAG Projec'c Structure - Example
rrng,proJed;/ e B

README.md - Project description, setup guide,

— B README.md @
[ e how to run, architecture.
= ® .env [B) requirements.txt ~ List of all Python dependencies.
— © .gitignore
= im,?s el @ e - Stores APT keys and sensitive
S information (not pushed to GitHub).
— B sre
-~ .gitignore - Tells Git what files ffolders to ignore.
£ ingestion/ gitig 9
@ —init—.py config.yam| ~ Configuration file for models,
@ loader.py chunk size, DB settings, etc.
|- 03 chunking/
@ _init_.py [3 ingestion/ = Load data from PDFs, CSVs,
@ chunker.py websites, etc
o g“‘“:g‘/ . B3 chunking/ - Split text into small chunks.
@ embedder.py [ embeddings/ — Convert text chunks into embeddings.
02 vectords/ st/ i
@& _init_.py 3 vectords/  — Handle vector database operations
@ vector_store.py (ChromaDB, Pinecone, FAISS).
o trieval,
fin . e " [ retrieval/  — Retrieve relevant chunks using
@ reltieriny similarity search.
— 03 prompts/ [3 prompts/  — Store prompt templates.
@ _init—.py
@ prompt_templates.py B lim/ - Handle LLM calls (OpenAI, Claude,
3 lim/ Gemini, etc.).
g s fva B api/ ~ APT endpoints (FastAPI / Flask).
0 api/ ; B3 utils/ = Helper functions and
t® ;;:(‘;;1” common utilities.
— 00 utils/
t? —init_py tests/ = Unit tests and integration tests
B helpers.py
— tge::"_n" N & logs/ = Log files for debugging and monitoring
L— B3 logs/ B e o Hm e ok e




LangChain Concepts

-9 LANGCHAIN CONCEPTS oevetors stouo xiow
(ORN @ rromrrs B cuams

Template

[ e o gt |
based o comtert. | >

i Po—— Tt ol Outpr
(Ot i) + Chains combine mulpe conponents
+ LangChain supprts many LLM providers. « Crene dynamic and rvsable prompt tmplaes. (LLM, Prompt, Memory, Tools etc.)
+ Swop models ensly with o ifid inerfce. « Intert variables and formet mastages sy + Exacut @ sguence of shps to gt th rest,
" e any LLM with the same code ] [ s merge rd r o ‘ Q). Combine components in sequence
" using LangChain abstractions. L[ efficently. ) o sobe complex taks

Agent

+ Store and recal past interactions. |+ Give LLMs accee to external copabiiti. « Agents decid vhat o do and which focs fo ues.
+ Provide context acros muliple turns « Toos can be APLs, functions o custom logc + Enable autonomous and intligent workflows

0 Memery enables convrsatioal \
oppcations J-u

V. Tools extend LLMs beyond their ! [0 Agents use reasoning + tools to get
T e e ¥ ;

(@) DOCUMENT LoADERS . TEXT SPLITERS © remevers

@n@@gﬁ

4

+ Load data from mltple sources « Inprove retrieval accuracy and reduce token sze. |

+ Comet ik 4 ovmen documnk st ~ 5
— h Better chunks lead 4o better
([ Lowt ary detn, from e h 3 o Retrieve the right context for LLMs.

; Use Aol + memory B e, | “@7 Ba

i o buid intligent | . H x.,.w. |

( o ; LangChain helps Conbine
(3 Tuay | @ i tin o amprrts
‘ = S o5

.. effortissy




LangChain Prompt Concepts

= 9 LangChain PROMPT CONCEPTS 2,

@ oRoMpT TEMPLATE  (2) AT PROMPT TEMPLATE. (3 MESSAGES PLACEHOLDER

{ Hllo {rane), |
B i | How can I hlp |

Template
(String)

f System Mm.,. 4 ’
{ Messages |
=L L f =5
® f Haran Mesage | @ Placsholder | @
Input hat N ! :
4 (AT Message (0pt) Pmmp‘ Mistory b }

SN Crene reusable string emplates with Bilds chat prompts with strctured [ Paccholder for o st of messges. |
@ variables. Fillin voluss at runtime to messages (system, haman, Al) for Dynarically inject conversation history

generate prompts chat models.

into the prompt.

(@) Fe-sHoT PROMPTING (®)  EuampLE SELECTOR (®  aRTIAL PROMPT

Task
Description

. Provide a few examples in the prompt Dynamically selects the most relevant Pre-fll some variables in a prompt
@ to guide the LLM towards the desired examples from a posl based on the ahead of time to create a reusable

Selected
Examples

cutput format and behavor current inpat. partal template.

@ pRoMeT coMpoSITON (®  orower HuB (@ otavic PRoMPTING
(oplsem ~ 9
Final

User 4
(B )

Combine mltiple prompt components Discover, version and reuse prompts
les, (b




LangGraph Concepts

%A, © LANGGRAPH CONCEPTS oeveorts sious on
9 EDGES

@ State s the memory that flows .“@C :“ s bbby Vs, you ol ‘.‘ Y. Edges define the flow bebueen node.
- S Each e performs o task (UM, Fcton, - :
through your groph. e k(UL e They seckde et s

o CONDITIONAL EDGES 9 TOOLS INTEGRATION 0 MEMORY CHECKPOINTING
,7\ - N.aA

Q Soordh 3 o
4) N.a 3 N...a = f=
retry @ Caleultor | ; u #-MJ

:..n..\_) u..a.c

‘@ mmw.ﬂm.mmw‘ {;'wawm,‘mm«m;} {@ Save state at important steps and restore }

sing condins o fucirs * LM decides vhen to col @ oo o any checkpoin if neded.

@ Homa-n-Th-Loop © smeamne © cren comvosron
.a.a e @ i (S| (oapmn | [
0\0/3 0\0)3 = CKO/O

ity

@) Pouse cxcton for unon inp. o approvel . Stream token-level or event-level autputs Compose subgraphs to buld comples,
0 before continuing the graph. W for real-time responses and better UX. modular and reusable workflows.




Appendix B

Anthropic Claude



Anthropic Claude

HOW TO USE CLAUDE?

(THE RIGHT WAY)

() Claude.ai
k, write, research, and
brainstorm anything.

« Works step-by:step for deeper
answers o

+ Build apps and automate
workflows

and drafts
BEST FOR:

BEST FOR:

« Integrate C tools
BEST FOR:
« Develoy

3 Artifacts

. Cveal.e tools, dashboards, and
outs

- Editand downoad instanty

BEST FOR:

. Pum(il, non-text deliverables

(@ Claudein Chrome

*
Claude

BY ANTHROP\C

foryou
« Completes tasks across pages

BEST FOR:
» Researchers and strategists

E

+ Connect Slack, Dive, Notion,
and more
« Search everything inside chat

BEST FOR:
» Cross:platform teams

« Keep tone and workfiows
consistent

FOR:
« Ongoing and repeat work

255 Cowork

3 Works decly it o s
tes docs, sheet

BEST FOR:
+ Opsteams and assistants

Claude Code
« Write, tests, and improves
code
* Helps ship faster with lss effot

BESTFOR:
+ Developers and founders

[ Projects
« Store files and instructions once
* Coninue ok seamessly

BEST FOR:
+ Marketing and brand teams



Anthropic Claude

000
HOW CLAUDE CODE WORKS
1 2 & 4 5 q
& 4°
¥ - 2 :
| </> Q &5




Anthropic Claude

How to (actually) setup %lé Claude

The 4-file setup that tums 4-hour tasks into one instruction.  charliehills.substack.com

Context
~/cLAUE na

you work. Read before every chat.
4) Run /init to draft your first CLAUDE ad .
2 Add brand, voice, and workflow rules.
3) Dropa project CLAUDE.ad in every folder
4 Update the brief when Claude misses.

Memory

osory /MENORY .ad

thisas it
preference,or rule saves here forever

Tell Claude to remember a rule o preference.

Each memory saves as its own .nd  file.

Wire MCP to pull from NotebookL, Granola, inbox.

Memory auto-loads in every new session.

Skills
i11s/{nane} /SKILL .nd

Walk through a process once. Claude packages it into a reusable on
line worlkfiow you can fire from any chat.

Tell Claude in plain English what the skill does.
2. Claude scaffolds SKILL.xd and the folder.
3 Wire MCP connectors: Notion, Gmail Drive.
4

Fire from any chat with /{nane}

Agents
claude/agents/{rate)..ma

Each agent is an employse with one job. Ppelines hand them offin
sequence,no human in the middie

Deseribe the specialist you need in plain English.

-

Claude writes the agent file with prompt + model,

Opus to analyse or judge, Sonnet to execute.

S

Chain agents into a pipeline. Run QA cold.

eve -/came.ng
4 CLADE.nd

8 ¥orkFlow Orchestration
PLan first for any 5o step task.
Stop and re-plan if off track.

#55ubagent Strateay
Use then Liberatly.
tne task per subagent.

“1.claude/ .. enory/
* chartie-content-bible.nd
* chartie-claude-saster.nd
* chartie-claude-voice.nd
* design.
* brand-guide.nd

* notebookin-source. nd
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