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Definition of Transformers

Transformer models (2017) are neural networks that use a
technique called self-attention to take into account the context of
elements in a sequence, not just the elements themselves.

Benefits:

This ability makes transformers ideal for:
@ Analyzing sentences/paragraphs of text, and
@ Translating languages and understanding complex sentences.
e Computer vision (image classification, object detection, vision
transformers).
@ Speech recognition, transcription, voice assistants.

@ Recommendation systems.
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Definition of Transformers

Transformer Model:

Output

Encoder

Transformer layer Transformer layer*

Transformer layer Transformer layer*®

Decoder

Input

Encoders compute compute meaningful embeddings of the input.
Decoders then predict the next token in the sequence.
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Definition of Transformers

Transformer Neural Networks:

Hola cémo estas ?  [PAD]

I

———

S

Decoder

Encoder

Context Vector

Hello how are you ?
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Types of Transformer Model

Encoder-Only: (e.g., BERT).

o ldeal for understanding text, classification, embeddings.

Decoder-Only: (e.g., GPT).
@ Task support includes text generation, conversation, creative
writing.

Encoder-Decoder: (e.g., T5).

@ Focus on translation, summarization and sequence tasks.
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Transformer Mechanisms

Self-Attention

In self-attention, each word looks at every other word to
understand its context and importance.

.

Multi-Head Attention

Multi-head attention mechanisms learn different relationships
(syntax, meaning, position).

.
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Transformer Models

HOW IT WORKS (STEP BY STEP) TRANSFORMER ARCHITECTURE KEY COMPONENTS

@ Input Embedding ENCODER gsnc:r’a':f"‘) Self-Attention
+ Positional Encoding (Understanding) g Calculates how much
Words are converted into focus each word
vectors and positional should pay to others.
information s added to
understand order.
Multi-Head Attention
© seit-Attention Allows the model to
Each word looks at every capture different types
ot 6 esdscatand of relationships.
Feedforward Network

Adds non-linearity
and enhances the
representations.

© Multi-Head Attention
Maltiple atention heads
leamn different i
(syntax, meaning, position).

Residual Connection
Helps training deep
networks by avoiding
gradient vanishing.

o Feedforward Network
Refines the information
with fully connected
layers and non-linearity.

Layer Normalization
Stabilizes and speeds

0 ?hu‘w:: o up the training
e model produces process.
predictions or generates
new sequences. it Sasency Output Sequence Positional Encoding

(Shifted Right) Adds position info since
transformers process
in parallel.
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Transformer Models

TRANSFORMERS vs TRADITIONAL MODELS TYPES OF TRANSFORMER MODELS
FEATURE RNN / LSTM ‘ TRANSFORMER :

| 3 5 ‘ ENCODER-ONLY Great for understanding

L Processing Sequential Parallel (e, BERT) text, classification,

| | 9., "
‘embeddings.

[ G Speed Slow ‘ Fast
‘ é) Wi Weak | Stiong DECODER-ONLY Great for l_ext gener‘ation,
t | | (e‘g.. GPT) cor‘lyersatlon, creative
|l Scatabitiy Limited [ High writing.

@ Context Awareness Limited ‘ Global A \  ENCODER-DECODER  Great for translation,
! { | ( §*§ ) (eg., T5) summarization, and

A2 Training Efficiency Low High &l 4 e sequence tasks.

REAL-WORLD APPLICATIONS = ™)

o $ =

NLP 'COMPUTER VISION i SPEECH RECOMMENDATION CODE & DATA
Translation, Chatbots, ©  Image Classification, |  Speech Recognition, SYSTEMS Code Generation,

Summarization, i Object Detection, i pti i i Bug Detection,

Sentiment Analysis Vision Transformers H Voice Assistants User Behavior Modeling Data Analysis

WHY TRANSFORMERS REVOLUTIONIZED Al

PROCESSING e CoueT SCALABILITY ThANerER
Trains faster and Coptures long arigs {] :mm :;mim-!y Sy i :'r:::::::-s text,
handles more data dependencies with datasets e code sndm

ease.

efficiently many tasks.
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BERT Models

VVHAT IS BERT? WHY BERT IS A BREAKTHROUGH REAL-WORLD APPLICATIONS

Search Engines
Understands user intent and
context for better search results.

Processing
Tt understands the full context of a word by

Chatbots & Virtual Assistants

: 3 Enables natural conversations
« He deposited money in the bank.
> Financial Institution ] socs oy

« She sat near the river bank.
> Riverside

@ Understanding Ambiguity Sentiment Analysis
Analyzes emotions in reviews,
EMective feadback and social media.
BERT ndorstands thecontxtand L | il
distinguishes the correct meaning. S

& FieTuning Question Answering

passages and documents.
HOW BERT WORKS
BERT reads the entire sentence at once Named Entity Recognition

Identifies people, organizations,
locations, dates and more.

).
ke ....au.-:m.nm'-m Language Translation
R (ot i St

‘and understands relationships between
all words.

S s
et bt o o
S P 'BERT uses special tokens:

7o b o T

e | ——

PRE-TRAINING TASKS

() Mesked Language Modeling (MLM)
Random words are masked and BERT
precicts the missing words.

Example:
The cat sat on the [MASK].

[SEP] | Separates sentences
Represents a word that
[mask] |

Example:

[CLS] Whatis BERT? [SEP]
Prediction: mat

‘The output of [CLS] token is commonly

e Next Sentence Prediction (NSP) used for classification tasks.
BERT prodicts whether the next sentance
o kst BERT MODEL SIZES
Example

Sentence A: She went to the ibrary.
Sentence B: She borrowed a book.

o
Prediction: IsNext (Yes) e B @, ©‘ BeRTBse 2 768 12 | momien
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BERT Models

BERT vs GPT

Training Direction | Bidirectional Leto-right
| Bestror Understanding Generation

I

| npplcations | Clossfcaton, QA | Tent Ganaration,

NER, Sentiment Anatysis ~ Sammarization, Chatbots.

BERT VARIANTS BERT ADVANTAGES PYTHON EXAMPLE (Hugging Face)

import BertModel

hwm l rt torch

0 Hogh accuracy on NP benchmarks -
Smaller, faster and o # Load tokenizer and lnd!l

tokenizer

o many ve: D
ENSRS MO model = BertHodel. from pertained(
e e ‘Battar semantic understanding *bert-base-uncased’ )
Designad for blomedicst # Input text |
e text = "BERT is \nnsnm-ng .

| 8 & Tokenize inp

A inputs = =mmnr(!m. return_tensors="pt')

) High memory usage

IMPACT ON SEO & DIGITAL MARKETING THE FUTURE OF BERT & NLP € Sewinteronce

/J soarch quaries beteer; leading
results.

to smarter search
seo Shﬂ.

© FromKeyword Sudfing —» To User intent

- T
o -+

BERT revoluti
It remains a foundation of modern Al and continues shaping the future of intelligent applications.

| €3 Umited input sequence length
A Muttimodal Understanding

* Real-time & Context-aware Al

¥ Generate eabeddings
outputs = model(**inputs)

print(outputs.last_hidden_state.shape)

This code loads a pre-trained BERT model and
generates contextual embeddings for the text.
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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.

Examples of LLM Frameworks:
o OpenAl: GPT-4, GPT 5-5.
@ Google: BERT and PalLM,
@ Meta: LLaMA.9.
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Types of LLM (by Function)

Type | Example Purpose
R o [
e | e g

i ini ; Text + Image/Audio/Video
Multimodal 4 Gemini < Flamingo pr‘ogessing
Instruction-Tuned [ ?ﬁ;" @ Alpaca Better az:igrl:‘ﬂn\;r:‘z:ﬁh user

| Mixtral

MoE (Sparse)

Activates select expert
layers per input

qFﬁf’AuToGPT @ CrewAL

Agentic Models

Combine tools, reasoning, and
planning

Small Language ﬂ TinyLLaMA

BNy ;
Models (SLMs) |kl

Efficient inference on limited
compute

Source: LLM cheatsheet.
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LLM Workflows

Source: LLM cheatsheet.

L9 & O — &
—_ =5 — v —_—
Pretraining Fine-Tuning Evaluation  Deployment
e 32,
Prompt Tokenize Attention  Generate Decode
RAG L -6 - 6 - g .
User Query Embed Retrieve Rerank Generate
q e S
Agents © — © — % \"?} —> \C,
Goal Task Detompose Tool Use ~ Memory Update Output
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Top Open-Source LLMs (2025)

LLaMA 3 (Meta) - DeepSeek / DeepSeek-
7N} General-purpose, state- & Coder - Code generation

of-the-art and reasoning
. Mistral / Mixtral - o OpenChat / Zephyr /
h Sparse MoE, strong - NeuralBeagle - Instruction-

open competitor tuned, RLHF-aligned
Gemma (Google) - Phi-3 (Microsoft) -

» Lightweight, powerful, Efficient small model for
fine-tuning friendly edge inference

Source: LLM cheatsheet.



Definition of Transformers and Large Language Models (LLMs)

000000000000 00e000

LLM Applications

Text Processing Pipeline:

Input

Process

Extract

—

h_final

Classify
—>

Prediction

Positive: 0.12

Negative: 0.88
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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:
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LLM Weaknesses

Weaknesses:
@ No Persistent Memory.
@ No Reasoning Ability.
@ Limited Planning.



Computational

Foundations



Computational Foundations
0e0000000

Tokenization




Tokenization

Computational Foundations
[e]e] lelelele]ele)

Type

Pros

Cons

Illustration

‘Word

o Easy to interpret
e Short sequence

o Large vocabulary size
e Word variations not handled

Subword

¢ Word roots leveraged
o Intuitive embeddings

o Increased sequence length
o Tokenization more complex

Character

Byte

e No out-of-vocabulary
concerns

e Small vocabulary size

e Much longer sequence length
o Patterns hard to interpret
because too low-level
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Embeddings

Embedding

An embedding is a numerical representation of an element (e.g.,
token, sentence) that is characterized by vector x € R".
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Token Embeddings

One-hot Encodings:
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Token Embeddings

Continuous Encodings:
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Document Embeddings
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Embedding Operations

Similarity:
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Embedding Operations

Dimension Reduction:
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Transformer Definition

A transformer model uses self-attention mechanisms and a
composition of encoders and decoders to generate token-aware,
position-aware, and context-aware embeddings.

est)
t

t
1
-

imy!{teddy bear i | i
en-Us fr-FR
= (0|
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Transformer Definition

Encoders compute compute meaningful embeddings of the input.
Decoders then predict the next token in the sequence.

Encoder Decoder
Encoded embeddings encapsulate meaning  Decoded embeddings encapsulate meaning
of input of both input and output predicted so far

N

. 9

| Feed-Forward Neural Network |

@
( 5,7
‘ Feed-Forward Neural Network |
| Cross-Attention |
é - Value Key Query

‘ Self-Attention |
T Value Key T Query

-

| Masked Self-Attention |
TValue Key TQuery
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Step-by-Step Procedure

Read input.

Tokenizer (process input tokens in parallel — compute-bound).
Embedding layer.

Transformer Block (multi-head self attention; KV cache).

Linear and softmax transformations (estimate logits and
probabilities over vocabulary).

Sampling strategy (e.g., greedy, top-K tokens, sample from
cumulative probability threshold)..

Speculative decoding (speed trick).
Detokenizer (generate tokens one-by-one).

Stream output (to end user).
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Step-by-Step Procedure

@ INPUT 8 What is gravity?
Prefill phase:

{
@) TokEMIZER  Tokens [wiet] [ ] process all input

Token IDs [2601, 318, 2¢l10, 879, 30] &— tokens in parallel

4
© fffffm"ﬁ E:::::ngs LijL‘T—‘DJ;I]L z l—l—_]

[compurkbnmd)

Embedding [ :- drodel = 40%
Pt o= Himieaioral Bk &
(seqlen = dmadet) | 12 11 i ecode phase
l' i generate one
token at a time
@ TowsFoRMer [y ad sa;-Amnnm G | et e
BLoCK ! (memory - bound )
Q Attention Scores L (per layer)
(xN Enyers) Time

5 1 h o hoh ;
=5 «HEB [: e
mM
(a4 ) (o L EEHEY | Wik
l snﬁnm ([:—,:,- )V | stores previous K,V linearly with

pairs — avoids
| recomputation

sequence length —
main memory

€ bottleneck

wol L ] | 00 | ememEs
N (d 55 % i)

- - FlashAtention

O ‘! Add & :nErNorm fuses atention

y ops fo reduce
& %9 layers in GPT-4 class models HBM read
M reads
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Step-by-Step Procedure

()| _Add & Layerlorm | J ruses e

to it
1 b lagers in GPT-4 dss models ;Pg M mj 4
L reads
() Lineag+ sormax —— Lo Frbabit
BT agits Sk babilfes ovr vocabulary
M — eab ‘size = .
( H“'d) (4 et * 128K) b aK —% e e g
oo v
Pn X Quantization:
4 1 128K 1 WK INT8/INT4
WP oo ST us) (T ]2 vei
® amruns Greedy TopK | [TopP (N Temperature | i rzdf
STRATEGY | pick v!rw ‘ :'""F;vf";"' ngle fom || conirols rundomnass | ! i
op K fokens comlative i
‘ quhh.hff | T8 defvrmnistc
H |  Horeshold PATSE SO
. (B0 0ai .. [ a2 |
@ SPECULATIVE Drwrﬁ“‘ﬂ:&iﬁj::l) Lige B (o) % BB s s
nerad verifies in paraliel nera 1
e it | B () G (e
_ Sfrur.fur;/Tué

5 L JnJaH:n‘)\
[ . "
3 -WL'}M‘_ w::n rux.u | a0 s siE 25 ”M
%0 M 3\3 25¢ prralsl ACCEPT ACCEPT REJECT REJECT
® Derorentzer ke 106 mo ) () G (35 (o) (5] [m N

Text Gmﬂy ?s ﬂ Fund-udnl fme Ihd

= Core Compuiation
= Notes / Annatations

— Coching / Mewory

A Models, / Components
STREAMING  Tukens appear ane by ane o the user :
OuTPuT

SR,
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Attention (part02)
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Multi-Head Attention
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Transformer Architecture
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Encoder/Decoder Components
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Variants (Encoder Only)

Bidirectional Encoder Repr from Transformers (BERT)
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Variants (Decoder Only)

Generative Pre-trained Transformer (GPT)
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Definition
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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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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.

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).

. -

€ Date L

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

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

(( Coin Flip (state tracking)

Q: 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

_J

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




Large Language Mo
[ee]e]e]elelelele] lelele]

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.)

e 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.)

e 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:

@ 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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Technique 1: 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.



Technique 1: LLM-as-a-Judge

Evaluation Metrics/Criteria:

LLM Test Case

- Input
- LLM Output

- Retrieval Context
- etc.

(arguments from LLM

-~
LLM Evaluation Metric
5 LLM Judge Scorer Passes threshold?
(&
v VL v
Score Reason Metric

(optional) @ Passed/X Failed




Technique 1: 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?

@ Bias: Was the answer balanced, or did some skew creep in?

@ Correctness: Was the answer accurate start to finish?
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Single-Turn LLM-as-a-Judge

5 LLM-as-a-Judge

Single-Turn Interaction

a : What day is it today? : "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
B [ > the conversation is"
; : Can't you search the web?

. @ :1t's deprecated...

Verdict Score

0

Verdict Score

a
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Single-Output LLM as a Judge:

Single LLM Interaction

\
Input W

Single-Output
LLM-as-a-Judge

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

Evaluation Prompt:

Output: foutput}

Single-Output LLM-as-a-Judge

e

LLM Judge Verdict

Score: 3

Reason: The output answers the input

without any omission of detail




Technique 1: 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' "




Technique 1: 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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G-Eval Algorithm:

Task Introduction

You will be given one summary written for a news
article. Your task is to rate the summary on one
metric e

Evaluation Criteria

Coherence (1-5) - the collective quality of all
sentences. We align this dimension with the DUC
qua/rty question of structure and coherence **+++*

Evaluation Steps

1. Read the news article carefully and identify the
'main topic and key points.

2. Read the summary and compare it to the news
article. Check if the summary covers the main topic
and key points of the news article, and if it presents
them in a clear and logical order.

3, Assign a score for coherence on a scale of 1 to
10, where 1s the lowest and 5 is the highest based
on the Evaluation Criteria.

Auto
CoT

G-Eval algorithm

Input Context

Article: Paul Merson has restarted his row with
Andros Townsend after the Tottenham midfielder
was brought on with only seven minutes remaining
in his team 's 0-0 draw with Burnley on -

Input Target

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

Evaluation Form (scores ONLY):

Vv

- Coherence:

G-Eval
6 -
1 2 3 a 5

- T
Weighted Summed Score: 2.59
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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.



Technique 2: 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.
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