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Welcome!

My name is Sinan Ozdemir ( in/sinan-ozdemir + @prof_oz )

- Current founder of Loop Genius (using AI to help entrepreneurs get 
their first 100 customers)

- Current lecturer for O’Reilly and Pearson
- Founder of Kylie.ai (Funded by OpenAI Founder + Acquired) 
- Masters in Theoretical Math from Johns Hopkins
- Former lecturer of Data Science at Johns Hopkins

Author of ML textbooks and online series, including 
- The Principles of Data Science
- Introduction to Transformer Models for NLP
- Quick Start Guide to LLMs (Top 10 in NLP on Amazon)

http://amazon.com/Principles-Data-Science-Sinan-Ozdemir/dp/1785887912
https://www.oreilly.com/videos/introduction-to-transformer/9780137923717/
https://www.amazon.com/Quick-Start-Guide-Language-Models/dp/0138199191
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Large Language Models (LLMs) 
and Generative Pre-trained 
Transformers (GPT)
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Brief History of Modern NLP

2001
Neural Language 

Models

Bengio et al. https://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf
Mikolov et al. https://arxiv.org/abs/1301.3781
Xu et al. http://proceedings.mlr.press/v37/xuc15.pdf
https://papers.nips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf

2013
encoding semantic 

meaning with 
Word2vec

2014 - 2017 
Seq2seq + 
Attention

2017 - Present
Transformers + Large 

Language Models

https://www.jmlr.org/papers/volume3/bengio03a/bengio03a.pdf
https://arxiv.org/abs/1301.3781
http://proceedings.mlr.press/v37/xuc15.pdf
https://papers.nips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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2017 – Transformers

“Attention is all you need”

• Introduced the Transformer 
architecture

• A sequence to sequence model 
(takes text in and writes text back)

• The parent model of GPT3, BERT, 
T5, and many more

Source: 
https://papers.nips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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Language Models

Consider the following example:

If you don’t   ___   at the sign, you will get a ticket.
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Language Models

Consider the following example:

If you don’t   ___   at the sign, you will get a ticket.

95%

5%
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Language Models

In a language modeling task, a model is trained 
to predict a missing word in a sequence of words. 

In general, there are two types of language 
models:

• Auto-regressive

• Auto-encoding
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Auto-__ Language Models

Auto-regressive Models

Predict a future token (word) 
given either the past tokens 
or the future tokens but not 
both.

Auto-encoding Models

Learn representations of the 
entire sequence by predicting 
tokens given both the past 
and future tokens.

If you don’t ___ (forward prediction) If you don’t ___ at the sign, you will get a ticket.
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Auto-Regressive Use Case – word suggest

If you don’t ....

mind, want, have
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Auto-__ Language Model Use Cases

Auto-regressive Models

1. Predicting next word  in a 
sentence (auto-complete)

2. Natural Language 
Generation (NLG)

3. GPT Family

Auto-encoding Models

1. Comprehensive 
understanding and 
encoding of entire 
sequences of tokens

2. Natural Language 
Understanding (NLU)

3. BERT Family
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Auto-__ Language Model Use Cases

Auto-regressive Models

Great at writing-based tasks:

- Summarizations

- Planning

- Brainstorming

- The “Generation” part of 
Retrieval Augmented 
Generation

Auto-encoding Models

Great at reading 
comprehension tasks at scale:

- Classification

- Embeddings (e.g. for 
clustering)

- The “Retrieval” part of 
Retrieval Augmented 
Generation
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• Large language models (LLMs) are language models with 

many parameters (generally 100M +) that are pre-trained on 
large corpora to process and generate natural language text for 
a wide variety of tasks. Includes BERT, GPT, T5, and many more

• Massively large language models (like GPT-3) have billions of 
parameters and are pre-trained on much larger datasets

• Large language models can perform a wide range of language 
tasks, such as translation, summarization, and question 
answering off the shelf

Large Language Models
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Pretrained Language Models

Source Peters et al. https://arxiv.org/abs/1802.05365

LLMs start to outperform 
traditional approaches 
(RNN/CNN) in 2018
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BERT

Bi-directional Encoder Representation from Transformers

Developed by Google in 2018, BERT was one of the first large 
language models based on the Transformer - specifically on the 
encoder. It excels at Natural Language Understanding (NLU) 
tasks like sequence/token classification and semantic search

Auto-encoding 
Language 

Model Uses only the 
Encoder from the 

Transformer

Relying on 
attention

The encoder is 
taken from the 

Transformer 
architecture
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Pre-training BERT – Corpus

English Wikipedia (2.5B words)
https://en.wikipedia.org/wiki/English_Wikipedia

BookCorpus (800M words)
huggingface.co/datasets/bookcorpus
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T5

Text to Text Transfer Transformer

Developed by Google in 2020, T5 is a pure Transformer (both 
encoder and decoder) and can both process text quickly and 
generate free text making it one of the first models to tout the 
ability to solve multiple NLP problems out of the box

A sequence to 
sequence model 
and a fifth “t”!

Relying on 
transfer 
learning

A pure 
transformer 

using both the 
encoder and 

decoder
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Pre-training T5

Common crawl web extracted text (commoncrawl.org)

Source: https://arxiv.org/pdf/1910.10683.pdf
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GPT

Generative Pre-trained Transformers

Developed by OpenAI in 2018, GPT relies on the Transformer’s 
decoder to excel at Natural Language Generation (NLG) tasks 
like summarization, creative writing, and much more

Auto-regressive 
Language 

Model
decoders are 

trained on 
huge corpora 

of data

The decoder is 
taken from the 

Transformer 
architecture
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It’s about Family

GPT refers to a family of models.

GPT-1 released in 2018 - .117B params

GPT-2 released in 2019 - 1.5B params

GPT-3 released in 2020 - 175B params

GPT-3.5 + ChatGPT released in 2022 - included reinforcement learning 
for alignment

GPT-4 in 2023 has a rumored > 1T parameters
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Pre-training GPT

GPT-2 is pre-trained on the auto-regressive language model 
task using WebText (40 Gigabytes of text)

GPT-3 was pre-trained on 45TB of text including WebText2, 
CommonCrawl, and more!

Sources: GPT2 paper: 
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
GPT3 paper: https://arxiv.org/abs/2005.14165

“We scraped all outbound links from Reddit ... which received at 
least 3 karma ... [resulting in] 45 million links”

https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/abs/2005.14165
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LLaMA 2

Large Language Model Meta AI

Initially developed by Meta in 2023, LLaMA is one of the more 
capable open-source LLMs. The family of models was trained 
similarly to GPT models but can be hosted locally and with 
custom infrastructure to save on costs.

An open-source 
LLM

The company 
that made 

LLaMA
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LLaMA 2

Source: https://ai.meta.com/resources/models-and-libraries/llama/

LLaMA 2 was trained on instruction data (“Supervised fine-tuning”) and aligned 
using RLHF (“Human Preferences”) just like how modern GPT models are.
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Pre-training LLaMA 2 – Corpus

Meta claims LlaMA 2 was trained on “2 trillion tokens” of data but 
the paper never specifies exactly what data it was trained on, just 
that it was from the “web, mostly in English”.

This speaks to the biases found in LLMs and may also speak to the 
legal controversies surrounding data used to train LLMs.

Anyone who wants to use LLMs commercially or even 
privately should be aware of how their models were trained 
and if they were trained ethically and fairly.
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Using LLMs

We can use LLMs in (generally) three ways:

1. Encode text into semantic vectors with little/no fine-tuning
a. Eg. Creating an information retrieval system using BERT vectors

2. Fine-tune a pre-trained LLM to perform a very specific task using 
Transfer Learning
a. Eg. Fine-tuning BERT to classify sequences with labels

3. Ask an LLM to solve a task it was pre-trained to solve or could intuit
a. Eg. Prompting GPT3 to write a blog post
b. Eg. Prompting T5 to perform language translation
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Encoding Ebay’s Recommendations with BERT

Ebay uses BERT to generate 
more relevant 
recommendations than 
traditional search techniques

Source: 
https://tech.ebayinc.com/engineering/how-ebay-created-a-language-model-with-three-billio
n-item-titles

https://tech.ebayinc.com/engineering/how-ebay-created-a-language-model-with-three-billion-item-titles
https://tech.ebayinc.com/engineering/how-ebay-created-a-language-model-with-three-billion-item-titles
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Transfer Learning

Transfer Learning - A model trained for one task is reused 
as the starting point for a model for a second task.

1. Select a source model from a repository of models (like 
Huggingface)

2. Reuse and train the model for a second task using 
task-specific data
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Transfer Learning

Source Model

Eg. BERT for NLP or the 
Vision Transformer for 

images

Pre-train on a 
self-supervised 

task to teach the 
model a general 

concept (like 
language)

Downstream task 1
Eg. sequence classification

Downstream task 2
Eg. question/answering

Downstream task 3
Eg. token classification

...
Fine-tune model on 
task/domain specific 

supervised task
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Transfer Learning with BERT

Pre-trained 
BERT

Additional 
Task Layers

Training 
data for 
second 

task
Selecting a source model

Reusing and training model
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Massive language models like GPT3 and ChatGPT 
cannot run on anyone’s personal machine. They are 
instead available via Playgrounds and APIs

• Playgrounds are graphical interfaces to play with 
and iterate on inputs to the model

• APIs are programmatic interfaces to the LLM

Massive LLM Playgrounds
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Tradeoffs Between Different LLMs

• Auto-encoding models like BERT are fast at encoding 
semantic meaning for Understanding tasks but 
cannot generate free text

• Auto-regressive (aka causal) models like GPT are 
slower to process text but can generate accurate and 
powerful free text for Generating tasks

• Combination models like T5 can both encode quickly 
and generate text but generally require more data to 
train
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GPT-3’s Playground

Write the input to the model here
(your prompt)

Tweak inference parameters
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Using the ChatGPT Playground

Source: ChatGPT Playground

Write an instruction to the LLM, and see the response

LLM Response

Prompt
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Prompt Engineering
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Prompt Engineering LLMs

Prompt Engineering - The process of carefully 
designing inputs for massively large language models 
like GPT-3 and ChatGPT to guide them to produce 
relevant and coherent outputs

Many AI researchers consider prompt engineering a 
“bug” in AI and that it will go away in the next few years
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A prompt for GPT-3 to reply to an email

Source: OpenAI Playground

Defining a persona/style:
“match their energy”

Clearly stating what you want:
“reply with interest”

A specific and useful output
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Just Ask

The Just Ask Principle - Most LLMs are great at 
processing and reasoning through tasks if you just 
ask the LLM to solve a task with clear instructions
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A prompt for GPT-3 to reply to an email

Source: OpenAI Playground

JUST ASK

A specific and useful output
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Just Ask
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Ask First, Shoot Later

Remember attention and how LLMs predict? They 
predict one token/word at a time. 

That means that order matters - put your 
instruction FIRST and context SECOND so that when 
the LLM reads the context, it has already read the 
instruction and is “thinking” about the task the 
whole time.
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GPT-4 writing a google sheets formula

Source: OpenAI Playground

Structure the output so 
it’s more consistent

Giving examples to follow + 
context of a sheet. System 
comes before User
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Just asking LLMs
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When Just asking is not enough

We cannot rely on 
an LLM’s ability to 
“just know 
something”

Updates to LLMs 
may lead to 
knowledge 
degradation.

Often this is by 
design...

Source: 
https://arxiv.org/pdf/2307.09009.pdf
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Swings in Performance in Closed-sourced LLMs
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Reasoning vs Thinking

• Think of LLMs as “reasoning machines” vs 
“thinking machines”.

• LLMs excel at tasks that require reasoning - 
using context and input information in 
conjunction to produce a nuanced answer
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Few-shot learning / in-context learning

Few-shot learning - Giving an LLM examples of a 
task being solved to teach the LLM how to reason 
through a problem and also to format the answer in 
a desired format 
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Pre-training GPT - How Few-shot works

Source: OpenAI

GPT-3 paper’s title 
called out Few-shot 
learning as a primary 
source of in-context 
learning - on the job 
training for an LLM
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Pre-training GPT - How Few-shot works

Source: 
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_mult
itask_learners.pdf
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Few-shot Learning with GPT-3

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir

Given a description of a 
book output:

a. “yes” if the 
description is 
subjective or

b. “no” if the 
description is 
objective
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Few-shot Learning with GPT-3

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir

“The book was about WWII”
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Few-shot Learning with GPT-3

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir

“The book was not amazing”
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Few-shot Learning with GPT-2
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Prompt Chaining

Prompt Chaining involves using multiple calls to an 
LLM to reason through more complex tasks



Click to edit Master title style
Prompt Chaining

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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Prompt Chaining

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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Prompt Chaining Example 2

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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Chain of Thought Prompting

Chain of Thought Prompt forces an LLM to 
generate a reasoning for an answer alongside an 
answer. This usually leads to better/more actionable 
results.
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Chain of Thought Prompting

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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ChatGPT vs Math - Chain of Thought

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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ChatGPT vs Math - Few-shot

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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ChatGPT vs Math - Few-shot

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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ChatGPT vs Math - Combo of techniques

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir

Prompt Variant ChatGPT DaVinci

Closest K=3
(CoT) 0.816 0.602

Closest K=5
(CoT) 0.788 0.601

Closest K=7
(CoT) 0.774 0.574

Random K=3
(CoT) 0.744 0.585

Closest K=1
(CoT) 0.709 0.519

Just Ask
(with CoT) 0.628 0.382

Closest K=3
(no CoT) 0.27 0.18

Just Ask
(no CoT) 0.2 0.09

Chain of Thought + 3 closest semantic examples
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Personas

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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Prompt Injection

Addressing malicious attacks on LLMs

Prompt Injection - Feeding a prompt to an LLM to guide an 
unintended output

Malicious Prompt Injection attack 
intending to steal proprietary prompts

Source: Riley Goodside. twitter.com/goodside
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Text Generation with LLMs
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How GPT predicts in real-time (inference)

Source: https://jalammar.github.io/illustrated-gpt2/

Next token 
predictions 
happen one 
token at a 
time
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Parameters for generating text

temperature (float) - Lower (below 1) makes the model more 
confident and less random. Higher values make generated 
text more random.

top_k (int) - How many tokens it considers when generating. 
0 to deactivate

top_p (float) - only considers tokens from the top X% of 
confidences

beams (int) - How many tokens out should we consider
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Normal “Greedy” Search
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Lookahead “Beam” Search
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Temperature

Source: https://huggingface.co/blog/how-to-generate

Normal probability distribution

With temperature < 1, probabilities 
are “sharper”
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Temperature - Continued

Source: Quick start guide to LLMs - Sinan Ozdemir

Baseline performance More random outputs, 
more creative

Less random outputs, less 
creative
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GPT-3’s Playground

Inference parameters
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Advanced: Top-P Sampling

Source: https://huggingface.co/blog/how-to-generate

With top_p=0.92

we readjust 
probabilities among 
the minimum 
number of tokens 
that exceed the 
given parameter
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Advanced: Top-K Sampling

Source: https://huggingface.co/blog/how-to-generate

With top_k=6

we readjust 
probabilities to be 
sharper for the top 
6 possible tokens
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Fine-tuning OpenAI models

Assuming only 1,000 
classifications a day and a 
relatively liberal prompt ratio 
(150 tokens (for few-shot 
examples, instructions, etc) for 
DaVinci or ChatGPT for every 
40 tokens), the cost of a 
fine-tuned model, even with an 
up-front cost, almost always 
wins the day overall cost-wise

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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Fine-tuning OpenAI models

Source: Quick Start Guide to LLMs 
by Sinan Ozdemir
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LLM Alignment - Reinforcement Learning from Feedback

Source: Quick start guide to LLMs by Sinan Ozdemir

- Using Reinforcement Learning to subtly adjust an LLM’s output

- This is the current state of the art process to align LLMs - 
adjust their output to be more inline with the training data / 
what a human might expect

- Works by using a secondary reward pipeline that judges and 
scores an LLM’s output and uses the reward to adjust the 
model

- Example - Adjusting a news summarizer to be more “neutral”
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RL from F

Source: Quick start guide to LLMs by Sinan Ozdemir
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RL from F - More ”neutral” summarizations

Source: Quick start guide to LLMs by Sinan Ozdemir
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GPT-3 - before and after RLHF alignment

Source: OpenAI Playground
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Few shot vs Alignment
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Designing an LLM Application / Feature

1. Define your Input and your output (be specific)
E.g., Given a list of local attractions with brief descriptions for each and a description of a person 
and their likes in a travel destination, output an ordered short list of travel spots with a reasoning 
for visiting each. 

Note: This might pivot while testing. Perhaps you think of context that the LLM might need (like 
the difficulty of reaching the location) and you add to this to your list of givens.

2. Define success / failure states of the model
E.g., success - the model returns at least 2 options that are a subset of the given list in a defined 
order with at least 1 sentence / at most 4 sentences for each destination.
E.g., failure - the model returns < 2 options or options that are not on the given list. The model 
does not give a reasoning for at least 1 destination

Failure is not a measure of quality, it should be a hard binary of fail/succeed.
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Designing an LLM Application / Feature

3. Think about if outputs have a chance of being biased/subjective

E.g., It is reasonable that the LLM has heard of these destinations before so it might use 
information that you didn’t explicitly provide. Perhaps you don’t want this because you 
want it to “stay on script”. This is a minor form of bias because the model is bringing in 
preconceived notions that you didn’t want it to.

4. Come up with AT LEAST 2 fully worked out examples to be used either as 
few-shot examples or testing examples

E.g, Travel Destination 1: Coit Tower: Coit Tower is a .....

By now you should be thinking of what class of knowledge an LLM is coming in with (A, B, 
or C)



Click to edit Master title style
Does the LLM know enough for my task?

A. Yes, it has all knowledge encoded and it is ready to solve my task
a. May still need to format output to make it easier to work with

B. Mostly. It knows the information but it lacks critical information (information is too 
new to be in the model or it knows a topic but not to the specifics that I need)
a. Create a secondary system to retrieve information on demand
b. Few-shots and chain of thought to help teach nuances/specifics

C. No, not at all, I need to teach it pretty much everything from scratch
a. Just ask with explicit instructions
b. Few shot / chain of thought prompting
c. Fine-tuning for long term cost savings/speed
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Does the LLM know enough for my task?

A. Yes, it has all knowledge encoded and it is ready to solve my task
a. Summarizing news articles
b. Recommending news articles from a list of articles

B. Mostly. It knows the information but it lacks critical information (information is too 
new to be in the model or it knows a topic but not to the specifics that I need)
a. Recommending news articles that came out this morning

C. No, not at all, I need to teach it pretty much everything from scratch
a. Recommending proprietary frameworks for thinking about marketing 

strategies

We will see more examples of all of these next week
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Designing an LLM Application / Feature

5. Write an MVP Prompt!

Write multiple versions of a prompt (some using few shot, some now) and start to play 
around in a Playground with the results. By now you should know whether the LLM 
knows enough or not to classify into class A, B, or C

6. Iterate on prompt techniques and parameters

Toggle temperature/top-p until you are more confident in the results

7. Think about scale/production/cost/testing

More on steps 6 and 7 in the coming weeks
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LLM Testing Harnesses

Testing multiple examples 
against a grid of:

1. Models (e.g., GPT 3.5 vs 
GPT 4 vs Anthropic’s 
Claude, etc.)

2. Prompt Versions (e.g., 
with or without chain of 
thought [CoT] )

GPT 3.5 GPT 4 Claude

3-shot / no 
CoT

5-shot / with 
CoT

Performance 
on test set:

90%

Performance 
on test set:

70%

Performance 
on test set:

67%

Performance 
on test set:

84%

Performance 
on test set:

78%

Performance 
on test set:

93%
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Evaluating LLMs

Accuracy/Precision/Recall work for classification-like tasks

Metrics like Semantic Similarity can compare free text to see if 
the LLM got the “gist” of the output right.

Latency (a measure of speed) - how fast it can solve these tasks

Cost (we will explore this in more detail next week)
Open-source tends to be far cheaper in the long run
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• BERT has around 110 million parameters, which is 

considered large

• GPT-3, which has 175 billion parameters which is 
comparatively massive

• Size is not the only factor
• BERT achieves strong results on a number of tasks and 

is faster at processing text at scale (Recall the eBay 
example)

Evaluating Size of LLMs
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Challenges with LLMs

• LLMs are larger than classic models and can be 
more difficult to manage without proper MLOps

• Choosing which LLM to use for a specific task 
require knowledge about the particular LLM

• Encoded knowledge in LLMs may bias output to 
produce untrue or harmful statements
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'a house in Beijing'

ERNIE ViLG (from Baidu) vs
                                    
                                                          Stable Diffusion v 2.1

Source: 
https://huggingface.co/blog/ethics-soc-4 
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Details Matter

Less harmful but still untrue statement from ChatGPT 
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Week 1 Assignment

1. Come prepared with at least 2 examples of a task to solve with an LLM 
a. Should fit within the idea of a larger product

2. For 1 example, complete the first 5 steps of designing an LLM application/feature

The examples I will walk through: (inspired on a recent trip to my favorite wine bar):

Product: A platform for sommeliers to keep track of their customers/clients to help give 
recommendations

LLM Task 1: Given a list of wines my client liked with descriptions for the wines plus a list of 
wines I have with descriptions, output an ordered subset of recommendations with reasoning 
(My hunch is is B)

LLM Task 2: Given a lengthy wine description, output a summarization of the wine (Hunch: A)
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Summary + Next Steps

• The invention of the Transformer in 2017 revitalized of the field 
of NLP and an explosion of Large Language Models

• There are many types of LLMs with pros/cons and knowing 
which to use and how to use it makes all the difference

• LLMs are not perfect and will eventually produce untrue and 
harmful statements if left unchecked

• Reinforcement Learning can further align LLMs

• Attention seems to be (mostly) all we need.. for now
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Summary + Next Steps

A comprehensive introduction to LLMs + Transformers
https://learning.oreilly.com/videos/introduction-to-transformer/9780137923717

Check out my live trainings for more in depth content!
https://learning.oreilly.com/search/?q=Sinan%20Ozdemir&type=live-event-series

New quick start guide to LLMs!
Quick Start Guide to Large Language Models

https://learning.oreilly.com/videos/introduction-to-transformer/9780137923717/
https://learning.oreilly.com/search/?q=Sinan%20Ozdemir&type=live-event-series
https://amazon.com/quick-start-guide-language-models/dp/0138199191
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and ChatGPT in 3 Weeks

Week 2 - Getting Actionable Results and Cost 
Projecting with LLMs and GPT

Sinan Ozdemir
Data Scientist, Entrepreneur, 
Author, Lecturer
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and ChatGPT in 3 Weeks

See you next week!

Sinan Ozdemir
Data Scientist, Entrepreneur, 
Author, Lecturer


