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+ Neural network (NN): ML model composed of many layers of "neurons" (or 
"perceptrons") that are connected to each other in a network

What is a neural network?

Figure Source: Mohammed Terry-Jack
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+ Neural network (NN): ML model composed of many layers of "neurons" (or 
"perceptrons") that are connected to each other in a network

Summary: Neural Network

Multilayer Perceptron (MLP)

Can view a NN as a composition of functions:
Function learned by lth layer

A Perceptron



+ Given a user-specified NN architecture, the parameters of this NN are 
estimated by minimizing some loss function (e.g., MSE for regression or 
cross-entropy for classification) 

+ Minimization happens using backpropagation 

+ Compute gradients of the loss 
function with respect to each 
parameter using chain rule 

+ Use gradients to update weights 
(e.g., using stochastic gradient 
descent or Adam)

How do we train a neural network?

7Figure source: Inigo Parra
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+ Universal Approximation Theorem: A feedforward neural network with at least 
one hidden layer and a nonlinear activation function can approximate any 
continuous function on a compact subset of  to any desired degree of 
accuracy, given enough neurons in the hidden layer

ℝn

NNs are universal function approximators*   [                  ]

8* Random forests are also universal function approximators [Scornet et al. (2015)]

Hornik et al. (1989) 
Cybenko (1989)

https://projecteuclid.org/journals/annals-of-statistics/volume-43/issue-4/Consistency-of-random-forests/10.1214/15-AOS1321.full
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+ Universal Approximation Theorem: A feedforward neural network with at least 
one hidden layer and a nonlinear activation function can approximate any 
continuous function on a compact subset of  to any desired degree of 
accuracy, given enough neurons in the hidden layer

ℝn

NNs are universal function approximators*   [                  ]

8* Random forests are also universal function approximators [Scornet et al. (2015)]

Hornik et al. (1989) 
Cybenko (1989)

+ In other words, NNs can approximate any continuous function under 
extremely weak assumptions

+ However, there is no free lunch: 
+ The NN may require an enormous amount of data to learn the true function 
+ We do not know how many neurons are needed 
+ Another model could learn the true function more "efficiently" (e.g., with fewer 

data points)
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Introduction to ChatGPT and LLMs
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10* Queried April 8, 2026: https://chatgpt.com/share/e/69d70bab-1864-8012-b617-8859578d7ffa 
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History of ChatGPT
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+ Any guesses on the number of parameters in the model?

These LLMs are a massive feat of engineering

12
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+ Any guesses on the number of parameters in the model?

These LLMs are a massive feat of engineering
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The Extreme Cost Of Training AI Models [Buchholz (2024)]
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According to OpenAI: 

+ ChatGPT-4 is ~40% more likely to produce factual responses to prompts 
than ChatGPT-3 

Accuracy of ChatGPT-generated content
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https://openai.com/index/gpt-4/


According to OpenAI: 

+ ChatGPT-4 is ~82% less likely to respond to requests for disallowed content 
than ChatGPT-3

Safety of ChatGPT-generated content
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Where does the improvement of ChatGPT4 come from?

A bit of a mystery, but OpenAI notes that they trained ChatGPT-4 with human 
feedback 

+ ChatGPT-4 is a much larger model than ChatGPT-3 
+ “We incorporated more human feedback, including feedback submitted by 

ChatGPT users, to improve GPT-4’s behavior. We also worked with over 50 
experts for early feedback in domains including AI safety and security.” 

Further improvements with ChatGPT-4o
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https://openai.com/index/hello-gpt-4o/
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From OpenAI:

+ “GPT-4 still has many known limitations that we are working to address, 
such as social biases, hallucinations, and adversarial prompts. We 
encourage and facilitate transparency, user education, and wider AI literacy 
as society adopts these models.”
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From OpenAI:

+ “GPT-4 still has many known limitations that we are working to address, 
such as social biases, hallucinations, and adversarial prompts. We 
encourage and facilitate transparency, user education, and wider AI literacy 
as society adopts these models.”

+ “Most importantly, it still is not fully reliable (it “hallucinates” facts and 
makes reasoning errors).”

Why? At their core, LLMs including ChatGPT are trained to predict the most likely 
word that comes next in the sentence.

Limitations of ChatGPT

20

https://openai.com/index/gpt-4/


How does ChatGPT work? 
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Core elements of LLMs/ChatGPT Development

+ Training data 

+ Pre-training: initial phase of training a language model (“general-purpose”) 

+ Architecture: transformers (encoder+decoder) 
+ Attention mechanism 

+ Fine-tuning: process of further training a language model for a specific task 
or domain (“specialized”) using additional (generally high-quality) data 

+ GPT3/4 = general-purpose (GPT = generative pre-trained transformer) 

+ ChatGPT3/4 = specialized for conversations
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ChatGPT-3 Training Dataset

24
Image source: https://www.stylefactoryproductions.com/blog/chatgpt-statistics

93% of ChatGPT-3’s data set was in English



ChatGPT-3 Training Dataset
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Data quality matters: According to GPT-3 manuscript,
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Data quality matters: According to GPT-3 manuscript,

+ “we have found that unfiltered or lightly filtered versions of Common Crawl tend to 
have lower quality than more curated datasets.  Therefore, we took 3 steps to 
improve the average quality of our datasets…”

+ “we also added known high-quality reference corpora to the training mix to augment 
Common Crawl and increase its diversity”

+ The Common Crawl dataset “constituted 45TB of compressed plaintext before filtering 
and 570GB after filtering”

+ “Note that during training, datasets are not sampled in proportion to their size, but 
rather datasets we view as higher-quality are sampled more frequently, such that 
CommonCrawl and Books2 datasets are sampled less than once during training, but 
the other datasets are sampled 2-3 times. This essentially accepts a small amount of 
overfitting in exchange for higher quality training data.”
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Core elements of LLMs/ChatGPT Development

+ Training data 

+ Pre-training: initial phase of training a language model (“general-purpose”) 

+ Architecture: transformers (encoder+decoder) 
+ Attention mechanism 

+ Fine-tuning: process of further training a language model for a specific task 
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(Pre-)Training objective in LLMs

+ At their core, LLMs (e.g., ChatGPT) are trained to predict the most likely next 
word.
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(Pre-)Training objective in LLMs

+ At their core, LLMs (e.g., ChatGPT) are trained to predict the most likely next 
word.

30
Image source: https://writings.stephenwolfram.com/2023/02/what-is-chatgpt-doing-and-why-does-it-work/

+ To construct a sentence (and furthermore, an essay), the process is 
repeated over and over.



(Pre-)Training objective in LLMs
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+ However, it turns out that 
always selecting the most 
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Non-random (temperature = 0)

Random (temperature = 0.8)

Examples from: https://writings.stephenwolfram.com/2023/02/what-is-chatgpt-doing-and-why-does-it-work/
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How do we predict the probability of each “next word”?

+ A naive solution: given a large corpus of text data, count the number of 
times each word appears after another and predict the word with the 
highest frequency

+ Pre-training LLMs: process whereby we train a deep neural network on a 
large corpus of text data to predict the next word 

+ Want to minimize loss function between the observed and predicted next word

+ Most state-of-the-art LLMs including ChatGPT build upon a transformer 
architecture
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Transformer Architecture
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Transformer Architecture
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Encoder  
[Learnt Representation or 
Embedding]

Decoder  
[Generation]

Attention 
[to capture long-range context] 

Text-to-numeric processing  
[Token-value + Token-position 
embeddings]Example of learnt embeddings from encoder

Example output of decoder
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Input Embedding step 

1. Example input: “Go Irish!” 

2. Tokenization: convert words to tokens

Transformer Architecture

36

Go Irish! → Go Irish !

2. Encode tokens as numeric IDs:
→ !Go Irish 3414 2600 106

2. Convert numeric IDs to word embeddings:

!

Go

Irish

!! This step encodes the words, not the word order



Positional Encoding step 

+ In addition to the token-value embeddings, 
there are also token-position embeddings. 

+ These two embeddings are added together.

Transformer Architecture
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Positional Encoding step 

+ In addition to the token-value embeddings, 
there are also token-position embeddings. 

+ These two embeddings are added together.

Transformer Architecture
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Example: “hello hello hello hello hello hello hello hello hello hello 
bye bye bye bye bye bye bye bye bye bye”

Token-value 
Embedding

Token-position 
Embedding

Resulting 
Embedding

Start token

Stop token

hello

bye



Quick Detour 

+ Resulting embeddings from token-value + 
token-position embeddings can be used as 
input for any model of your choice 

+ Think of the resulting embeddings as a way 
of preprocessing text data 

+ See code demonstration: https://
colab.research.google.com/github/
tiffanymtang/dsip-s26/blob/main/
course_materials/llms/
llm_input_embeddings.ipynb 

Transformer Architecture
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Encoder Components
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https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9398576


Transformer Architecture

40



Encoder Components

Transformer Architecture

40



Encoder Components

+ Multi-Head Attention layer: learn multiple sets 
of attention weights to capture different 
relationships between words (e.g., context, 
semantics, syntax, rhymes)

Transformer Architecture

40



Encoder Components

+ Multi-Head Attention layer: learn multiple sets 
of attention weights to capture different 
relationships between words (e.g., context, 
semantics, syntax, rhymes)

+ Add & Norm layer: LayerNorm(x + Sublayer(x))

Transformer Architecture

40



Encoder Components

+ Multi-Head Attention layer: learn multiple sets 
of attention weights to capture different 
relationships between words (e.g., context, 
semantics, syntax, rhymes)

+ Add & Norm layer: LayerNorm(x + Sublayer(x))
+ Add input to attention output and normalize features 

per row/token (across columns/features)

Transformer Architecture

40



Encoder Components

+ Multi-Head Attention layer: learn multiple sets 
of attention weights to capture different 
relationships between words (e.g., context, 
semantics, syntax, rhymes)

+ Add & Norm layer: LayerNorm(x + Sublayer(x))
+ Add input to attention output and normalize features 

per row/token (across columns/features)

+ Feed Forward layer: a standard fully-connected 
neural network layer

Transformer Architecture

40



Encoder Components

+ Multi-Head Attention layer: learn multiple sets 
of attention weights to capture different 
relationships between words (e.g., context, 
semantics, syntax, rhymes)

+ Add & Norm layer: LayerNorm(x + Sublayer(x))
+ Add input to attention output and normalize features 

per row/token (across columns/features)

+ Feed Forward layer: a standard fully-connected 
neural network layer

Output of Encoder: matrix of learnt embeddings

Transformer Architecture
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Decoder Components

+ Inputs to the decoder:
+ Learnt embeddings from encoder are used (as the 

query and key) in the second multi-head 
attention layer

+ Predicted/outputted text (from previous iteration)

+ Similar structure to encoder: using (masked) 
multi-head attention, add & norm, and 
feedforward layers

+ Linear + softmax layer: take output of decoder, 
fit linear model, and transform to predicted 
probabilities using softmax

Transformer Architecture
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+ Self-attention: Every token can see or 
"attend" to all tokens, including tokens after 
it in the sequence. 

+ Masked self-attention: Each token is only 
allowed to attend to previous tokens and 
itself — not future ones 

+ Cannot cheat by looking ahead

Self-attention vs. masked self-attention

42

Self-attention Masked self-attention



Recap and Next Time

+ Pre-training: learning to predict the next word 

+ In the process of pre-training, we have essentially learned a latent distribution of words in 
the English language 

+ Primary architecture: transformer (encoder+decoder) 

+ Most important innovation: attention 

+ Next up: fine-tuning LLMs
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Resources

+ Seminal papers 
+ Attention is all you need 
+ Language Models are Few-Shot Learners (GPT3) 
+ GPT-4 Technical Report 

+ Introductory blog posts 
+ What Is ChatGPT Doing … and Why Does It Work? 
+ Solving Transformer by Hand: A Step-by-Step Math Example 
+ Step-by-Step Illustrated Explanations of Transformer
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https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://arxiv.org/pdf/2005.14165
https://arxiv.org/pdf/2303.08774
https://writings.stephenwolfram.com/2023/02/what-is-chatgpt-doing-and-why-does-it-work/
https://levelup.gitconnected.com/understanding-transformers-from-start-to-end-a-step-by-step-math-example-16d4e64e6eb1
https://medium.com/the-modern-scientist/detailed-explanations-of-transformer-step-by-step-dc32d90b3a98

