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The Evolution of 
Modeling Language



Initial Attempts at Modeling Language

• Randomly select words from vocabulary

• Markov models

• Create some sort of grammar

• Build up some sort of knowledge base



Classical Example: Markov Chain

• Example text: UChicago is fun. I attend UChicago for school. 
UChicago is cold for months.

• Sample tokenization: [START] [UChicago] [is] [fun] [.] [I] [attend] 
[UChicago] [for] [school] [.] [UChicago] [is] [cold] [for] [months] 
[.] [END]

• Probabilities are based on how often some suffix follows a given 
prefix (e.g., “UChicago" is followed 2/3rds of the time by “is” and 
1/3rd of the time by “for”)

• Smoothing assigns non-zero probabilities to all tokens that 
otherwise have 0 probability



2010s Approach

• Recurrent Neural Networks (RNNs)

Image from https://medium.datadriveninvestor.com/recurrent-neural-network-58484977c445



2010s Approach

• Recurrent Neural Networks (RNNs)
• Long Short-Term Memory (LSTM)

Image from https://upload.wikimedia.org/wikipedia/commons/thumb/9/93/LSTM_Cell.svg/450px-LSTM_Cell.svg.png



Large Language Models 
(LLMs)

This section of the presentation was derived in part from slides originally created by Madison 
Pickering, which themselves include many figures from Elena Voita’s NLP Course For You 

(September 2020): https://lena-voita.github.io/nlp_course.html



Some Notable Foundation LLMs (as of 2026)

● Google Gemini 3 (Flash, Pro)
● Meta Llama 4 (Scout, Maverick, Behemoth)

○ Open-weight

● Anthropic Claude 4.5 (Haiku, Sonnet, Opus)
● Deepseek

○ Open-weight

● Alibaba Qwen 3.5
○ Open-weight

● OpenAI GPT-5
○ GPT-2 was the last open-weight model in this family



What We Will Cover Today:

● LLMs can produce guesses for what the most likely bit of text should 
be given the text that they have seen

● LLMs are trained on vast corpora of text from the Internet
● LLMs extend an NLP architecture called a Transformer



“LLMs can produce guesses for what the most likely bit of text should be, 
given the text that they have seen”

LLM outputs likely text…we append the produced text to our input and generate again. 
We can repeat this process to generate large amounts of text (“auto-regressive”)



“LLMs can produce guesses for what the most likely bit of text should be, 
given the text that they have seen”

● What, precisely, does “bit of text” mean?

● → The atomic units that LLMs operate on are called “tokens”



LLM

“Tokenization”



Examples…

Llama2’s tokens GPT-2’s tokens

All the tokens that a 
model “knows” 
comprise the model’s 
vocabulary

Model vocabularies of 
modern LLMs are often 
~30k-60k tokens in size

Built by keeping 
frequent “words”, 
splitting less frequent 
words



Tokenizing Input Text

1. Look at the text + our 
vocabulary

2. Find the “highest” merge 
(corresponds to the most 
frequent merge based on 
the input to the vocab)

3. Repeat



LLM

“LLMs can produce 

guesses for what the most 

likely bit of text should be 

given the text that they 

have seen”



LLM Output

● Depends on the training objective, and consequently, the architecture 
of the LLM!

● Two main training objectives:
○ MLM: “Masked Language Modeling”
○ CLM: “Causal Language Modeling”



LLM

MLM: “Masked Language Modeling”LLM

[MASK]

Final output: “I hugged a cat.”



LLM

CLM: “Causal Language Modeling”

Model receives the input input 
and determines what the likely 
next token ([N]) is

P([N]=I); P([N]=saw); P([N]=a); P([N]=cat); ….

Final output: “I saw a cat..It’s “



MLM vs. CLM

● MLM: 
○ Model should look at tokens to the left of [Mask], and to the right of 

[Mask] to decide what [Mask] should be
○ Excels at constrained transformations of input and output (translation, 

some classification tasks)



MLM vs. CLM

● MLM: 
○ Model should look at tokens to the left of [Mask], and to the right of 

[Mask] to decide what [Mask] should be
○ Excels at constrained transformations of input and output (translation, 

some classification tasks)

● CLM
○ Model should look at all tokens to the left of [N] to decide what [N] 

should be
○ Excels at open-ended generation



Back to Basics

LLMs generate the next bit of text based on the text generated so far 
(including the prompt) and the patterns learned from training data.



Possible Sampling Strategies

● Pick the most likely next token
○ Ends up being boring and repetitive

● Sample from all possible tokens
● Top-k sampling: Sample only from the k most probable next tokens 

(where k is fixed)
● Top-p sampling (nucleus sampling): Sample from the p most 

probable next tokens (where p is chosen based on the cumulative 
probability of those tokens)

Image from https://medium.com/thinking-sand/the-definitive-guide-to-llm-temperatures-abab311260a6 (also has great explanations)



Possible Sampling Strategies

● Temperature (T) modifies new probabilities Q
○ 1: Keep the probabilities learned by the model
○ <1: Bias towards the higher probability tokens
○ 0: Pick the most probable next token deterministically(-ish)
○ >1: Flatten out the probabilities so that the higher probability tokens are 

somewhat less likely than before and the lower probability tokens are 
somewhat more likely than before

Image from https://medium.com/thinking-sand/the-definitive-guide-to-llm-temperatures-abab311260a6 (also has great explanations)



What Are Logprobs?

● Logprob = ln(probability)
● Why?

○ Probabilities from LLMs are typically very small
○ When you start multiplying probabilities (e.g., for the total probability of a 

sentence, you’d multiply the probabilities of each token), we now have to 
worry about floating point error

○ ln(p1 * p2 * p3) = ln(p1) + ln(p2) + ln(p3), so you can sum the logprobs and 
then exponentiate (“exp”) the sum to avoid multiplying many extremely 
small numbers

See https://medium.com/thinking-sand/understanding-llm-logprobs-029794105903 for nice explanations



Transformers 
(the Architecture 

Underpinning LLMs)

This section of the presentation was derived in part from slides originally created by Madison 
Pickering, which themselves include many figures from Elena Voita’s NLP Course For You 

(September 2020): https://lena-voita.github.io/nlp_course.html



Attention



Neural Networks vs. Transformers

Neural networks:

○ Use recurrence to do NLP
○ Comprised of artificial 

neurons

Transformers

○ No recurrence 
(efficient!)

○ Comprised of 
Transformer blocks 
(which contain FFNN)

LLMs are not neural networks; they extend the transformer architecture

Both benefit from scale (making the model bigger/more parameters) and lots of data!



The original design of the Transformer:

Image taken from Elena Voita, NLP Course For You, https://lena-voita.github.io/nlp_course.html



Quick Breakdown of Parts:

High level: encoder-decoder

Pretty much any LLM that is primarily used for CLM (e.g., GPT-3) is Decoder-Only
Image taken from Elena Voita, NLP Course For You, https://lena-voita.github.io/nlp_course.html



Embedding, Positional Encoding

● Embedding transforms the input 
words into some vector representation 
that captures its “meaning”

○ Words with similar meaning should be 
close to each other in vector space

● Positional Encoding is added 
because words have different 
meanings based on where they are in 
a sentence!

○ This is not needed in recurrent NNs 
because the recurrence captures the 
position

Image taken from Elena Voita, NLP Course For You, https://lena-voita.github.io/nlp_course.html



● Attention: based on all the 
tokens in the input decide which 
tokens we should pay attention 
to (i.e., which should have 
higher weight)

● Feed-Forward Network: This 
is a 2-layer neural network with 
no recurrence

● Add & Norm, Residual 
Connections: Used to 
“stabilize” the model/help 
convergence

Image taken from Elena Voita, NLP Course For You, https://lena-voita.github.io/nlp_course.html



A Look at the Decoder

Mostly the same stuff, but, 
there is a masked 
attention head to make 
sure that the the tokens at 
position i only “look at” the 
tokens in positions < i

Goal: only look at the left 
context (since in English, 
we read left to right)

Image taken from Elena Voita, NLP Course For You, https://lena-voita.github.io/nlp_course.html



Final Transformations

Linear layer: final neural network post-
processing

Softmax: A function which gives us the 
normalized probabilities: given any input 
vector, will transform the vector such that 
the elements all sum to 1 (probabilities 
proportional to the exponents of the input 
numbers)

 

Image taken from Elena Voita, NLP Course For You, https://lena-voita.github.io/nlp_course.html



Attention

Image from https://www.researchgate.net/figure/Attention-heads-in-GPT-2-visualized-for-an-example-input-sentence-along-with-aggregate_fig3_333716912



Transformers

Image from https://upload.wikimedia.org/wikipedia/commons/thumb/9/91/Full_GPT_architecture.png/330px-Full_GPT_architecture.png



Data Sources For 
Generative AI



What Are LLMs Trained On?

● Short answer: scraped webpages (e.g., Wikipedia, Reddit, GitHub,…)
○ Heuristically deduplicated
○ Filtered/cleaned based on human upvotes, website traffic, …

● …but also, trained on you!
○ Queries/interactions to most proprietary LLMs are logged



Example: GPT-3 



Training Data

39
https://www.nytimes.com/2024/04/06/technology/tech-giants-harvest-data-artificial-intelligence.html



Training Data

https://www.nytimes.com/2024/04/06/technology/tech-giants-harvest-data-artificial-intelligence.html



Training Data (robots.txt)

https://arstechnica.com/information-technology/2023/08/openai-details-how-to-keep-chatgpt-from-gobbling-up-website-data/



Training Data

● Do LLM vendors have permission to use this training data? What do 
you think the process should be for obtaining permission?

● How does a generative AI model’s ability to create new content impact 
the original human creators of the content used for training?



Training Data



Training Data



Fine-Tuning

● After the LLM is trained broadly, it may undergo additional training to 
be good at specific tasks:

○ Providing “helpful” or safe answers
○ Producing python code
○ Learning how to produce answers in conversational format

● Desire to be helpful and being trained on unsafe data can result in a lot of 
strange or malicious behavior



Example Impact: LLM as a Spear Phishing Tool



Misguided Attempts At Guardrails

https://www.nytimes.com/2024/02/22/technology/google-gemini-german-uniforms.html



The Promise
and Pitfalls

of Generative AI



Your Experiences Generating 
Problematic Content With AI



Your Experiences Generating a 
“Creative” Work With AI
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