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Upcoming exam…

• Exam this Wednesday! Woohoo! 

• Nov 19, 6-9pm, CEMEX & Bishop Aud (Ed post) 

• OAE / alternate exam at different time & locations (email) 

• Language models will not be in the exam 

• Just enjoy the (non-executable) lecture :)



Language models are everywhere 



Language models are industrialized



Language models are industrialized

Qwen-3: 36T tokens 
~= 27T words 
~= 144 TB 
~= 300 million books ~= 90 billion sheets of paper ~=  9,000 km stacked  
     (ISS is ~400km above Earth, which has radius ~6,371km) 
~= 1 million years of typing at 5o wpm 



Language models are industrialized

Llama‑3: 16T tokens @ 405B parameters 
→ 6ND rule gives ≈ 3.9 × 10^25 FLOPs (Meta’s reported ≈ 3.8 × 10^25 FLOPs) 
→ GPU‑days = (Total FLOPs) / (FLOPs per H100‑day) 
  ≈ 3.8×10^25 / 4.32×10^19 
  ≈ 880,000 H100‑days (or 650,000 years on your MacBook M2) 
  ≈ $42M (at $2 per H100‑hour) for a single pre‑training run, assuming no failure 



Language models are industrialized

GPUs in space before 
Stanford beats Cal…? 🤔



Language models are industrialized

Qwen-3: 

150+ contributors Llama-3 / GPT-4: 

3 pages of author 
names 



Language models are industrialized

… all of this for some giant matrices of numbers



Language models are industrialized

(Slide from Andrej Karpathy)



Lecture plan

A gentle introduction for making sense of… 

1. What exactly are language models? 

2. Why is it a good idea to model language? 

3. What makes language models work? 

4. Where we are today
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Language models = models of language

For our purposes, "language" is just a (structured) sequence of "characters"

Tamil



For our purposes, "language" is just a (structured) sequence of "characters" 

 
Vaguely speaking, structure comes from two things:

1. Vocabulary: the possible set of characters 

2. Grammar: the rules / conventions for how characters follow each other

Learning a "model" of a language involves: 

• learning the structure of a language 

• learning the ability to (best) produce it

Language models = models of language



The stock market crashed and investors __________________.

English language modeling



The stock market crashed and investors

English language modeling



English language modeling

桌子

The stock market crashed and investors

(wrong vocab)



English language modeling

桌子

golfing (wrong semantics 
& grammar)

The stock market crashed and investors

(wrong vocab)



The stock market crashed and investors

English language modeling

桌子

golfing (wrong semantics 
& grammar)

panicked (plausible)

(wrong vocab)



English language modeling

桌子

golfing (wrong semantics 
& grammar)

panicked (plausible)

celebrated (also plausible)

(To prefer "celebrated", the model should know something 
about the real world — panic is more common!

The stock market crashed and investors

(wrong vocab)



Language models model (predict) language

桌子 golfing panicked celebrated

The stock market crashed and investors

Language 
Model

1% 5% 64% 30%

…

…



The Tensor View

• Suppose we represent each word as a vector (recall homework 2!) 

• Suppose we have a vocabulary (string-to-index) of only 10 words 
that looks like:

vocab = { 

 'The': 0,         'and': 1, 

 'crashed': 2      'investors': 3, 

 'market': 4,      'stock': 5 

 'lol': 6,         'panicked': 7,    

 'celebrated': 8,  'golfing': 9, 

}



The Tensor View: simple case

The stock market crashed and investors

Language 
Model



The stock market crashed and investors
[      1         3           2            5          6            4        ]word IDs: Shape: (6,) vector

Language 
Model

The Tensor View: simple case



The stock market crashed and investors

Language 
Model
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The Tensor View: simple case



The stock market crashed and investors

Language 
Model
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embedding: 
represent each 
word as a vector

Shape: (6, 4) matrix

[      1         3           2            5          6            4        ]word IDs: Shape: (6,) vector

0.0

multi-class 
classification 
over vocab size 
(say 10) 'The', 'and', 'crashed', 'investors', 'market', 'stock', 'lol', 'panicked', 'celebrated', 'golfing', …

0.1 0.1 0.01 0.06 0.64 0.30 0.020.02 0.01 …

Shape: (10,) vector

The Tensor View: simple case

This vector represents P( word | "The stock market crashed and investors")



The stock market crashed and investors

Language 
Model
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0.0

multi-class 
classification 
over vocab size 
(say V) 'The', 'and', 'crashed', 'investors', 'market', 'stock', 'lol', 'panicked', 'celebrated', 'golfing', …

0.1 0.1 0.01 0.06 0.64 0.30 0.020.02 0.01 …

Shape: (V,) vector

We can define LMs with 
input sequence length T, 
vocab size V, embed size D!

The Tensor View: simple case



The stock market crashed and investors

Language 
Model

0.3
0.0

-0.4

-3.1
0.2

1.7

0.4
-0.1

3.3

-1.1
3.0

0.9
3.0 0.1 0.0 0.0

0.2
0.0

0.3
3.0

0.2
0.0

2.3
0.0

embedding: 
represent each 
word as a vector

Shape: (T, D) tensor

[      1         3           2            5          6            4        ]word IDs: Shape: (T,) tensor
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classification 
over vocab size 
(say V)

Shape: (T, V) tensor

The Tensor View: predicting at each position

V

P( word | "The") P( word | "The stock market") P( word | "The … investors")

probabilities 
over vocab at 
each position!

P( word | "The stock")



The stock market crashed and investors
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The Tensor View: autoregression

V

P( word | "The … investors")

probabilities 
over vocab at 
each position!

"crashed" 5

"celebrated" 8

"panicked" 9



The stock market crashed and investors
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V
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each position!

"crashed" 5
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"panicked" 9



The stock market crashed and investors panicked
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P( word | "The … panicked")
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The stock market crashed and investors panicked

Language 
Model
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The Tensor View: autoregression

V
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The cat sat on the mat of the mad lad
The stock market crashed and investors

embedding: 
represent each 
word as a vector

Shape:  
(B, T, D) tensor

word IDs: Shape: (B, T) tensor

multi-class 
classification 
over vocab size 
(say V)

Shape:  
(B, T, V) tensor

The Tensor View: batched

V
probabilities 
over vocab at 
each position!
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The Probabilistic View

• A language model is just a distribution over sequences: 

P(The, stock, market, crashed, and, investors, panicked) = 0.02 

P(The, stock, market, crashed, and, investors, celebrated) = 0.015 

P(The, stock, market, crashed, and, investors, golfing) = 0.0001 

• We can unpack it with chain rule: 

P(The, stock, market, crashed, and, investors, celebrated)  

= P(The)*P(stock | The)*P(market | The stock) *… 

=  ∏
i

P(xi ∣ x1:i−1)



The Probabilistic View

• A language model is just a distribution over sequences: 

P(The, stock, market, crashed, and, investors, panicked) = 0.02 

P(The, stock, market, crashed, and, investors, celebrated) = 0.015 

P(The, stock, market, crashed, and, investors, golfing) = 0.0001 

• We can unpack it with chain rule: 

P(The, stock, market, crashed, and, investors, celebrated)  

= P(The)*P(stock | The)*P(market | The stock) *… 

=  ∏
i

P(xi ∣ x1:i−1) we only need a model that, given past context, 
predicts 1 word (token) at a time ("autoregressive")



Some objectives of language modeling

1. Next-word(token) prediction (NTP):  
multi-class classification over vocab, sequentially 

• Input: (B, T), output (B, T, V) 

• learns P(xₜ | x₁,…,xₜ₋₁) 

• Most prevalent objective (for pre-training)



Some objectives of language modeling

2. Masked language modeling (MLM):  
multi-class classification over vocab, non-sequentially 

• Input: (B, T), output (B, T, V) 

• learns, for example, P(xₜ | x₁,…,xₜ₋₁,  xₜ₊₁,…,x_T)  (i.e., infill) 

ኢንተለጀንስ (wrong vocab)

import (wrong grammar)

numpy (plausible)

jax.numpy (🤔…)

import ______ as np 



Some objectives of language modeling

2. Masked language modeling (MLM):  
multi-class classification over vocab, non-sequentially 

• Input: (B, T), output (B, T, V) 

• learns, for example, P(xₜ | x₁,…,xₜ₋₁,  xₜ₊₁,…,x_T)  (i.e., infill) 

• Not used as much today 

(2018)



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

1. Naive approach: Just count!



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

1. Naive approach: Just count!

"Many analysts argued that the stock 
market had been showing signs of exhaustion 
long before regulators acknowledged the 
problem. Early warnings went unnoticed, but 
…

"Rumors spread quickly once people realized 
the stock market crashed during pre‑market 
hours. Reporters rushed to financial centers, 
trying to make sense of.…"

"By midday it was clear that 
the market crashed and would take 
time to recover. Economists debated 
whether policy intervention…"

"As volatility intensified, and investors 
panicked, liquidity dried up across 
multiple sectors. Advisors urged clients 
to remain calm, but…"



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

1. Naive approach: Just count!

"Many analysts argued that the stock 
market had been showing signs of exhaustion 
long before regulators acknowledged the 
problem. Early warnings went unnoticed, but 
…

"Rumors spread quickly once people realized 
the stock market crashed during pre‑market 
hours. Reporters rushed to financial centers, 
trying to make sense of.…"

"By midday it was clear that 
the market crashed and would take 
time to recover. Economists debated 
whether policy intervention…"

"As volatility intensified, and investors 
panicked, liquidity dried up across 
multiple sectors. Advisors urged clients 
to remain calm, but…"

wait… the exact string may never show up! 
P(string) = 0 most of the time, especially with long text!



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

2. Counting, but by n-grams (n-gram LMs)



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

2. Counting, but by n-grams (n-gram LMs)

Let’s instead make some approximations (n=3)

P(The, stock, market, crashed, and, investors, panicked) 

= P(panicked | The … investors) *  P(investors | The … and) * P(and | The … crashed) * …



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

2. Counting, but by n-grams (n-gram LMs)

P(The, stock, market, crashed, and, investors, panicked) 

= P(panicked | The … investors) *  P(investors | The … and) * P(and | The … crashed) * … 

≈ P(panicked | and, investors) * P(investors | crashed, and) * P(and | market, crashed) * …

i.e., we simplify by assuming each word only 
depends on the previous n-1 words! 

i.e., the Markov assumption but for n instead of 1; 
recall Bayesian lectures

Let’s instead make some approximations (n=3)



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

2. Counting, but by n-grams (n-gram LMs)

"Many analysts argued that the stock 
market had been showing signs of exhaustion 
long before regulators acknowledged the 
problem. Early warnings went unnoticed, but 
…

"Rumors spread quickly once people realized 
the stock market crashed during pre‑market 
hours. Reporters rushed to financial centers, 
trying to make sense of.…"

"By midday it was clear that 
the market crashed and would take 
time to recover. Economists debated 
whether policy intervention…"

"As volatility intensified, and investors 
panicked, liquidity dried up across 
multiple sectors. Advisors urged clients 
to remain calm, but…"

the same set of documents now 
give non-zero counts! e.g. P(crashed |  stock, market) =  1/2



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

3. Neural networks! 



Implementing a language model

P(The, stock, market, crashed, and, investors, panicked) = 0.02

3. Neural networks! 
The stock market crashed and investors 

Language 
Model

Shape: 
Input IDs: (T,) tensor  
Embeddings: (T, D) tensor

Shape: (T, V) tensor

stock market crashed and investors celebrated

Ground-truth: 
output IDs: (T,) tensor  
 
labels for the multi-class 
classification

Predictions:



Lecture plan

A gentle introduction for making sense of… 

1. What exactly are language models? 

2. Why is it a good idea to model language? 

3. What makes language models work? 

4. Where we are today



Why is it a good idea to model language?
1. Many tasks are just language modeling:  

It turns out that many things that humans do involve or can be seen as a 
sequence completion problem



Why is it a good idea to model language?

← the correct next-
word distribution 
(i.e. language model) 
may get you tangible 
benefits

writing an email

1. Many tasks are just language modeling:  
It turns out that many things that humans do involve or can be seen as a 
sequence completion problem 



Why is it a good idea to model language?

writing code

1. Many tasks are just language modeling:  
It turns out that many things that humans do involve or can be seen as a 
sequence completion problem 



Why is it a good idea to model language?

responding to your advisors

https://x.com/oshaikh13/status/1967626897837494479

1. Many tasks are just language modeling:  
It turns out that many things that humans do involve or can be seen as a 
sequence completion problem

https://x.com/oshaikh13/status/1967626897837494479


Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks 



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks 



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks 

memorizing facts



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks 



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks 

math



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks 



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks

reasoning



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks

reasoning

Recall: we solved similar problems 
with first-order logic in HW7 
 
A good LM simply has a high 
probability of predicting "c)" as 
the next word!



Why is it a good idea to model language?
2. Language modeling enables multi-task learning:  

The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks

GPT-2 (OpenAI 2019)



Why is it a good idea to model language?
3. Language models scale: 

With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!



Why is it a good idea to model language?
3. Language models scale: 

With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!

chat, coding, translation, … 
were separate LMs

the same model does everything 
(chat, code, tool use, translation, 

summarization, …)



Why is it a good idea to model language?
3. Language models scale: 

With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!

380M parameters
no official size, but possibly ~100x 
larger, and GPT-5 outperforms 
Llama-3 405B which is 1000x larger 



Why is it a good idea to model language?
3. Language models scale: 

With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!

Kaplan Scaling Laws (OpenAI, 2020)



Why is it a good idea to model language?
3. Language models scale: 

With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!

Kaplan Scaling Laws (OpenAI, 2020)



Why is it a good idea to model language?
3. Language models scale: 

With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!

Chinchilla Scaling Laws (Google DeepMind, 2022)



Why is it a good idea to model language?
3. Language models scale: 

With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!

Chinchilla Scaling Laws (Google DeepMind, 2022)



Why is it a good idea to model language?

1. Many tasks are just language modeling:  
It turns out that many things that humans do involve or can be seen as a 
sequence completion problem 

2. Language modeling enables multi-task learning:  
The same objective (next-token prediction) can teach the model to 
learn a lot about a lot of tasks 

3. Language models scale: 
With lots of data and a big model, you can: (1) fit all the tasks at once 
without specialization, and (2) loss keeps going down!



Lecture plan

A gentle introduction for making sense of… 

1. What exactly are language models? 

2. Why is it a good idea to model language? 

3. What makes language models work? 

4. Where we are today



• We already touched on a few ideas: 

• Scaling 

• Next-token prediction as multi-task learning 

• Let’s look a few more key ideas: 
1. Model architecture 
2. Pre-training vs Post-training (with good data) 
3. Tokenization 
4. Systems 
5. … 

What makes language models work?



Model Architecture



Model Architecture



• Architectures matter in that they shouldn’t be a bottleneck to 
scalable language modeling (compared to data, compute, …) 

• We won’t talk about the details of the Transformer (CS224n, 
CS336, CS231n, CS230, CS229 + many online resources) 

• Instead, we can gain some intuitions by looking at how vanilla 
NNs (e.g. an MLP, from HW2!) may fail  

• you should then go learn about transformers & quiz yourself 
on how it fixes these problems :)

Model Architecture



The stock market crashed and investorsShape: (T,) tensor

Shape: (T, V) tensor
… Vocab size V

…Shape: (T, D) tensor word vector size D

Model Architecture: why not MLP?



Model Architecture: why not MLP?
The stock market crashed and investorsShape: (T,) tensor

Shape: (T, V) tensor
… Vocab size V

…Shape: (T, D) tensor word vector size D

Problem #1: parameter count 
depends strongly on T and V

• even with 1 layer, we have TD * 
TV = O(DVT^2) parameters 

• we want large T (so LM can look 
at many past words) and large V 
(so we can cater for many 
languages, tasks, …) 

• transformers: parameter sharing 
across T and weak dependence 
on V (only embed, output)



The stock market crashed and investorsShape: (T,) tensor

Shape: (T, V) tensor
… Vocab size V

…Shape: (T, D) tensor word vector size D

• the MLP is essentially encoding a 
fixed, giant lookup table: "for this 
prefix, this is the next word" 

• with a frozen model, the MLP 
weights don’t have preference for 
different positions 

• transformers: with a frozen 
model, attention mechanism 
creates dynamic weights for 
different positions

Problem #2: network is fixed 
and no dynamic weights 

Model Architecture: why not MLP?



The stock market crashed and investorsShape: (T,) tensor

Shape: (T, V) tensor
… Vocab size V

…Shape: (T, D) tensor word vector size D

Problem #3: no 
computation reuse

• at best, we can cache the MLP 
output for a particular length T 
input sequence 

• even if one position changes (say 
at T-1), have to redo entire 
forward pass 

• transformers: KV-cache can 
store intermediate values for past 
tokens

Model Architecture: why not MLP?



Pre-training vs Post-training



Pre-training vs Post-training

• Pre-training: train a giant model on a giant amount of text with 
a simple objective (e.g. next token prediction)

Example (OLMo from AI2)



Pre-training vs Post-training

Example (OLMo from AI2)

• Pre-training: train a giant model on a giant amount of text with 
a simple objective (e.g. next token prediction)



Example (OLMo from AI2)

Pre-training vs Post-training

• Pre-training: train a giant model on a giant amount of text with 
a simple objective (e.g. next token prediction)

see more sample pre-training text: 
https://stanford-cs336.github.io/spring2025-lectures/var/sample-documents.txt



Pre-training vs Post-training

those are considered clean text…

• Pre-training: train a giant model on a giant amount of text with 
a simple objective (e.g. next token prediction)
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Pre-training vs Post-training

• Pre-training: train a giant model on a giant amount of text with 
a simple objective (e.g. next token prediction) 

• model capabilities emerge from pre-training! 

GPT-3 

OpenAI, 2020

In-context learning: simply showing examples of the task as 
part of the input string makes completions better



Pre-training vs Post-training

• Post-training: make the model actually useful (like ChatGPT) 

• The base, pre-trained LM is just an "autocomplete" (on steroids) 

• It knows a lot of things (from seeing all the data), but isn’t useful (it just 
follows the pattern of the input text)
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Pre-training vs Post-training

• Post-training: make the model actually useful (like ChatGPT) 

• instruction-following: make completions treat input as a question

The LM is a policy (recall 
MDP/RL lecture)! 

- generations = sample 
from the policy 

- reward = a model of 
human preference labels 

- training = policy 
gradient (basically) 

RLHF = RL from Human 
Feedback
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Pre-training vs Post-training

• Post-training: make the model actually useful (like ChatGPT) 

• safety-tuning: make model not answer bad questions 

• a cat-and-mouse game between attackers ("jailbreaking") and defenders…

ask in past tense
(Andriushchenko & Flammarion, 2025) ask as grandma bedtime story



Pre-training vs Post-training

• Post-training: make the model actually useful (like ChatGPT) 

• safety-tuning: make model not answer bad questions 

• a cat-and-mouse game between attackers ("jailbreaking") and defenders…

the possibility is endless
(Wei et al., 2023)



Pre-training vs Post-training

• Post-training: make the model actually useful (like ChatGPT) 

• Techniques (evolving): 

• SFT: Next-token prediction on instruction-following / refusal examples 

• RLHF: RL to reward instruction following / refusal behavior, labelled by 
humans 

• RLVR: Same as above but labelled by some automated verifier 

• Data curation: Remove harmful data from the beginning

SFT for instruction-following: 

input 
(seq prefix)

output 
(seq suffix)



• Key idea: build vocabulary using subword units, instead of 
enumerating all possible words (what if input is rArE or mispeled?) 

• Key technique: Byte-Pair Encoding (BPE) 

• start with 1 token = 1 character (+ common word + special tokens) 

• iteratively merge pairs of tokens into a new token by frequency 

• repeat till desired vocab size

Tokenization



Tokenization

https://www.youtube.com/watch?v=zduSFxRajkE

https://www.youtube.com/watch?v=zduSFxRajkE


• LMs can be pretty big and we don’t just run them on a laptop 

• For example, for Llama-3.3 70B: 

• Weights alone need ≈ 70B × 2 bytes/param =140GB memory 

• Vanilla training with Adam uses ~8x memory for gradients + 
optimizer states (1.12TB of memory…) 

• …and modern models are even bigger (trillions of parameters) 

• A single H100 GPU has 80GB memory 

• ???

Systems



Key idea #1 Quantization: store everything in lower precision 

• As low as 2-bit for inference, and 4-bit for training (active research) 

• 2-bit quantization = only 4 possible values for weights!  (16x less mem) 

• Basic procedure: allocating 2^k bins; then assign weights to "nearest" bins 
while minimizing loss 
 
 
 
 

Systems: Memory

Widely used to reduce memory 
+ speed up inference 
 
still active research (training 
stability, performance 
degradation at low bitwidth, …)



Key idea #2: Parallelism & Sharding 

• Data parallel: if model itself can fit on 1 GPU, cut the batch size till it fits 
and copy models on many GPUs, and combine results (e.g. gradients) 
 

Systems: Memory



Key idea #2: Parallelism & Sharding 

• Model parallel: if model + 1 example can’t fit… 

• Pipeline parallel: cut model layers 

Systems: Memory



Key idea #2: Parallelism & Sharding 

• Model parallel: if model + 1 example can’t fit… 

• Tensor parallel: cut individual matrices

Systems: Memory



Key idea #3: Be hardware-aware and write better code! 

• Most computation is bottlenecked by memory bandwidth, not raw compute  

• Kernel fusion: combine many small operations that go between memory / 
compute into a big operation

Systems: Efficiency



Key idea #3: Be hardware-aware and write better code! 

• Most computation is bottlenecked by memory bandwidth, not raw compute  

• Kernel fusion: combine many small operations that go between memory / 
compute into a big operation 

• Example: FlashAttention series

Systems: Efficiency



Key idea #4: Caching and batching 

• Cache model activations on common inputs (KV cache) 

• modern serving systems cache common prompts 

• in fact, caching becomes a security side-channel… [1][2] 

• Batch inputs before running the model to increase arithmetic intensity 

• this makes inference cheaper, so AI provides encourage you to do this

Systems: Efficiency

[1] https://arxiv.org/abs/2410.17175  
[2] https://arxiv.org/abs/2502.07776

https://platform.openai.com/docs/guides/batch
https://arxiv.org/abs/2410.17175
https://arxiv.org/abs/2502.07776


• Test-time scaling (reasoning, parallel sampling, …) 

• Distillation 

• Tool use 

• Training / inference techniques 

• mixed-precision, speculative decoding, model routing, … 

• Algorithmic innovations  

• better optimizers, architectures, RL algorithms, … 

• Thoughtful evaluations + benchmarking 

• Multi-modality (image, video, audio, …)

Other things that makes language models work…



Lecture plan

A gentle introduction for making sense of… 

1. What exactly are language models? 

2. Why is it a good idea to model language? 

3. What makes language models work? 

4. Where we are today



Language models are everywhere 

(← tokens are images, language, 
and robot actions!) 



Where we are today

• When we talk about language models, we now often implicitly 
refer to large language models (LLMs)  
• these are powerful artifacts that are having a real impact on society 

• Because of the industrialization, these LLMs are primarily 
developed by organizations, each with their own incentives 

• Many sell the LLM itself as a software (ChatGPT, Claude, …) 

• Many integrate them into products (Cursor, Lovable, …) 

• Many release them freely (Qwen, Llama, Kimi, DeepSeek) for strategic 
reasons, while others do so to advance open research (Olmo, Marin)



Where we are today
• Closed (frontier) models 

• Put behind a paid API; you can access them but identity linked 

• Supposedly have "secret sauce" on algorithms, data, systems, inference 
that make them better, faster, stronger; we just don’t know! 

• beat humans at coding (IOI), math (FrontierMath), knowledge (HLE) 

• They have caused international / governmental response (panic?) 

• People love them nonetheless 



Where we are today
• Open-weight models 

• Weights are uploaded on HuggingFace; you can do anything to them 
• inference (vLLM) / finetune (unsloth) / RL (verl), use for your startup, … 
• remove safety training, extract training data, study architecture, … 



Where we are today
• Open-weight models 

• Weights are uploaded on HuggingFace; you can do anything to them 
• inference (vLLM) / finetune (unsloth) / RL (verl), use for your startup, … 
• remove safety training, extract training data, study architecture, … 

• You wonder why they are free, then you realize running them isn’t free… 

• They are catching up to the closed frontier models 

• Data, compute, algorithms not always disclosed, but you’re fine with it



Where we are today
• Open-source models 

• Everything is open (data, training, weights, code, …) 

• Mostly academic (Olmo, Marin, LLM360, Pythia, …) 

• Small (still up to ~30B), toy-ish (though competitive to older generation 
frontier models), but opens up a lot of research opportunities  



Where we are today
• "Agents": 

• LLMs that are… 

• trained to use tools (e.g. web search, command line by generating the 
token corresponding to the tool)… 

• and are put inside a loop ("while task not done, do:") 

• Need special training 

• how to execute over long trajectories? how/when to use tools? … 



Where we are today
• AI safety 



Where we are today

• Copyright / fair use: is it ok to train on the world’s data? 

• Data and user privacy: through ChatGPT, OpenAI probably knows 
more about you than your parents 

• Security: models getting attacked to bad things, or bad actors use 
models to do bad things 

• Interpretability: can we understand model internals? 

• HCI: should we revisit how humans use computers, given LLMs? 

• … 

• More in the next lectures!



Good luck on your exam!


