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About Me

• UofT Bachelor’s and Master’s in this department


• Began my research career in Geoff Hinton’s lab in 2011


• Co-founded the AlphaGo project that was the first computer agent to defeat a 
world master in the game of Go


• Joined UofT faculty in 2020



Agenda

• What is machine learning? 

• What are large language models?


• What is driving the AI boom?



and machine learning

• CS: study problems whose 
solutions we can automate 
through systematic, mechanical 
means.


• What do we do if we don’t know 
how to design the solution?


• ML: study ways to learn 
solutions from examples or 
from experience.

Computer Science





starting from measurements

• Examples or experience are 
captured by measurement.


• E.g., silver crystals in film 
determining light intensity and 
your friend classifying an image.


• Measurements are stored as data.


• Learn from the data to predict the 
solution.


• E.g., image classification.

Learning to predict from examples

predict this



Setup

• Want to detect whether a flower 
is pointy or round.


• Given 10 example flowers, 
labelled by your botanist 
friend.


• To classify a new flower, we 
want an automated procedure 
that doesn’t rely on our friend to 
label it.

pointy-petalled round-petalled
A Silly Example



• First, we will store each flower 
as a list of numbers. 


• E.g., for flowers:


• the number of petals


• the length of longest petal


• the width of narrowest petal

length = 2

width = 1

representation = (6, 2, 1)

petals = 6

A Toy Example
Measurement



• A data point has a coordinate 
that represents it.


• We call this the input X.


• Each data point we have is either 
a pointy or round flower, as 
labelled by our friend.


• We call this the label Y.

A Toy Example
Inputs and labels



• What label do we predict for a 
new unseen point?


• We can use mathematics to find 
a plane that separates our 
data.


• The surface that separates the 
orange dots from the blue 
dots.

A Toy Example
Logistic regression



• Plane is our automated solution.


• For a new flower:


1. measure it to get an input 


2. check if above or below 
plane


• We predict round flower!


• That’s logistic regression.

A Toy Example
Logistic regression



Recap

• ML is the study of algorithms that learn from examples or experience.


• A lot of machine learning boils down to predicting future measurements. 


• When should you not use ML?


• If you can afford to take the measurement.


• If you can already make nearly perfect predictions, as in physics.



Agenda

• What is machine learning?


• What are large language models? 

• What is driving the AI boom?



• Early efforts at OpenAI were 
looking at models that were 
trained to predict text.


• Predict a span of text 
(“tokens”) given the preceding 
span of text.


• Trained on a corpus of books.


• Remember: 

Next Token Prediction

The quick brown fox
input context next token label

predict this



Large Language Models
are next-token predictors

• We call these next-token predictors, Large Language Models (LLMs).


• First OpenAI next-token predictors were called GPTs.


• To test LLMs on a task, you prompt them with text that encodes the task. 

• Fitting LLMs is very similar to logistic regression!

Who wrote the book The 
Origin of Species?

Charles Darwin
prompt completionpredict this



Logistic regression to ChatGPT
Decades of progress

More complex 
predictors

Slightly better 
algorithms

credit: Deniz Yuret
Li et al. 2018. Visualizing the Loss 

Landscape of Neural Nets.

More challenging 
fitting problems

credit: Wikipedia

But largely the same principles!



GPT-2
Training on internet text (WebText) results in multi-task LLMs

Radford et al. 2019. Language Models are Unsupervised Multitask Learners.



Is it just memorizing data?

• A data contamination study 
suggested that data overlap 
between WebText and 
evaluation datasets provided a 
small but consistent benefit.


• Comparable test vs. train overlap 
in common datasets as test vs. 
WebText train overlap.


• Therefore, memorization was not 
the dominant effect.

GPT-2

Radford et al. 2019. Language Models are Unsupervised Multitask Learners.



Why do LLMs do well on many tasks?
Maybe the natural structure of text gives LLMs task information

Lion King

context next token

My favourite movies: Alien, Star Wars,

task

Taxi DriverMovies from the 70s: Alien, Star Wars,

ArrivalSci. fiction movies: Alien, Star Wars,



• Blakeney et al (2024) trained 
with and without 
mathematically enriched 
text.


• Controlling for the amount 
of data, found that training 
on math-enriched data 
improved basic reading 
comprehension in their 
experiments.

Blakeney et al. 2024. Does your data spark joy? 
Performance gains from domain upsampling at the 

end of training.

Why do LLMs do well on many tasks?
Maybe capabilities are shared between tasks



Result: LLMs learn to learn
Trained LLMs take advantage of examples given in-context

Brown et al. 2020. Language Models are Few-Shot Learners.



Result: intuitive prompts improve performance
To improve LLM performance, you can literally talk to them

Kojima et al, 2022, Large Language Models are Zero-Shot Reasoners

(c) Zero-shot
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: The answer (arabic numerals) is 

(Output) 8 X

(d) Zero-shot-CoT (Ours)
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: Let’s think step by step. 

(Output) There are 16 balls in total. Half of the balls are golf 
balls. That means that there are 8 golf balls. Half of the golf balls 
are blue. That means that there are 4 blue golf balls. ✓

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: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf 
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are 
blue. So there are 8 / 2 = 4 blue golf balls. The answer is 4. ✓

(b) Few-shot-CoT(a) Few-shot

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: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The answer is 8. X

(c) Zero-shot
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: The answer (arabic numerals) is 

(Output) 8 X

(d) Zero-shot-CoT (Ours)
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A: Let’s think step by step. 

(Output) There are 16 balls in total. Half of the balls are golf 
balls. That means that there are 8 golf balls. Half of the golf balls 
are blue. That means that there are 4 blue golf balls. ✓

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: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf 
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are 
blue. So there are 8 / 2 = 4 blue golf balls. The answer is 4. ✓

(b) Few-shot-CoT(a) Few-shot

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: A juggler can juggle 16 balls. Half of the balls are golf balls, 
and half of the golf balls are blue. How many blue golf balls are 
there?
A:

(Output) The answer is 8. X
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Result: trained LLMs can learn to reason
LLMs fine-tuned to maximize accuracy learn to reason

DeepSeek AI, 2025, DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning



Recap

• LLMs train to predict the next token on web-scale text data


• Training to predict internet text results in massively multi-task predictors



Agenda

• What is machine learning?


• What are large language models?


• What is driving the AI boom?



On the back of LLMs, ML industrialized rapidly
We are consuming increasing amounts of compute

Sevilla et al., 2022. “Compute trends across three eras of machine learning”

A number of key results are 
driving this trend:



Why? loss improves predictably with scale
More data or parameters improves performance in a predictable way

Dataset Size 
tokens

Parameters 
non-embedding

Compute 
PF-days, non-embedding

Te
st

 L
os

s

Kaplan et al. 2020. Scaling Laws for Neural Language Models.



Why? capabilities emerge with scale
As models scale on internet data, they improve on very diverse set of capabilities 

Wei et al. 2022. Emergent Abilities of Large Language Models.



Why? improvement rates consistent across algorithms
Data and compute is like oil

Nguyen et al, 2024, Sequence modeling and design from molecular to genome scale with Evo



The results are predictable, the recipe simple
So, we industrialized

• The cost of fitting can be 
measured in compute (FLOPs).


• The performance of an LLM can 
be forecasted as a function of 
compute used to fit.


• So far, we’ve been able to 
predict the performance 
return on compute 
investment.

Observed
Prediction
gpt-4
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Capability prediction on 23 coding problems

OpenAI. 2023. GPT-4 Technical Report.



The Bitter Lesson
Could compute be the key driver?

• Rich Sutton wrote about this in a 2019 essay titled “The Bitter Lesson”. He 
was comparing two approaches to progress:


• researchers designing clever methods that capture knowledge of the data 


vs.


• compute invested into general-purpose algorithms


• The “bitter lesson”, he argues, is that compute-driven approaches are 
winning over longer time scales.



The Bitter Lesson
Could compute be the key driver?

• Results are fairly consistent across 
LLMs and training algorithms.


• Suggests our successes are 
determined by natural properties of 
human text. 

• Text is where we store reasoning, 
knowledge, etc.


• It is a very rich interface and text-
predictors inherit that richness.

“We believe there are three 
key levers in the development 
of high-quality foundation 
models: data, scale, and 
managing complexity.”

Llama 3 Tech Report



Recap

• LLMs improve as you scale the compute used to train them


• Incredible capabilities and massive multi-task abilities emerge as you scale


• The specific training algorithms seemingly have less impact



• Machine learning is starting to look more like biology: everything is about 
rates.


• Rate at which you can collect examples


• Rate at which you can convert examples into intelligence


• Traditional computer science still has a role to play in improving rates, but 
there are a bunch of interesting empirical questions that look more like 
biology.


• Algorithms that learn from examples and experience inherit the richness of our 
world.

Parting thoughts



Thanks!


