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What is machine learning?

• Approach to artificial intelligence (AI) that involves learning from data
• But what is AI?
 Simulation of complex pattern recognition and decision making processes 

typically associated with human intelligence 

• Which is better?

AI

ML

Programming machines 
to make decisions Giving machines ability to 

learn how to make decisions



https://digitalwellbeing.org/artificial-intelligence-timeline-infographic-from-eliza-to-tay-and-beyond/

?



https://www.daniellejwilliams.com/ files/ugd/a6ff55 cac7c8efb9404a208c0ecd284ff11ba7.pdf



What is the power of machine learning?

• Suppose I ask you to write a program that identifies numbers in 
images:

• How would you write the program?

• How do we identify numbers we have seen?



Another Example:  What is this image?



Can AI Recognize Cats?  How?

Fur
Ears

Tail

Whiskers



But Other Animals Have These Too!

We need more detailed/complex rules!



Machine Learning:  Learning by Example

Artificial 
Intelligence

Machine 
Learning/ 

Deep 
Learning

This is a cat because
• It has fur
• It has pointy ears
• It has whiskers
• It meows
• …

This is a cat because 
it looks like these:



• What if I’ve only seen one 
thing in my whole life and I’m 
told it’s a “foo”?

• Now I see something 
different.  What is it?

A Quick Thought Experiment…

Foo

?

I have to assume that either everything is a Foo or only one thing is a Foo.



A Quick Thought Experiment…

• Now, suppose I’ve seen 
some more examples of 
Foo and some other 
examples of something else 
called “Bar”

• With more example, I can 
make a better prediction 
that this is a Bar:

Foo Foo Bar Bar

Hypothesis:  Bar

This simple example illustrates the importance of data.  We typically need LOTS of it for machine learning.



Every machine learning algorithm looks like 
this:
• We want the machine to learn *something* about a set of data 𝒟𝒟

• We use a learning algorithm 𝒜𝒜 to find parameters 𝜃𝜃 of a hypothesis 
function ℎ (also called the model)   Learning phase

• We can then use the learned model to estimate *something* (�𝐲𝐲) about an 
input u, which may or may not be in 𝒟𝒟  Inference phase

ℎ𝜃𝜃𝐮𝐮 �𝐲𝐲

𝒜𝒜

𝜃𝜃

𝒟𝒟

Learning phase
Inference phase



Here’s an example:

• Imagine we have the following dataset  𝒟𝒟 = 𝑢𝑢 𝑝𝑝 ,𝑦𝑦 𝑝𝑝 , where 𝑝𝑝 is 
the index of the datapoint

• We want to learn the relationship between 𝑢𝑢 and 𝑦𝑦.
• Since it looks linear, let’s assume �𝑦𝑦 = ℎ𝜃𝜃(𝑢𝑢) = 𝑚𝑚𝑚𝑚 + 𝑏𝑏, so 𝜃𝜃 = 𝑚𝑚, 𝑏𝑏
 Once we find the slope and intercept, we can estimate 𝑦𝑦 for any value of 𝑢𝑢
 But what is 𝒜𝒜?  i.e., how do we find 𝑚𝑚 and 𝑏𝑏?
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of coffee

𝑢𝑢

𝑦𝑦

Pr
od

uc
tiv

ity

Time since last cup 
of coffee

𝑢𝑢

�𝑦𝑦



So many options…

• One of the biggest challenges is figuring out what should be 𝒟𝒟, 𝒜𝒜, ℎ, 
etc. … Not to mention, each of these will have their own internal 
parameters

• Use the simplest dataset, algorithm, and model possible!
 No need to use a giant convolutional neural network to learn a linear 

relationship

• Let’s break 𝒟𝒟, 𝒜𝒜, ℎ into some useful categories



Some categories of 𝒟𝒟

• By modality:
 Images and videos, text, physics data,

bio signals, weather, … 
 You can find lots of cool datasets at

www.paperswithcode.com
• By labeled/unlabeled
 Labeled datasets are of the type 𝒟𝒟 = 𝐮𝐮 𝑝𝑝 ,𝐲𝐲 𝑝𝑝 , where 𝐲𝐲 is 

the label or dependent variable
 𝐮𝐮 =                     , 𝑦𝑦 = 5   or  𝐲𝐲 = [0,0,0,0,0,1,0,0,0,0]

The label tells us what we expect our model’s output to be for the 
corresponding input

 Unlabeled datasets are of the type 𝒟𝒟 = 𝐮𝐮 𝑝𝑝

We don’t know what the model output “should” be.  

CIFAR-10

IMDB

BraTS 2017

Libri Speech

JetClass

Many 
datasets 
will have 
a mix of 
these 2

http://www.paperswithcode.com/


Some categories of 𝒜𝒜

• Supervised learning
 Model parameters 𝜃𝜃 are found by minimizing the loss (error) between �𝐲𝐲 𝑝𝑝  and 𝐲𝐲 𝑝𝑝  

for all 𝐮𝐮 𝑝𝑝  in the dataset:
 𝒜𝒜:   𝜃𝜃 = arg min

𝜃𝜃
ℒ 𝒟𝒟, ℎ𝜃𝜃

 Example: linear regression

• Unsupervised learning
 Model parameters are found by analyzing the statistics of the data
 There is still a loss function, we just might not know what it is…
 Example:  clustering

• Reinforcement learning
 Model parameters updates are “reinforced” when they lead to better performance
 Example:  Q Learning



Some Categories of ℎ
• Linear models:  �𝐲𝐲 = 𝑚𝑚𝐮𝐮 + 𝑏𝑏
• Nearest neighbors:  �𝐲𝐲 = 𝐲𝐲 𝑝𝑝 , 𝐮𝐮 − 𝐮𝐮𝑝𝑝 < 𝐮𝐮 − 𝐮𝐮𝑖𝑖  ∀ 𝑖𝑖 ≠ 𝑝𝑝

• Decision trees:  �𝐲𝐲 = �
𝐚𝐚 cond1⋀ cond2
𝐛𝐛 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐⋀¬cond2
𝐜𝐜 ¬cond1

• Bayesian:  �𝐲𝐲 = arg max
𝐲𝐲

 𝑝𝑝 𝐲𝐲 𝒟𝒟

• Neural networks:  �𝐲𝐲 = 𝑓𝑓 𝐖𝐖𝐿𝐿𝑓𝑓 𝑊𝑊𝐿𝐿−1𝑓𝑓(…𝑓𝑓(𝐖𝐖1𝐮𝐮  
…and LOTS more…



No Free Lunch

• With so many possible implementations of machine learning, you 
may wonder:  Isn’t there just one combination of data, algorithm, and 
hypothesis function that works for everything?

 No…Any machine learning model that performs very well for a specific 
problem will perform terribly for a different problem
 No Free Lunch:  Set of theorems that roughly state:

Any machine learning model averaged over all possible problems will have random 
chance performance

Random chance performance:  The performance of the model we expect to get if we just 
“guess” a hypothesis function



No Free Lunch

• Example:  Suppose you trained a neural network to identify license 
plates in images, and this is the only task you trained it for.
 We don’t expect that the same neural network will magically also be able to 

count the number of cats in the same images.

• No Free Lunch is fairly obvious, but makes us manage our 
expectations of machine learning models
 The model is only as good as the data it’s been trained on and the prior 

knowledge encoded into the model structure/algorithm



No Free Lunch

• In order to contend with No Free Lunch, we usually assume that the 
data encountered during the inference phase (test data) will be 
similar to the data encountered during the learning phase (training 
data):
 Training data and test data should be identically distributed (stationarity)
 Need enough training data to approximate population distribution 

Population 
distribution

Training data

Test data

𝑝𝑝

𝒟𝒟

𝑝𝑝

𝒟𝒟

Model will perform well on test data. Model will not perform well on test data.



Generalization

• Generalization is the ability of a machine learning model to perform 
well on data that it hasn’t been trained on (i.e. the test data)

• Example:  Suppose we train a machine learning model to recognize 
pictures of cats:

• The part of 𝒟𝒟 that we use for training (the training set):
 After we train our model, we expect it should be able to recognize these 

kitties!

• But will it recognize my kitty?



Generalization

• It’s much harder to get a machine learning model to generalize 
(perform well on unseen test data) than it is for the model to 
memorize training data
 Why?  Why do we care if it can generalize?

• How do we get it to generalize better?
 Can be done through 𝒟𝒟, 𝒜𝒜, or ℎ

𝒟𝒟 : More of it or more representative samples
𝒜𝒜 : Regularization to prevent 𝜃𝜃 values from being too “specific” to the 

training data (called overfitting)
ℎ : Restrict the model capacity or put more prior knowledge into the model

More on these 
techniques 
throughout the 
course



PAC Learning Theory
• Probably Approximately Correct
• Provides some theoretical guarantees

about generalization under stationarity
assumption

• Probability that ℎbad agrees with 𝑛𝑛
training samples:  

𝑝𝑝 ℎbad 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑛𝑛 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≤ 1 − 𝜖𝜖 𝑛𝑛

• Probability that at least one bad hypothesis is consistent with training 
data:

𝑝𝑝 ℋbad has 1 consistent hypothesis ≤ ℋ𝑏𝑏𝑏𝑏𝑏𝑏 1 − 𝜖𝜖 𝑛𝑛 ≤ ℋ 1 − 𝜖𝜖 𝑛𝑛 ≤ ℋ 𝑒𝑒−𝜖𝜖𝜖𝜖

• So, 𝑛𝑛 ≥ 1
𝜖𝜖

ln 1
𝛿𝛿

+ ln ℋ  gives ℋ 𝑒𝑒−𝜖𝜖𝜖𝜖 ≤ 𝛿𝛿

ℋ

ℎ𝜃𝜃∗

𝜖𝜖

“Approximately Correct” 
hypotheses with error ≤ 𝜖𝜖

ℎbad

ℋbad

Used fact that 1 − 𝜖𝜖 ≤ 𝑒𝑒−𝜖𝜖
For 0 ≤ 𝜖𝜖 ≤ 1

A hypothesis that is consistent with this value of 𝒏𝒏 will probably (𝜹𝜹) be approximately (𝝐𝝐) correct. 



What Should be the Goal of Our Learning 
Algorithm 𝒜𝒜?
• In general, it depends on the problem, but one

intuitive approach is maximize the likelihood that
our model produces the data from our dataset 𝒟𝒟
 This is called the “maximum likelihood estimate” of model parameters:

𝜃𝜃𝑀𝑀𝑀𝑀 = arg max
𝜃𝜃

 𝑝𝑝ℎ 𝒟𝒟|𝜃𝜃

Where 𝑝𝑝ℎ 𝒟𝒟|𝜃𝜃  is the probability of our hypothesis function producing 
𝒟𝒟, given the parameterization 𝜃𝜃



Maximum Likelihood

• Note that we can also write ML like this:

𝜃𝜃𝑀𝑀𝑀𝑀 = arg max
𝜃𝜃

 𝑝𝑝ℎ 𝒟𝒟|𝜃𝜃 = arg max
𝜃𝜃

 �𝑝𝑝ℎ 𝒟𝒟(𝑖𝑖)|𝜃𝜃

where 𝑖𝑖 is the index into the dataset, and 𝑝𝑝 is the probability.

• It’s nicer to write this in terms of logarithms:

𝜃𝜃𝑀𝑀𝑀𝑀 = arg max
𝜃𝜃

� log𝑝𝑝ℎ 𝒟𝒟 𝑖𝑖 |𝜃𝜃

 We call this the log likelihood and plays many important roles in machine learning
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