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What is Machine Learning
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Learning 
Algorithm

Data

Knowledge



Taxonomy of Machine Learning
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Supervised Learning
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Housing Price Prediction
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Given: a dataset that contains  samples n

Task: if a residence has  square feet, predict its price? x

Example from Stanford CS229



Housing Price Prediction
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Given: a dataset that contains  samples n

Task: if a residence has  square feet, predict its price? x



Language Models
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Neural Language Model

<s> We are holding a

We are holding a conference

<latexit sha1_base64="X+aht7FGY+cQv645TGg/9Igi74Q="></latexit>

pNLM(w|c)



Large Language Models
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Large Language Models
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Brown et al.’20



Classification
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Labels are discrete

CAT



Logistic Regression
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There are many options of …. g

Link Function

Logistic Function

Sigmoid Function



Logistic Regression
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We want to express “if-then” logics, how?

Maximum likelihood estimation



Multi-Label Classification
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Given a training set ,  , 
we aim to model the distribution 

{(x(1), y(1)), ⋯, (x(n), y(n))} y(i) ∈ {1,2,⋯, k}
p(y |x; θ)

Categorical distribution,  p(y = k |x; θ) = ϕk

s.t. 
k

∑
i=1

ϕi = 1

 ?ϕi = θT
i x



Softmax Function
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Softmax: ℝk → ℝk

The denominator is a normalization constant



Multi-Label Classification
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Multi-Label Classification

Negative log likelihood

Cross-entropy loss 



Reinforcement Learning
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AlphaGo
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Atari Breakout Game

19

https://www.youtube.com/watch?v=V1eYniJ0Rnk


Reinforcement Learning
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RL can collect data interactively 



Train, Validation, Test
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Training data is the data we see and use during model development

Validation dataset is another set of pairs {( ̂x(1), ̂y(1)), ⋯, ( ̂x(m), ̂y(m))}
Does not overlap with training dataset 

Test dataset is another set of pairs {(x̃(1), ỹ(1)), ⋯, (x̃(L), ỹ(L))}
Does not overlap with training and validation dataset 

Completely unseen before deployment

Realistic setting



Neural Networks, 
Backpropagation
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Logistic Function as a Graph
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Computation Graph



Neural Networks 
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Multilayer Networks of Sigmoid Units
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Expressive Capabilities of ANNs
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Prediction using Neural Networks
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Gradient descent for training NNs
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w ← w − α ⋅
∂L
∂w

Gradient decent for 1 node:

Chain rule



Univariate Chain Rule
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Example:



Example of Chain Rule
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Using Chain Rules
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The goal isn’t to obtain closed-form solutions, but to be able to write a 
program that efficiently computes the derivatives



Univariate Chain Rule
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A Slightly More Convenient Notation
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Multivariate Chain Rule
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Example:



Multivariate Chain Rule
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Another Example
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Backpropagation
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[1] David Rumelhart, Geoffrey Hinton, Ronald Williams. Learning representations 
by back-propagating errors. Nature. 1986



Backpropagation
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Multilayer Perceptron (multiple outputs):



Backpropagation
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Backpropagation
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Stochastic Gradient Descent
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Vanilla backpropagation training is slow with lot of data and lot of weights

L = 𝔼x∼pdata
l(x) ≈

1
N

N

∑
i=1

l(xi)

Denote the loss of a single data example  as , the training loss  is:xi l(xi) L

This is slow on the entire training dataset, thus we approximate it:

N is the size of the 
entire training dataset

∇L = ∇𝔼x∼pdata
l(x) ≈ ∇

1
n

n

∑
i=1

l(xi)
n is the size of a 

random minibatch 
(batch size)

n can be as small as one
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Thank You!
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