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Outline
• Deep Learning
– Motivation
– Goals

• Deep Learning as representation learning
• Perceptron and its limitations
• Feed-forward neural networks
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SVM Classifier
• Support Vector Classifier (SVC, linear SVM)
– SVC classifier is linear combination of dot product 

between testing point and support vectors
– h 𝑧 = 𝜃! + ∑"∈$ 𝛼" < 𝑧, 𝑥" >
– Two methods to train:

• Solve directly optimization problem to find maximum margin
• Gradient descent with hinge loss objective

• SVM classifier
– Select a kernel function 𝐾
– SVM classifier is linear combination of kernel between 

testing point and support vectors
– h 𝑧 = 𝜃! + ∑"∈$ 𝛼"𝐾(𝑧, 𝑥")
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Comparing SVM with other classifiers

• SVM is resilient to outliers
– Similar to Logistic Regression
– LDA or kNN are not 

• SVM can be trained with Gradient Descent
– Hinge loss cost function

• Supports regularization
– Can add penalty term (ridge or Lasso) to cost 

function
• Linear SVM is most similar to Logistic 

Regression
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History of Deep Learning
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References

• Deep Learning books
– https://d2l.ai/ (D2L)
– https://www.deeplearningbook.org/ (advanced)

• Stanford notes on deep learning
– http://cs229.stanford.edu/summer2020/cs229-

notes-deep_learning.pdf

6

https://d2l.ai/
https://www.deeplearningbook.org/
http://cs229.stanford.edu/summer2020/cs229-notes-deep_learning.pdf


Before 2013
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Deep Learning
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§ End-to-end learning / Feature learning / Deep learning



Trainable Feature Hierarchy
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Learning Representations
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Deep Learning addresses the problem of 
learning hierarchical representations



Deep Learning vs Traditional Learning
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The Visual Cortex is Hierarchical
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Neural Function
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Analogy to Human Brain
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Neural Networks
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Neural Networks
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Training data

Training labels

Learned 
during training



Example
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Intermediate Features: Family size, 
Walkable, School quality

• Provide as input only training data: input and label
• Neural Networks automatically learn intermediate features!



Perceptron
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The Perceptron
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The Perceptron
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1
2

(𝑥#, 𝑦#)

𝜃! ← 𝜃! −
1
2
(ℎ" 𝑥# − 𝑦#)𝑥#!

𝜃! ← 𝜃! + 𝑦#𝑥#!

Perceptron Rule: If 𝑥! is misclassified, do 
𝜃 ← 𝜃 + 𝑦! 𝑥!



Online Perceptron
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T

Let 𝜃 ←[0,0,…,0]
Repeat:
Receive training example 𝑥#, 𝑦#
If 𝑦#𝜃$𝑥# ≤ 0 // prediction is incorrect

𝜃 ← 𝜃 + 𝑦# 𝑥#
Until stopping condition



Batch Perceptron
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T

Let 𝜃 ←[0,0,…,0]
Repeat:

Δ = [0,0, … , 0]
For 𝑖 = 1 to 𝑁 // Consider all training examples

If 𝑦#𝜃$𝑥# ≤ 0 // Prediction is incorrect
Δ ← Δ + 𝑦# 𝑥#.    // Accumulate all errors

𝜃 ← 𝜃 + %
& // Parameter update rule 

Until stopping condition

• Guaranteed to find separating hyperplane if 
data is linearly separable



Perceptron Limitations
• Is dependent on starting point
• It could take many steps for convergence
• Perceptron can overfit
– Move the decision boundary for every example

Which of this is 
optimal?
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History of Perceptrons

They are the basic building blocks for 
Deep Neural Networks
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Multi-Layer Perceptron
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Deep Learning Applications
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Success stories: Speech recognition
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Success stories: Machine Translation
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Success stories: Image segmentation
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Neural Network Architectures
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Feed-Forward Networks
• Neurons from each layer 

connect to neurons from 
next layer

Convolutional Networks
• Includes convolution layer 

for feature reduction
• Learns hierarchical 

representations

Recurrent Networks
• Keep hidden state
• Have cycles in 

computational graph



Feed-Forward Networks
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Layer 0 Layer 1 Layer 2 Layer 3



Feed-Forward NN

• Hyper-parameters
– Number of layers
– Architecture (how layers are connected)
– Number of hidden units per layer
– Number of units in output layer
– Activation functions 

• Other
– Initialization
– Regularization
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Feed-Forward Neural Network
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Vectorization

34

𝑧[$] = 𝑊[$]𝑥 + 𝑏[$] 𝑎[$] = 𝑔(𝑧 $ )
Linear Non-Linear



Review

• Perceptrons are limited in their ability to learn
• Feed-Forward Neural Networks are the most  

common neural networks architectures
– Fully connected networks are called Multi-Layer 

Perceptron
• Input, output, and hidden layers
– Linear matrix operations followed by non-linear 

activations at every layer
• Activations:
– Examples: ReLU, sigmoid
– Non-linear function
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