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Announcements

• Project milestone: Nov 25
• Ethics of AI: Tue, Dec 1, by Kevin Mills
– Please complete survey before class
– Email from Matthew  Kopec

• Project presentations
– Tue, Dec 8, 11:45am-1:25pm
– Wed, Dec 9, 12:00-2:00pm

• Project report
– Tue, Dec 15
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Outline

• Backpropagation algorithm
– Example for 2-layer neural network 

• Lab on Convolutional Neural Networks
• Regularization
– Weight decay (aka ridge regularization)
– Dropout

• Transfer Learning
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How to train Neural Networks?

• Backpropagation algorithm
• David Rumelhart, Geoffrey Hinton, Ronald 

Williams. "Learning representations by back-
propagating errors". Nature. 323 (6088): 533–
536. 1986

• Applicable to both FFNN and CNN
• Extension of Gradient Descent to multi-layer 

neural networks  
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Training Neural Networks
• Training data 𝑥!, 𝑦!, … 𝑥", 𝑦"
• One training example 𝑥# = 𝑥#!, … 𝑥#$ , label 𝑦#
• One forward pass through the network
– Compute prediction!𝑦! = ℎ(𝑥!)

• Loss function for one example
– 𝐿 )𝑦, 𝑦 = −[ 1 − 𝑦 log 1 − )𝑦 + 𝑦 log )𝑦]

• Loss function for training data
– 𝐽 𝑊, 𝑏 = "

#
∑! 𝐿 (!𝑦! , 𝑦!) + 𝜆𝑅(𝑊, 𝑏)
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Cross-entropy loss



GD for Neural Networks

• Initialization
– For all layers ℓ
• Initialize 𝑊[ℓ], 𝑏[ℓ]

• Backpropagation
– Fix learning rate 𝛼
– For all layers ℓ (starting backwards)

• 𝑊[ℓ] = 𝑊[ℓ] − 𝛼∑$%&' ()( +,!,,!)
(/ ℓ

• 𝑏[ℓ] = 𝑏[ℓ] − 𝛼∑$%&' ()( +,!,,!)
(0 ℓ
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Example 2 Hidden Layers
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Training data
Dimension d

𝑊[&] 𝑊[1] 𝑊[2]

𝑏[&] 𝑏[1] 𝑏[2]

𝑥!"

𝑥!#

𝑥!



Definitions
– 𝑧[ℓ] = 𝑊[ℓ] 𝑎 ℓ$% + 𝑏[ℓ], 𝑎[ℓ] = 𝑔 𝑧 ℓ

– 𝛿[ℓ] = &'( )*,*)
&-[ℓ]

; Output .𝑦 = 𝑎['] = 𝑔 𝑧 '

1. For last layer L: 𝛿['] = &'( )*,*)
&-[$]

=&'( )*,*).& )*
& )*
.& 𝒛[𝑳]

= &'( )*,*)
.& )*

𝑔0 𝑧 '

2. For layer ℓ: 𝛿[ℓ] = &'( )*,*)
& - ℓ = &'( )*,*)

& - ℓ&'
&- ℓ&'

&1[ℓ]
&1 ℓ

&-[ℓ]
= 𝛿[ℓ2%]𝑊[ℓ2%]𝑔′(𝑧[ℓ])

3. Compute parameter gradients

– &'( )*,*)
& 3 ℓ = &'( )*,*)

& - ℓ
&-[ℓ]

& 3 ℓ = 𝛿[ℓ]𝑎 ℓ$% 4

– &'( )*,*)
& 5 ℓ = &'( )*,*)

& - ℓ
&-[ℓ]

& 5 ℓ = 𝛿[ℓ]

Backpropagation
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𝛿[%]𝛿[']𝛿[#]

𝐿 𝑦, +𝑦 = −[ 1 − 𝑦 log 1 − +𝑦 + ylog +𝑦]



Binary Classification Example
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Binary Classification Example
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Binary Classification Example
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Given training set 𝑥&, 𝑦& , … , 𝑥', 𝑦'
Initialize all parameters 𝑊[ℓ], 𝑏[ℓ] randomly, for all layers ℓ
Loop 

Training NN with Backpropagation
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Update weights via gradient step

• 𝑊$=
[ℓ] = 𝑊$=

[ℓ] − 𝛼
>!#
[ℓ]

'
• Similar for 𝑏$=

[ℓ]

Until weights converge or maximum number of epochs is reached

Set Δ$=
[?] =0, for all layers 𝑙 and indices 𝑖, 𝑗

For each training instance 𝑥@, 𝑦@ :
Compute 𝑎[&], 𝑎[1], … , 𝑎[)] via forward propagation 
Compute errors 𝛿[)] = 𝑎[)] − 𝑦@, 𝛿 )A& , … 𝛿 &

Compute gradients Δ$=
[?] = Δ$=

[?] + 𝑎=
[?A&]𝛿$

[?]

EPOCH



Training Neural Networks
• Randomly initialize weights
• Implement forward propagation to get prediction 
*𝑦# for any training instance 𝑥#

• Compute loss function 𝐿 ,𝑦# , 𝑦#
• Implement backpropagation to compute partial 

derivatives 45( .6B,6B)
48 ℓ and 45( .6B,6B)

49 ℓ

• Use gradient descent with backpropagation to 
compute parameter values that optimize loss

• Can be applied to both feed-forward and 
convolutional nets
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Materials
• Stanford tutorial on training Multi-Layer 

Neural Networks
– http://ufldl.stanford.edu/tutorial/supervised/Mult

iLayerNeuralNetworks/
• Notes on backpropagation by Andrew Ng
– http://cs229.stanford.edu/notes-

spring2019/backprop.pdf
• Deep learning notes by Andrew Ng
– http://cs229.stanford.edu/notes2020spring/cs229

-notes-deep_learning.pdf
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http://ufldl.stanford.edu/tutorial/supervised/MultiLayerNeuralNetworks/
http://cs229.stanford.edu/notes-spring2019/backprop.pdf
http://cs229.stanford.edu/notes2020spring/cs229-notes-deep_learning.pdf


GD for Neural Networks

• Initialization
– For all layers ℓ
• Set 𝑊[ℓ], 𝑏[ℓ]at random

• Backpropagation
– Fix learning rate 𝛼
– For all layers ℓ (starting backwards)

• 𝑊[ℓ] = 𝑊[ℓ] − 𝛼∑$%&' ()( +,!,,!)
(/ ℓ

• 𝑏[ℓ] = 𝑏[ℓ] − 𝛼∑$%&' ()( +,!,,!)
(0 ℓ
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This is 
expensive!



Stochastic Gradient Descent

• Initialization
– For all layers ℓ
• Set 𝑊[ℓ], 𝑏[ℓ]at random

• Backpropagation
– Fix learning rate 𝛼
– For all layers ℓ (starting backwards)
• For all training examples 𝑥$, 𝑦$

–𝑊[ℓ] = 𝑊[ℓ] − 𝛼 ()( +,!,,!)
(/ ℓ

– 𝑏[ℓ] = 𝑏[ℓ] − 𝛼 ()( +,!,!)
(0 ℓ
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Incremental 
version of GD



Mini-batch Gradient Descent

• Initialization
– For all layers ℓ
• Set 𝑊[ℓ], 𝑏[ℓ] at random

• Backpropagation
– Fix learning rate 𝛼
– For all layers ℓ (starting backwards)
• For all batches b of size B with training examples 𝑥$0, 𝑦$0

–𝑊[ℓ] = 𝑊[ℓ] − 𝛼∑$%&C ()( +,!&,,!&)
(/ ℓ

– 𝑏[ℓ] = 𝑏[ℓ] − 𝛼∑$%&C ()( +,!&,,!&)
(0 ℓ
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Gradient Descent Variants
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Gradient Descent Variants
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CNN Lab: Load Data
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Matrix 
form



Model Architecture
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Vector form

10 filters, size 3x3x1

5 filters, size 3x3x10



Model Summary
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Results
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Overfitting
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• The larger the network, the higher the capacity 
(more model parameters)

• But also more prone to overfitting!



Regularization
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Weight decay

• When computing gradients of loss function, regularization 
term needs to be taken into account



Dropout
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• Regularization technique that has proven very 
effective for deep learning

• Srivastava et al. Dropout: A Simple Way to Prevent 
Neural Networks from Overfitting. Journal of Machine 
Learning Research 15,  2014



Dropout
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• At training time, sample a sub-network and learn 
weights
• Keep each neuron with probability p

• At testing time, all neurons are there, but reduce 
weight by a factor of p



Dropout Implementation
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Dropout 
regularization



Results on MNIST
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Outline

• Backpropagation algorithm
– Example for 2-layer neural network 

• Lab on Convolutional Neural Networks
• Regularization
– Weight decay (aka ridge regularization)
– Dropout

• Transfer Learning
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Transfer Learning
• Improvement of learning in a new task through the 

transfer of knowledge from a related task that has 
already been learned.

• Weight initialization for CNN

• Two major strategies
– ConvNet as fixed feature extractor
– Fine-tuning the ConvNet



Transfer Learning
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Visualizing Filters in VGG 16
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• First layers: general learners
• Low level notion of edges

• Last layers: specific learners
• High-level features: eyes, 

objects



Transfer Learning in NN: Freeze Layers
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Methods for Transfer Learning
• Use a pre-trained model
– https://modelzoo.co/

1. Use Convolutional Nets as Feature Extractor
– Take a ConvNet pretrained on ImageNet 
– Remove the last fully-connected layer
– Train the last layer on new dataset (usually a linear 

classifier such as logistic regression or softmax)
2. Fine-tuning 
– Decide to freeze first n layers 
– Train the remaining layers and stop backpropagation 

at layer n
– In the limit fine-tuning can be applied to all layers
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https://modelzoo.co/


How to do Transfer Learning
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Learning and Transferring Mid-Level Image Representations using 
Convolutional Neural Networks [Oquab et al. CVPR 2014]

http://www.cv-foundation.org/openaccess/content_cvpr_2014/papers/Oquab_Learning_and_Transferring_2014_CVPR_paper.pdf
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