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Announcements
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• Project Milestone
– Due today, April 13

• Final Project
– Project video recording (5 minute presentation) 

due on May 2
– Project report due on May 2 (6-8 pages)

• Final exam: April 20



Outline
• Convolutional neural networks
– Convolution layer
– Max pooling
– Well-known convolutional networks architectures

• Regularization methods for neural networks
– Weight decay
– Dropout

• Transfer learning 
• Final exam review
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Neural Network Architectures
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Feed-Forward Networks

Convolutional Networks



Review FFNN
• Feed-Forward Neural Networks are common 

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

Perceptron (MLP)
– Usually use 1 or 2 hidden layers

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

activations at every layer
• Activations:
– ReLU, tanh for hidden layers
– Sigmoid (binary classification) and softmax (for multi-

class classification) at last layer
• Forward propagation: process of evaluating input 

through the network
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Convolutional Nets

• Neurons are connected from layer to the next
– Invented by [LeCun 89]

• Applicable to data with natural grid topology
– Time series
– Images 

• Use convolutions on at least one layer
– Convolution is a linear operation that uses local 

information 
– Also use pooling operation
– Used for dimensionality reduction and learning 

hierarchical feature representations
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Convolutional Nets
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Convolutions
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Convolution Layer
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• Depth of filter always depth of input
• Computation is based only on local information



Convolution Operation
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Convolution Layer
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Convolution Layer
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Convolution Layer
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Second, green filter

6 filters



Convolution Layer
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Second, green filter

6 filters



Examples
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10 5x5x3



Convolutional Nets
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Convolutional Nets
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Convolutional Nets
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Convolution layer: Takeaways

• Convolution is a linear operation
– Reduces parameter space of Feed-Forward Neural 

Network considerably
– Capture locality of pixels in images
– Smaller filters need less parameters
– Multiple filters in each layer (computation can be 

done in parallel)
• Convolutions are followed by activation 

functions
– Typically ReLU
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Convolutional Nets
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Pooling layer
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Max Pooling
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Convolutional Nets
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• FC layers are usually at the end, after several 
Convolutions and Pooling layers



LeNet 5
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History
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LeNet (left) and AlexNet (right)
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Main differences
• Deeper
• Wider layers
• ReLU activation
• More classes in output layer
• Max Pooling instead of Avg 

Pooling



VGGNet
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138 million 
parameters



Summary CNNs
• Convolutional Nets have at least one convolution layer 

and optionally max pooling layers
• Convolutions enable dimensionality reduction, are 

translation invariant and exploit locality
• Much fewer parameters relative to Feed-Forward 

Neural Networks
– Deeper networks with multiple small filters at each layer is 

a trend
• Fully connected layer at the end (fewer parameters)
• Learn hierarchical feature representations
– Data with natural grid topology (images, maps)

• Reached human-level performance in ImageNet in 
2014
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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.

• Motivation: Reuse representations learned by expensive 
training procedures that cannot be easily replicated
– Image classification on ImageNet is very expensive (VGG-16: 138 

million, ResNet 50: 23 million parameters)
– Generative language models very large (BERT: 110 million, GPT-

2: 1.5 billion, GPT-3: 175 billion parameters)

• Two major strategies
– Pretrained Neural Network as fixed feature extractor
– Fine-tuning the Neural Network



Transfer Learning
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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
– Use a smaller learning rate 
– In the limit fine-tuning can be applied to all layers
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https://modelzoo.co/


Transfer Learning in NN: Freeze Layers
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How to do Transfer Learning
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Final Exam Review



DS-4400 Course objectives
• Become familiar with machine learning tasks
– Supervised learning vs unsupervised learning
– Classification vs Regression 

• Study most well-known algorithms and 
understand their details
– Regression (linear regression)
– Classification  (Naïve Bayes, decision trees, ensembles, 

neural networks)
• Learn to apply ML algorithms to real datasets
– Using existing packages in Python

• Learn about security challenges of ML
– Introduction to adversarial ML
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What we covered

Linear classification
• Perceptron
• Logistic regression
• LDA

• Bias-variance 
tradeoff

• Metrics
• Evaluation
• Cross-validation
• Regularization
• Gradient Descent

Linear Regression

Non-linear classification
• kNN
• Decision trees
• Naïve Bayes

Linear algebra Probability and statistics

Deep learning
• Feed-forward Neural Nets
• Architectures
• Forward propagation

Ensembles
• Bagging
• Random forests
• Boosting
• AdaBoost
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Bias-Variance Tradeoff

• Why learning is hard
• What overfitting means
• How to avoid it
– Regularization
– Cross validation to report performance 

• How different models improve generalization
– Decision trees: limit tree depth
– Ensembles randomize the training data in each 

model (bootstrap samples)
– Neural networks use dropout or weight decay
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ML Models
• Categorization
– Is it a linear or non-linear?
– Is it generative or discriminative?
– Is it an ensemble?

• For each ML model
– Understand how training is done
– Take a small example and train a model 
– Once you have a model know how to evaluate a 

point and generate a prediction
• Example: predict output by Naïve Bayes, decision tree, 

or neural network
38



LDA Training and Testing
Given training data 𝑥! , 𝑦! , 𝑖 = 1,… , 𝑛, 𝑦! ∈ {1,… , 𝐾}

1. Estimate 
sample mean and 
variance

2. Estimate prior

Given testing point 𝑥, predict k that maximizes:
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Naïve Bayes Classifier

𝑘 𝑘

TRAIN
• For each class label 𝑘

1. Estimate prior 𝜋" = 𝑃[𝑌 = 𝑘] from the data 
2. For each value 𝑣 of attribute 𝑋#
• Estimate P 𝑋# = 𝑣 𝑌 = 𝑘

TEST on INPUT 𝑥 = (𝑥$, … , 𝑥%)
• For every k, compute the probabilities 
• 𝑝" = 𝑃 𝑌 = 𝑘 ∏#&$

% 𝑃 𝑋# = 𝑥# 𝑌 = 𝑘]
• Classify x to the class k that maximizes 𝑝"
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Learning Decision Trees

Information Gain reduces uncertainty on Y
Can use Gini index
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Bagging
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Boosting
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Better classifiers will get 
higher weights• Mis-classified examples 

get higher weights
• Correct examples get 

lower weights

Uniform weights

𝐺 𝑥 = 𝑠𝑖𝑔𝑛()
!"#

$

𝛽%ℎ%(𝑥))

ℎ#(𝑥)

ℎ&(𝑥)

ℎ'(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



Feed-Forward Neural Network
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𝑎!
[#]

𝑎#
[#]

𝑎%
[#]

𝑎&
[#]

Layer 0 Layer 1 Layer 2

𝑊[0]

𝑏[2]
𝑏[0]

Training example
𝑥 = (𝑥2, 𝑥0, 𝑥3)

𝑎'
[#]

𝑎#
[%]

No cycles

𝑊[2]

𝜃 = (𝑏[2], 𝑊[2], 𝑏[0], 𝑊[0]) 



Convolution Layer
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When to use each model
• Assumptions:
– Naïve Bayes assumes conditional independence 

between features given class

• Linear models work well for linearly separable 
data

• Decision trees work well for categorical data 
• Ensembles are powerful models
– Need a lot of training data available 
– Reduce variance of single models 
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Comparing classifiers
Algorithm Interpretable Model size Predictive 

accuracy
Training time Testing time

Logistic 
regression

High Small Lower Low Low

kNN Medium Large Lower No training High

LDA Medium Small Lower Low Low

Decision 
trees

High Medium Lower Medium Low

Ensembles Low Large High High High

Naïve Bayes Medium Small Lower Medium Low

Neural 
Networks

Low Large High High Low
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