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lan Goodfellow, Yoshua Bengio and Aaron Courville, “Deep
Learning,” MIT Press, 2016.

Neural

Netwoar::(sj Simon Haykin, “Neural Networks and Learning Machines,” 3'¢

Lz | Prentice Hall, 2008.
Mac_hines

Simon Haykin

Francois Chollet, “Deep Learning with Python,” 2" edition
Manning Publications, 2021.




Jason Brownlee, “Generative Adversarial Networks with
Python,” Machine Learning Mastery, 2019
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Generative
Deep Learning

Teaching Machines to Paint, Write,
Compose and Play

David Foster

David Foster, “Generative Deep Learning,” O’Reilly Media,
2019.

DEEP LEARNING
FOR COMPUTER VISION

Adrian Rosebrock, “Deep Learning for Computer Vision with
Python,” PYIMAGESEARCH, 2017.

Deep Learning

for Computer
Vision

Stephen Moore, “Deep Learning for Computer Vision”, Packt
Publishing, 2018.
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Week | lectures Topics Assignments
e Challenge of Al
e Venn-Diagram of Artificial Intelligence
Lecture 1: e The ML approach _ Homework #1
Introduction o Definition of Deep Learning
e Characteristics of Deep Learning
e Image Classification (Example)
Week 1
Lecture 2 e Learning Algorithms
Machine Learning e Example: Linear Regression
Basics(1) o First classifier: Nearest Neighbor
e Hyperparameters
Lecture 3: e Capacity, Overfitting, and Underfitting
Machine Learning e Estimators, Bias and Variance
Basics(2)
e Bayesian statistics
Week 2 | Lecture 4: e Maximum Likelihood Estimation (ML) Homework #2
Machine .Learning e Maximum a posteriori estimation
Basics(3) (MAP)
Lecture 5: e Types of machine learning problems
Machine Learning e Supervised learning
Basics(4) e Unsupervised learning
Week 3 e Weakly supervised learning
e Reinforcement learning
Lecture 6: e Gradient Based Optimization
Machine Learning e Optimization Algorithms
Basics(b)
Lecture 7: o Linear Classifier
Linear Classifier e Loss Functions
e Multiclass SVM
No class e Homework consideration
Lecture 8 o Deep Feedforward Networks
Feedforward Neural *  Basic Definitions




Networks (1)

Biological inspiration

Week 5 e Representation Learning
Lecture 9- ¢ Representation Learning (continue)
Feedforwérd Neural e Building Blocks of Deep Learning
Networks (2) e Design Decisions
Lecture 10 e Cost Function for Neural Networks
Feedforward Neural ¢ O_utput Unl_ts Homework #4
Networks(3) e Hidden Units
Week 6 . .
o Backprop with scalar-valued function
Lecture 11- e Backprop with vector-valued function
Backpropa.gation e Backprop with Matrices (or Tensors)
No lecture e Homework consideration
e Motivation
Lecture 12 e Regularization Strategies: Parameter
Week 7 | Regularization For Deep Norm P_enal_tles .
Models (1) e Regularization Strategies: Dataset
e Augmentation
e Regularization Strategies: Noise
Robustness
e Regularization Strategies: Early
Stopping
e Regularization Strategies: Parameter
Lecture 13 Tying and Parameter Sharing
Regularization For Deep | ® Regularization Strategies: Multitask
Week 8 | Models (2) Learning _ _
e Regularization Strategies: Bagging and
Other Ensemble Methods
e Regularization Strategies: Dropout
e Regularization Strategies: Adversarial
Training
No class e Homework consideration
e Convolutional Networks
Lecture 14 e Convolution
Convolutional Neural e Padding
Networks(1) e Convolutional Layer Parameters
o Type of layers in CNN
Week 9 hd
Lecture 15 e Non-Linear layers
Convolutional Neural * Pooling layers Homework #5

Networks(2)

Fully Connected Layers




Week 10

Lecture 16
Convolutional Neural
Networks (3)

Consider Some Popular CNN
Architectures

VGGNet

Google LeNet

Inception v2, v3
Convolutions: Motivation

Lecture 17
Autoencoder

Introduction

What is an Autoencoder?
General structure of an autoencoder
Rationale of an Autoencoder
A Simple Autoencoder

Linear Autoencoder

Nonlinear Autoencoder

Loss Function for Autoencoder
Training Autoencoder
Undercomplete Autoencoder
Regularized Autoencoder
Sparse Autoencoders
Denoising Autoencoders

Week 11

Lecture 18
Transfer Learning

Overview of Transfer Learning

Lecture 19
Deep Generative Models

Generative Model

Discriminative Model

Generative Modeling Framework
Probabilistic Generative Models

Naive Bayes

The Challenges of Generative
Modeling

Taxonomy of Deep Generative Models

Homework #6

Week 12

Lecture 20
Variational
Autoencoders (VAES) 1

Introduction

Dimensionality reduction, PCA and
autoencoders

Variational Autoencoders
(Definition and main concepts)

Lecture 21
Variational
Autoencoders (VAEs) 2

Intuitions about the regularization
Mathematical details of VAEs
Probabilistic framework and
assumptions

Variational inference formulation
Bringing neural networks into the
model

Lecture 22

Introduction and motivation




Generative Adversarial

Basic ldea of GAN

Networks (GAN)1 e How Do GAN Works
e GAN Algorithm
Week 13 ] ]
e Mathematical details of GAN
Lecture 23 * Tipsfor GAN
Generative Adversarial | ® WGA_N
Networks (GAN) 2 e Conditional GAN Homework #7
e Evaluation of Generation
Lecture 24 e Oral Presentations by students
Presentations
Week 14
Lecture 25 e Oral Presentations by students
Presentations
Week 15 | No lecture e Final exam




