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Course Information
• Lecture mode

• Mix mode (online via ZOOM and onsite)

• ZOOM link: https://cuhk-edu-
cn.zoom.us/j/7857419318?pwd=ZkVrNHRaRE9tdm52MENGU2RHWmRTUT09

• Classromm: Zhixin building 111

• Lecture time
• Monday: 15:30-16:50

• Wednesday: 15:30-16:50

• Unofficial optional tutorials
• To be discuss (starting 10/1/2023)

• Office hour
• Tuesday: 15:00-17:00
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Assessment
Items Percentage

Quiz 1 & 2 15% + 15%

Mid-term Exam 20%

Final Project 50%

• Quiz 1 (15%)
• Train the image classification model
• 3 pages report, and no collaboration

• Quiz 2 (15%)
• Train a NLP related model
• 3 pages report, and no collaboration

• Mid-term Exam (30%)
• 20~30 questions about the basic concept

• Final Project (40%)
• Topics: object detection, segmentation, generative model
• You should submit

• Choose on topic and submit code and sample data
• A term report of 4 pages (excluding figures) in maximum, double 

column, font size is equal or larger than 10.
• No more than 3 teammates.
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Course Materials
• All lecture notes and sample code used in the lecture and tutorial will be 

provided to student via Blackboard

• Textbook

• Ian Goodfellow and Yoshua Bengio and Aaron Courville, “Deep 
Learning,” MIT Press, 2016, Link：https://www.deeplearningbook.org/

• Aston Zhang, Zachary C. Lipton, Mu Li, and Alexander J. Smola, “Dive 
into Deep Learning”, 2022, download link https://d2l.ai/d2l-en.pdf

• Reading Material

• All of the papers relevant to the course will be given in each lecture.
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Teaching Plan
Week Topics Requirements

1 Introduction

2 Convolutional Neural Network 1

3 Convolutional Neural Network 2 Release Quiz1

4 Computer Vision Basic 1

5 Computer Vision Basic 2 Release the topics of final project

6 Recurrent Neural Network

7 Natural Language Processing Basic DDL of Quiz 1 & Release Quiz 2

8 Attention and Transformer 1

9 Attention and Transformer 2

10 Mid-term Exam (TBD)

11 Graph Neural Network DDL of Quiz 2

12 Deep Generative Model

13 Self-supervised Learning 

14 Unify Vision and Language (TBD) DDL of Final Project
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Tutorial Plan

Timees Topics

1 Pytorch Tutorial

2 OpenMMLAB Tutorial I

3 Deep Learning Applications I

4 Deep Learning Applications II

5 NLP Framework Tutorial

6 Deep Learning Applications III
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Relation to Other Course
• Prerequisites:

• CSC1001 Intro to CS: Programming Methodology (Python Programming)

• DDA3020 Machine Learning (about 10% content overlap)

• Co-requisites 

• DDA4250 Mathematical Introduction to Deep Learning

• For Deep Reinformacement Learning, we recommend that you take Prof. LIU 
Guiliang's RL course

 If you feel difficult to understand the teaching content, please don’t hesitate to tell me or TAs, 
we will help you to tackle the difficulty. One of the way is to use the office hour for further 
discussion about the course content. If you feel the content is too easy, no worry, we can 
provide further reading materials on advanced and emerging topics (e.g., current research 
directions). Wish each of you an enjoyable learning experience! 



9

Outline

• History of artificial intelligence

• Introduction to machine learning

• Introduction to deep learning

• Review of Linear Regression

• Review of Logistic Classification
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History of artificial intelligence

https://ai100.stanford.edu/
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Turing Test (1950)

• Alan Turing in 1950

• Establish research goals for artificial intelligence
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Western Joint Computer Conference (1955)

Neural Network
• Oliver Selfridge
•  Design a general computational model
• Pay attention to architecture

Mental Simulation
• Allen Newell
• Design algorithms for specific tasks
• Pay attention to functionality

Two research routes of artificial intelligence have been laid, but 
now it seems that different routes lead to the same goal
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Dartmouth Conference (1956)
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Dartmouth Conference (1956)

Functionality

Architecture

Computational
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Chess Battle (1997)

• IBM's Deep Blue computer beats world chess champion
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A breakthrough in image recognition (2012)

• Based on deep learning, the accuracy of image recognition has been greatly improved

The error rate of the image recognition, the lower is better
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Human vs. Computer Go Battle (2016)

• The computer algorithm AlphaGo beats the Go world champion with the score of 4:1
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AI is a broad field of study 

• Artificial intelligence (AI) is intelligence demonstrated by machines (e.g., computer, 

robots), unlike the natural intelligence displayed by humans and animals, which 

involves consciousness and emotionality.

• AI covers many branches, mainly including machine learning (ML), computer vision 

(CV), natural language processing (NLP) and speech.
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Outline

• History of artificial intelligence

• Introduction to machine learning

• Introduction to deep learning

• Review of Linear Regression

• Review of Logistic Classification
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The objective of machine learning

Learn a mapping function from training data

• Example of classification

• Example of regression
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Machine learning aims at learning a function

• Given an input value or vector, a function assigns it with a value or vector

• One-to-many” mapping is not a function. “Many-to-one” mapping is a function.

• Note that a function can have a vector output or matrix output. For instance, the 

following formula is still a function

Not a function A function
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Function estimation

• We are interested in predicting y from input x and assume there exists a function 

that describes the relationship between y and x, e.g., y = f (x)

• If the function f’s parametric form is fixed, prediction function f can be 

parametrized by a parameter vector θ

• Estimating f from a set of training data

• With a better design of the parametric form of the function, the learner could 

achieve better performance

• This design process typical involves domain knowledge
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Supervised vs. unsupervised learning

Refer to:
https://towardsdatascience.com/supervised-vs-unsupervised-learning-14f68e32ea8d
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Example of machine learning

• Face recognition helps us realize convenient payment
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Example of machine learning

• Object detection for autonomous driving



27

Example of machine learning

• Action recognition helps analyze the behavior of each basketball player on the court.
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Example of machine learning

• Email spam classification
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Example of machine learning

• Speech recognition
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Example of machine learning

• Computer-aided medical diagnosis
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Example of machine learning

• Function of gene sequence classification
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Example of machine learning

• Financial time series prediction
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Machine learning is a sub-field of artificial intelligence

• Artificial intelligence: general reasoning, knowledge representation, planning and so on.

• Machine learning: learn to obtain a function with expected outputs

• Deep learning: machine learning with deep neural networks
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Machine learning systems

• Classification of types of fishes
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Classification model

• Each sample is represented by a d-dimensional feature vector.

• The goal of classification is to establish decision boundaries in the feature space to 

separate samples belonging to difference classes patterns belonging to difference 

classes
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Feature matters

• Properly choose features for different classification/regression problems is one of 

the key problems in machine learning applications

• Computer vision applications

• Histogram of Oriented Gradients (HOG) features

• Scale-invariant Feature Transform (SIFT) features

• Natural language processing applications

• Set of Words (SoW) representation & Bag of Words (BoW) representation

• If discriminative (good) enough features exist, even a very simple linear classifier 

can perform well

• Back in 1970s to early 2010s, features are mostly manually designed by humans 

according to experience
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Multi-dimensional feature vectors

• Jointly use two features (lightness and width)

• Each sample can be considered as a 2-dimensional point in the feature space

• The classification error on the training data becomes lower than using only one feature



38

Linearly separable features

• What makes good features: linearly separable features

• A linear classifier (decision boundary) that correctly classifies all training samples

• However, such a property cannot be met for most scenarios
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Training set and testing set

• The data with annotations should be separated into training set, validation set 

(optional), and testing set

• Reaching 100% accuracy on the training set cannot guarantee good performance to 

general unseen samples
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Training set and testing set
• The data with annotations should be separated into training set, validation set 

(optional), and testing set

• Reaching 100% accuracy on the training set cannot guarantee good performance to 

general unseen samples

• The model must have the capability of generalize to unseen (test) samples
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Model (learner) capacity

• Capacity. The ability of the learner (or called model) to discover a function taken 

from a family of functions. Examples:

• Linear predictor

• Quadratic predictor

• Degree-10 polynomial predictor

• The latter family is richer, allowing to capture more complex functions

• Capacity can be measured by the number of training examples                that the 

learner could always fit, no matter how to change the values of       and
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Underfitting

• The learner cannot find a solution that fits training examples well

• Underfitting means that the learner cannot capture some important aspects of the data

• Reasons for underfitting happens

• Model is not rich enough

• Difficult to find the global optimum of the objective function on the training set or easy to get stuck 

at local minimum

• Limitation on the computation resources (not enough training iterations of an iterative optimization 

procedure)

• Underfitting commonly happens in non-deep learning approaches with large scale 

training data and could be even a more serious problem than overfitting in some cases
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Overfitting

• The learner fits the training data well, but loses the ability to generalize well, i.e. it 

has small training error but larger generalization error

• A learner with large capacity tends to overfit

• The family of functions is too large (compared with the size of the training data) and it 

contains many functions which all fit the training data well.

• Without sufficient data, the learner cannot distinguish which one is most appropriate and 

would make an arbitrary choice among these apparently good solutions

• A separate validation set helps to choose a more appropriate one

• In most cases, data is contaminated by noise. The learner with large capacity tends to describe 

random errors or noise instead of the underlying models of data (classes)
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Model complexity (capacity)

• The goal is to classify novel examples not seen yet, but not the training examples!

• Generalization. The ability to correctly classify new examples that differ from 

those used for training

Overly complex models lead to complicated decision boundaries. 
It leads to perfect classification on the training examples, but 
would lead to poor performance on new patterns.

The decision boundary might represent the optimal tradeoff 
between performance on the training set and simplicity of 
classifier, therefore giving highest accuracy on new patterns.
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Optimal capacity

Typical relationship between capacity and both training and generalization (or 
test) error. As capacity increases, training error can be reduced, but the optimism 
(difference between training and generalization error) increases. At some point, 
the increase in optimism is larger than the decrease in training error (typically 
when the training error is low and cannot go much lower), and we enter the 
overfitting regime, where capacity is too large, above the optimal capacity. 
Before reaching optimal capacity, we are in the underfitting regime.

(Bengio et al. Deep Learning 2014)
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Machine learning systems

• Feature extraction
• Discriminative features
• Invariant features with respect to certain transformation
• A small number of features

• Classifier/regressor
• Tradeoff of classification errors on the training set and the model complexity
• Decide the form of the classifier
• Tune of the parameters of the classifiers by training

• Post-processing
• Risk: the cost of mis-classifying sea bass is different than that of mis-classifying salmon
• Prior: it is more likely for a fish to be the same class as its previous one
• Integrating multiple classifiers: classifiers are based on different sets of features
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Training cycle
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Data collection

• Collect both training data, validation data, and test data

• Label the ground truth annotations

• Is the training set large enough?

• Are the training data and the testing data collected under the same condition?

• Initial examination of the data to get a feel of data structure

• Summary of statistics

• Producing plots

• The analysis of the evaluation results may require further data collection
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Problem setup for supervised learning

• Given pairs of inputs and outputs, learn a function to map inputs to outputs

• Function inputs: features

• Function outputs: target outputs 

• One training sample:

• Training set of m samples:

• Hypothesis: the function to be learned to map a general input to the expected output, which 

can be presented as 
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Training and testing

• Training: conducting model training on the training data to learn the model parameters

• Inference (test): Using the trained model to predict the output of unseen data 

• If target variables y are continuous, the learning is a regression problem

• If target variables y can only take a small number of discrete values (classes), it is a 

classification problem
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Evaluation
• Apply the trained classifier to an independent validation set of labeled

• It is important to both measure the performance of the system and to identify the 

need for improvements in its system and to identify the need for improvements in 

its components

• Compare the error rates on the training set and the validation set to decide if it is 

overfitting or underfitting

• High error rates on both the training set and the validation set: underfitting

• Low error rate on the training set and high error rate on the validation set: overfitting
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Design cycle
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Outline
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Deep learning

• Deep learning aims at learning better feature representations 
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Neural networks
• Deep learning is based on neural networks

• Neural networks originates back to 1970s-1980s 
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What makes the difference?
• Deep learning becomes popular again in 2010s

• Large-scale training data

• Super parallel computing power (e.g. GPU and TPU)



57

Deep learning in neural networks
• Become hot since 2006

• Hinton et al., “A Fast Learning Algorithm for Deep Belief Nets,” Neural Computation, 2006

• Other famous researchers in deep learning
• Yann LeCun (NYU), Yoshua Bengio (U of Montreal)

• MIT Technology Review lists deep learning as one of the top-10 breakthrough 
technologies in 2013

• Neural networks with more hidden layers
• Many existing statistical models can be approximated as neural networks with one or 

two hidden layers
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Success of deep learning in 2011

• Speech recognition breakthrough in 2011 
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Success of deep learning
• Object classification over 1 million images of 1000 classes

• ImageNet Challenge 2012
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Success of deep learning

• ImageNet Challenge 2013

• All teams used deep learning

• MSRA, IBM, Adobe, NEC, Clarifai, Berkley, U. Tokyo, UCLA, UIUC, Toronto, etc.
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Success of deep learning

• Google’s neural machine translation system in 2016
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Success of Go playing in 2016

• DeepMind’s AlphaGo beat Go master Lee Sedol in 2016
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Success of deep learning in 2020

• DeepMind’s AlphaFold beats humans in protein folding estimation
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Success of text-based image generation in 2021

• OpenAI’s DALL-E
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Success of text-based image generation in 2022

• Personalizing Text-to-Image Generation using Textual Inversion
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Different types of deep learning

• Back in 2006, the name “deep learning” proposed by G. Hinton mostly describe 

deep neural networks trained in the unsupervised learning setting
• Restricted Boltzmann Machine
• Deep Belief Network
• Auto-encoder

• In the past a few years, deep learning research is dominated by supervised 

learning approaches
• Multi-layer perceptron (MLP)
• Convolutional Neural Network (CNN)
• Recurrent Neural Network (RNN)

• Since the recent two years, unsupervised deep learning and semi-supervised 

learning have re-gained much attention from the research community
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Outline

• History of artificial intelligence

• Introduction to machine learning

• Introduction to deep learning

• Review of Linear Regression

• Review of Logistic Classification
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Overview of supervised learning again

• Supervised learning aims to learn a function that maps input feature vectors to 

expected output values

• Process map for supervised learning
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The blood fat content example

• Input features of each sample would be two-dimensional vectors

•     is the weight of the i-th person in the training set

•     is the age of the i-th person

• Linear regression
• Approximate blood fat content as a linear function of feature vectors

• For more general n-dimensional feature vectors                  , where we assume              is a 
constant
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Linear regression
•                                     are the parameters (or weights) for learning

• Given a training set, how do we pick, or learn, the parameters of the regression model

• Given the training set, make                      close to     in the training set as much as possible

• How to measure the closeness of  the prediction        ?

• Use cost function or (lost function or just simply loss).

• This function is called Mean Squared Error (MSE) / L2 cost function

• Our goal would be to learn the model parameters to minimize the cost function

• This specific minimization problem (when m > n) with MSE cost function is called 

ordinary least squares problem
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Gradient descent for optimization
• Use a search algorithm that starts with some “initial guess” for θ and that iteratively 

changes θ to make the cost funtion smaller

• To recover local minimum, we could utilize the gradient descent algorithm with 

initial parameters

 is called the learning rate (or step size),        

          is the negative gradient direction.
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Gradient descent for linear regression
• When we only have one training sample

• Combine with gradient descent algorithm, we have 

• For the whole training set, we have the following batch gradient descent algorithm
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Gradient descent for linear regression
• One key disadvantage remains, at each parameter update iteration, we need to sum 

over all training samples

• This could be very time-consuming, when the number of samples is very large (for 

example, m > 1 million)

• Stochastic gradient descent: at each parameter update iteration, sample only 1 

training sample to accelerate the parameter updating
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Stochastic gradient descent for linear regression
• Often, stochastic gradient descent gets θ “close” to the minimum much faster 

than batch gradient descent

• However that it may never “converge” to the minimum, and the parameters θ 
will keep oscillating around the minimum of J(θ)

• In practice most of the values near the minimum will be reasonably good 
approximations to the true minimum

• Balance between gradient descent and stochastic gradient descent ? Mini-batch 
gradient descent!
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Mini-batch stochastic gradient descent

• Mini-batch stochastic gradient descent is between gradient descent and 

stochastic gradient descent

• Much faster than gradient descent

• More stable than stochastic gradient descent

• NOTE: those gradient descent algorithms are also utilized to optimize other 

machine learning models (e.g., deep neural networks)
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Linear regression for 1D features

• Solving for our blood fat content prediction problem with only one input feature 

“age” yields                            and 
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Binary classification

• We first look at the binary classification problem with linear model

•  Naturally, the possible range of values that h could output must be {0, 1}

• We could first relax the discrete constraints of the outputs to be in the continuous 

range [0, 1]

• We choose the following form for hypothesis h

      where
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Logistic regression

•        is a linear function. Its range of possible values is in

•        is called logistic function or sigmoid function

•        maps
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Derivative of the sigmoid function

•  Derivative of the sigmoid function         is easy to compute 

• NOTE: We could view the continuous value             as confidence (or probability)  

that     belongs to the positive class

•  Given a series of training samples                                                 how can we fit 

the parameters θ for the linear model 
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Probabilistic modeling of binary classification

• Based on our probabilistic view on the continuous value             , we assume that 

• Given the input features    , it has the probability                         that     belongs to 

positive class; it has the probability                         that     belongs to negative class 

• Since             or           , we could write the formula for a single training sample in a 

compact way
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Probabilistic modeling of binary classification

• We are interested in maximize the joint probability (likelihood) over the entire 

training set                                   and 

• Convert the production to summation by taking log function over the likelihood L 

to obtain log likelihood 
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Gradient ascent for maximizing log likelihood

• Similar to our optimization scheme for linear regression, we could use gradient 

ascent to maximize the log likelihood

• Consider only one training sample

                    Using the fact that

• Mini-batch stochastic gradient ascent for logistic regression
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Softmax regression for multi-class classification

• The outputs are expected to be of one of the k pre-defined classes

• For each class i, a conditional probability                              of the input feature 

vector x belonging to class y = i is estimated, which satisfy

• For the i-th class, a linear model is first utilized to calculate the linear mapping                                  

where                    and can stored as rows in a matrix 

• The conditional probabilities of each class is then calculated as

• This function involving confidences of multiple classes is called softmax function. 

It can be easily check that
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Softmax regression for multi-class classification

• The hypothesis h for softmax regression outputs a k-dimensional vector

• The learning targets for different classes
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Cost function of softmax regression

• We use cross-entropy cost function for softmax regression

• Gradients for softmax regression, considering one training sample, we have
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Gradient descent for softmax regression

• If               , the gradients with respect to

• If               , the gradients with respect to

• The parameters could be updated via gradient descent

• NOTE: Even for a single sample of a class, parameters of all classes would be updated

• The weights of the ground-truth class           would approach the input features       . If the confidence 

score                  is high, the approaching would be small

• The weights of other classes        would be pushed away from the input features         . If the 

confidence               is high, the magnitude of pushing away would be high
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Relation to logistic regression

• In the special case k = 2, one can show that softmax regression reduces to logistic 

regression

• NOTE: This hypothesis is overparameterized. We can subtract        from each parameter 

(equivalent to multiplying the same value on the numerator and denominator)

• Substitute                with a single parameter vector −θ, gives us the same  probability as 

logistic regression
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