
Machine learning and 
Deep learning in IoT

21/07/2024 1

University of Sumer
College of Computer Science and Information Technology



Course Information

ÁBasic information
ÁUniversity, semester, year

ÁTeacher information 
ÁShort description

ÁBasic contact information

ÁDescription
This course will provide an introduction to the necessary 
mathematical background and foundational principles and 
mechanisms to key techniques in machine learning 
(ML),deep learning (DL) as well as their implementation, 
application and evaluation. Then recent developments 
and emerging directions in ML-based IoT theory and 
applications will be briefly introduced.
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Course Information

ÁLearning outcomes
ÁUnderstand the fundamental concepts of machine learning and 

deep learning
ÁBe able to define, train and use a ML and DL methods 
ÁHave a good understanding of the strengths and weaknesses of 

many popular machine learning approaches
ÁApply Machine learning algorithms to IoT problems
ÁDesign and implement machine learning solutions, evaluate the 

solution, analyse results and implication

ÁMain learning objectives
ÁKnow recent developments in the field of ML and DL
ÁUnderstand IoT-efficient learning and applications to networked 

systems

ÁEvaluation
ÁExams
ÁLabs
ÁProjects
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Course Information
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ÁBSc Data Science
ÁBSc Mathematical and Statistic Techniques
ÁBSc programming
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ÁMachine Learning Techniques for Internet of Things, P. Priakanth and S. Gopikrishnan, 
2019.

Á Ian Goodfellow, Yoshua Bengio, and Aaron Courville (2016). Deep Learning. MIT Press.
ÁDeng, L.; Yu, D. (2014). "Deep Learning: Methods and Applications". Foundations and 

Trends in Signal Processing. 7 (3-4): 1-199. doi:10.1561/2000000039.
ÁDeep Learning for IoT Big Data and Streaming Analytics: A Survey. 2018. 

https://ieeexplore.ieee.org/abstract/document/8373692
Á! ǇǊƻƧŜŎǘ ǊŜǇƻǊǘ ƻƴ άLƳǇƭŜƳŜƴǘŀǘƛƻƴ ƻŦ aŀŎƘƛƴŜ [ŜŀǊƴƛƴƎ ƛƴ Lƻ¢έΦ 

https://jecassam.ac.in/wp-content/uploads/2021/03/ML_IoT_AAIIM.pdf
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Á Machine Learning Basics

Á Introduction and History

Á Fundamental Understanding

Á Loss Functions

Á Supervised Learning

Á Decision Trees

Á K-Nearest Neighbour

Á Support Vector Machines

Á Unsupervised Learning

Á Cluster Analysis

Á K-Means Clustering

Á K-Medoids

Á Reinforcement Learning

Á Basics

Á Markov Decision Process

Á Q-Learning

Á Deep Learning

Á Strategy

Á Convolutional Neural Network

Á Machine Learning in IoT

Á Case Study I ς Robot getting out

Á Case Study II - Iris classification

Á Deep Learning in IoT

Á Case Study III - Handwriting recognition

Á Case Study IV ς Attack Detection
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ÁMachine Learning Basics

ÁSupervised Learning

ÁUnsupervised Learning

ÁReinforcement Learning

ÁDeep Learning

ÁMachine Learning in IoT

ÁDeep Learning in IoT



Machine Learning Basics

21/07/2024 7

ÁWhat is machine learning?

ÁWhy is machine learning important?

ÁWhat can machine learning be used for?

ÁGet to know some history of machine 
learning.

ÁBasic elements for building a machine 
learning system?



Machine Learning Basics
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ÁWhat is machine learning?
Á¢ƻƳ aΦ aƛǘŎƘŜƭƭΩǎ ǇŜǊǎǇŜŎǘƛǾŜΣ нллсΥ 
ÁMain research question:
    άIƻǿ Ŏŀƴ we build computer systems that    
     ŀǳǘƻƳŀǘƛŎŀƭƭȅ ƛƳǇǊƻǾŜ ǿƛǘƘ ŜȄǇŜǊƛŜƴŎŜΧέ
ÁA more precise definition:
    άŀ ƳŀŎƘƛƴŜ ƭŜŀǊƴǎ ǿƛǘƘ ǊŜǎǇŜŎǘ ǘƻ ŀ ǇŀǊǘƛŎǳƭŀǊ ǘŀǎƪ ¢Σ  
     performance metric P, and type of experience E, if  
     the system reliably improves its performance P at 
     task T, following experience E.έ

     Task examples: prediction, decision making, pattern    
     ŘƛǎŎƻǾŜǊȅΧ
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ÁWhat Can Machine Learning Do?
ÁA machine learning system can be used to
ÁAutomate a process

ÁAutomate decision making

ÁExtract knowledge from data

ÁPredict future event

ÁΧ

Task T

Machine Learning is NOT

about writing code to

explicitly do the above

tasks

ṍ

Machine Learning writes

code to make the

computer learn from data

how to do the above tasks

ṉ
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Machine Learning Basics

ÁMachine Learning in Artificial Intelligence



Machine Learning Basics
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ÁMachine Learning in Data Science
ÁData is recorded on real-world phenomenons. The World is driven 

by data. 
ÁDŜǊƳŀƴȅΩǎ ŎƭƛƳŀǘŜ ǊŜǎŜŀǊŎƘ centre generates 10 petabytes per year.
ÁGoogle processes 24 petabytes per day.
ÁPC users crossed over 300 billion videos in August 2014 alone, with an 

average of 202 videos and 952 minutes per viewer.
ÁThere were 223 million credit card purchases in March 2016, with a total 

value of £12.6 billion in UK.
ÁPhoto uploads in Facebook is around 300 million per day.
ÁApproximately 2.5 million new scientific papers are published each year.
ÁΧ

ÁWhat might we want to do with that data? 
ÁPrediction: what can we predict about this phenomenon?
ÁDescription: how can we describe/understand this phenomenon in a new 

way?
ÁHumans cannot manually handle data in such scale any more. A 

machine learning system can learn from data and offer insights.
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ÁMachine Learning History
ÁThis is a young subject with pioneer research started around 

1950s.
ÁPlease have a go with the Wiki page:

    https://en.wikipedia.org/wiki/Timeline_of_machine_learning
    
    This is a timeline of machine learning, explaining major  
    discoveries, achievements, milestones and other major 
    events in the field.

ÁIŜǊŜ ƛǎ ŀƴƻǘƘŜǊ ǿŜōǇŀƎŜ ǘŀƭƪƛƴƎ ŀōƻǳǘ ά! IƛǎǘƻǊȅ ƻŦ aŀŎƘƛƴŜ 
[ŜŀǊƴƛƴƎέΦ

https://cloud.withgoogle.com/build/data-  
    analytics/explore-history-machine-learning/

https://cloud.withgoogle.com/build/data-
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ÁKey Historical Events
Á1940s, human reasoning / logic first studied as a formal subject 

within mathematics (Claude Shannon, Kurt Godel et al).
Á1950s, the Turing Test is proposed: a test for true machine 

intelligence, expected to be passed by year 2000. Various game-
playing programs built. 

    1956, Dartmouth conference coins the phrase artificial intelligence.
    1959, Arthur Samuel wrote a program that learnt to play draughts 
    (checkers if you are American).
Á1960s, A.I. funding increased (mainly military). Famous quote: 

Within a generation ... the problem of creating 'artificial 
intelligence' will substantially be solved."
Á1970s, A.I. winter. Funding dries up as people realise it is hard. 

Limited computing power and dead-end frameworks.
Á1980s, revival through bio-inspired algorithms: neural networks, 

genetic algorithms. A.I. promises the world ς lots of commercial 
investment ς mostly fails. Rule based expert systems used in 
medical / legal professions.
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ÁKey Historical Events
Á1990s, AI diverges into separate fields: Machine Learning, 

Computer Vision, Automated Reasoning, Planning systems, 
bŀǘǳǊŀƭ [ŀƴƎǳŀƎŜ ǇǊƻŎŜǎǎƛƴƎΧ aŀŎƘƛƴŜ [ŜŀǊƴƛƴƎ ōŜƎƛƴǎ ǘƻ 
overlap with statistics / probability theory.
Á2000s, ML merging with statistics continues. Other subfields 

continue in parallel. First commercial-strength applications: 
Google, Amazon, computer games, route-finding, credit card 
fraud detection, etc... Tools adopted as standard by other 
fields e.g. biology.
Á2010s, deep neural networks have led to significant 

performance improvement in speech recognition, 
reinforcement learning, image classification, machine 
translation, etc.. Yoshua Bengio, Geoffrey Hinton, and Yann 
LeCun 2018 ACM A.M. Turing Award for their contribution in 
deep neural network.
ÁFuture?



Machine Learning Basics

21/07/2024 15

ÁMachine Learning Strategy
Áά5ŀǘŀ Ҍ aƻŘŜƭέ {ǘǊŀǘŜƎȅΥ
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ÁWhat is Optimisation?
ÁIn English, finds the best!
ÁάhǇǘƛƳŀƭέ means best.

ÁάOptimisationέ ŎƻƳŜǎ ŦǊƻƳ ǘƘŜ ǎŀƳŜ Ǌƻƻǘ ŀǎ άƻǇǘƛƳŀƭέΦ

ÁWhen you optimise ǎƻƳŜǘƘƛƴƎΣ ȅƻǳ ŀǊŜ άƳŀƪƛƴƎ ƛǘ ōŜǎǘέΦ

ÁMathematical optimisation (a branch of applied 
mathematics) finds the input that can given the 
minimum (or maximum) output value of a real- valued 
function.
ÁSystematically choose the values of the function input 

from an allowed set (who gives the best?).

ÁCompute the output value of the function using the 
chosen input value (what is the best value?).
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ÁExample:
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ÁMachine Learning Pipeline
ÁKey stages in building a machine learning system:
t Model construction:

o To prepare experience (E) in proper data format.

o To characterise a task (T) by a parametric model.

o To characterise a performance metric (P) by an objective 
function.

t Training:

o To determine the model through optimising the objective function.

t Evaluation:

o To assess the determined model using a performance metric.

ÁMachine learning research builds on optimisaton theory, 
ƭƛƴŜŀǊ ŀƭƎŜōǊŀΣ ǇǊƻōŀōƛƭƛǘȅ ǘƘŜƻǊȅΧ
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ÁWe use a wine classification example to 
demonstrate the machine learning pipeline.
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ÁExample: Wine Classification
ÁWine experts identify the grape type by 

smelling and tasting the wine.
ÁChemists know that the following 

quantities differ between wine types.

ÁCollect the measurements. How to use 
these numbers?
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ÁExample: Wine Classification
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ÁExample: Wine Classification
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ÁExample: Wine Classification
ÁNow, test an unseen bottle of wine:
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ÁMachine Learning Ingredients
ÁData (Experience)

ÁModel: A piece of code (model function) with some 
parameters that need to be optimised.

ÁLoss function: The function you use to judge how 
well the parameters of the model are set. It is also 
called error function, cost function, objective 
function.

ÁTraining algorithm: The algorithm that optimises the 
model parameters, using the error function to judge 
how well a model is performing.

Finally, the model with determined parameters is the thing you
have to package up and send to a customer.
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ÁSupervised Learning
ÁA Wiki Definition: ñthe machine learning task of 

learning a function that maps an input to an output 
based on example input-output pairsò.

o There is a ñteacherò who provides a target output for 

each data pattern.

o A pair of input data pattern and its target output is called a 

training example.

o Typical supervised learning tasks include 

classification and regression, differing from their 

output type.
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ÁUnsupervised Learning
ÁWiki Definition: ñUnsupervised learning is a type of 

algorithm that learns patterns from untagged data.ò

o There is no explicit ñteacherò.

o The systems form a natural ñunderstandingò of the hidden 
structure from unlabelled data.

ÁTypical unsupervised learning tasks include

o Clustering: group similar data patterns together.

o Generative modelling: estimate distribution of the observed 
data patterns.

o Unsupervised representation learning: remove noise, 
capture data statistics, capture inherent data structure.
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ÁReinforcement Learning
ÁWiki Definition: ñReinforcement learning is an 

area of machine learning concerned with how 
intelligent agents ought to take actions in an 
environment in order to maximize the notion of 
cumulative reward.ò

o There is a ñteacherò who provides feedback on the 
action of an agent, in terms of reward and 
punishment.

o Helicopter manoeuvre: example reward can be 
following a desired trajectory; and an example 
punishment can be crashing.
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ÁGuess: Supervised, Unsupervised or 
Reinforcement?

ÁWrite a computer program to find out what 
topics a given set of news articles are talking 
about and display these topics to inform 
readers.

ÁTrain a computer system to control a power 
station by rewarding for producing power and 
penalizing for exceeding safety thresholds.

ÁMap a sentence in English to its Chinese 
translation by learning from many translation 
examples.
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ÁDeep Learning
ÁA Wiki Definition: ñpart of a broader family of machine 

learning methods based on artificial neural networks 
with representation learningò.

o Refers to techniques for learning using neural networks.

o Considered as a kind of representation (feature) 

learning techniques
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ÁClassification and Regression

ÁWrite a computer program to find out what 
topics a given set of news articles are talking 
about and display these topics to inform 
readers. (Unsupervised)

ÁTrain a computer system to control a power 
station by rewarding for producing power and 
penalizing for exceeding safety thresholds. 
(Reinforcement)

ÁMap a sentence in English to its Chinese 
translation by learning from many translation 
examples. (Supervised)
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ÁClassification and Regression
ÁClassification and regression are both supervised 

learning tasks, but differ in output types.

ÁClassification (class output):
ÁGoal: Identify which categories a data pattern belongs to.

ÁTraining data: Observed data patterns and their category 
memberships.

ÁRegression (continuous output):
ÁGoal: Estimate the relationships among the input and 

output variables.

ÁTraining data: Observed input variables and their 
corresponding continuous output variables.
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ÁGuess: Classification or Regression?
ÁMedical diagnosis: x=patient data, 

y=positive/negative of some pathology

ÁFinance: x=current market conditions and other 
possible side information, ȅҐǘƻƳƻǊǊƻǿΩǎ ǎǘƻŎƪ 
market price

ÁImage analysis: x=image pixel features, 
y=scene/objects contained in image

ÁRobotics: x=control signals sent to motors, y=the 3D 
location of a robot arm end effector
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ÁGuess: Classification or Regression?
ÁMedical diagnosis: x=patient data, 

y=positive/negative of some pathology 
(Classification)

ÁFinance: x=current market conditions and other 
possible side information, ȅҐǘƻƳƻǊǊƻǿΩǎ ǎǘƻŎƪ 
market price (Regression)

ÁImage analysis: x=image pixel features, 
y=scene/objects contained in image (Classification)

ÁRobotics: x=control signals sent to motors, y=the 3D 
location of a robot arm end effector (Regression)
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ÁDifferent Types of Classification
ÁThere are different types of classification tasks
ÁBinary classification: classify into one of the two classes.

ÁMulti -class classification: classify into one of the many classes.

ÁMulti -label classification: classify into some of the many 
classes

    There is no constraint on how many classes a sample can 

    belong to.

ÁStructured classification: classify into structured classes

    Classes can be organised in sequence, tree, lattices, graph.
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ÁSuccessful Applications
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ÁSuccessful Applications
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ÁSuccessful Applications
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ÁSuccessful Applications
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ÁSuccessful Applications
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ÁTypical Machine Learning Tasks
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ÁSummary
ÁBasic understanding of machine learning and its usage

ÁImportance of machine learning

ÁMachine learning ingredients and pipeline

ÁKey machine learning tasks
ÁSupervised, unsupervised, reinforcement learning

ÁClassification

ÁRegression

ÁOther learning tasks
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ÁLoss Functions

ÁTypical approaches of constructing losses for regression
ÁNon-probabilistic losses

ÁProbabilistic losses
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ÁLoss Functions
Áά5ŀǘŀ Ҍ aƻŘŜƭέ {ǘǊŀǘŜƎȅ ƛƴ {ǳǇŜǊǾƛǎŜŘ [ŜŀǊƴƛƴƎΥ



Machine Learning Basics-
Loss Functions

21/07/2024 44

ÁLoss Functions
Áά5ŀǘŀ Ҍ aƻŘŜƭέ ƛƴ {ǳǇŜǊǾƛǎŜŘ [ŜŀǊƴƛƴƎ
ÁAfter the learning (or called training) is finished, the final 

product is:

ÁThe process of using the trained model on unseen data (or 
called query data, test data) is called inference.
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ÁLoss Functions
ÁLoss function is essential in training, computed using the 

training data.

ÁIt decides how good the model parameters are, how 
well the model fits your training data.

ÁOther names: error function, cost function, or more 
general, objective function.

ÁTo train a machine learning model, you pick a loss 
function O(̒ ύΦ Then:
ÁMinimise it, if O evaluates how bad the model is.

ÁMaximise it, if O evaluates how good the model is.

ÁSupervised learning: O(!,Dtr)
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ÁLoss Functions
ÁLosses for Training Regression Models
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ÁLoss Functions

ÁNon-probabilistic Regression Losses
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ÁRegression Error based Loss
ÁRecall RMSE?

ÁSome regression losses  are simplified versions of RMSE 
computed using training samples.
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ÁA Regression Example
ÁFit a linear model using the following six training data 

samples.
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ÁA Regression Example
ÁSum-of-squares error loss for training the linear model

(finding the best w0 and w1):
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ÁA Regression Example
ÁIncorporate the values of xi and yi to the error function:

ÁWe want to minimize this training loss:
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ÁA Regression Example
ÁGeometrically, to minimise this regression error loss 

enables you to find the best red line to have the shortest 
blue distances on average.
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ÁLinear Least Squares (LLS)
ÁTo train a linear model by minimising the sum-of-

squares error.
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ÁRegularised Linear Least Squares
ÁA regularisation term can be added to the error function. For 

instance, in the single-output case, we have

ÁOther type of regulariser:

ÁRegularisation prevents the model from over-fitting to training data.
Á²ƘŜƴ ˂ ƛǎ ǘƻƻ ƭŀǊƎŜΣ ƛǘ ǿƛƭƭ ƭŜŀŘ ǘƻ ǳƴŘŜǊ-fitting though.
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ÁWhy Regularisation?
ÁOver-fitting: Fit too closely to a particular set of data 

(e.g., training data), and may therefore fail to fit new 
data.

ÁUnder-fitting: Cannot capture the underlying trend of 
the training data.

ÁPrevent over-fitting, e.g.,              gives less emphasis to 
the sum of squares error of the training data.
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ÁLoss Functions

ÁProbabilistic Regression Losses
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ÁLikelihood
ÁLikelihood: Given the observed data, it is the conditional 

probability assumed for the observed data given some 
parameter values.

ÁLog likelihood: Take the natural logarithm of the 
likelihood.
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ÁLikelihood Maximization
ÁA model can be trained by maximising the likelihood (or 

log likelihood) function of the training samples.

ÁAssume independence between samples.
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ÁExample: MLE for Linear Regression
ÁLikelihood of N training samples:

ÁLog-likelihood:

ÁIn this case, an MLE is equivalent to a sum-of-squares 
error minimizer.
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ÁLoss Functions

ÁTypical approaches of constructing losses for 
classification
ÁNon-probabilistic losses

ÁProbabilistic losses
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ÁLoss Functions for Classification

ÁNon-probabilistic losses
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ÁLosses for Training Classification Models
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ÁSum-of-squares Loss for Classification

ÁYou can train a discriminant function by minimising the 
sum-of-squares loss.

ÁThis results in the least squares approach for 
classification.
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ÁLeast Squares for Binary Classification
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ÁLeast Squares for Multi-class Classification
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ÁExample: Iris Classification

Iris Data: https://archive.ics.uci.edu/ml/datasets/iris

Measured sepal length and petal width of 150 samples of

irises belonging to two types: versicolour and virginica.

Predict the flower type of a query iris sample.
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ÁA More General Setting
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ÁA More General Setting
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ÁHinge Loss for Classification
ÁHinge loss assesses classification error.

ÁGiven +1/-1 label coding, hinge loss over N training 
samples is



Machine Learning Basics-
Loss Functions

21/07/2024 70

ÁHinge Loss for Classification
ÁHinge loss assesses classification error.

ÁGiven +1/-1 label coding, hinge loss over N training 
samples is
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ÁHinge Loss for Classification
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ÁExample: Hinge Loss for Binary Classification
ÁA linear basis function model is trained  to return the 

following prediction for the 3 samples as below:

Á/ƻƳǇǳǘŜ ǘƘƛǎ ƳƻŘŜƭΩǎ ƘƛƴƎŜ ƭƻǎǎ ǳǎƛƴƎ ǘƘŜǎŜ о ǎŀƳǇƭŜǎΦ
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ÁLoss Functions for Classification

ÁProbabilistic losses
ÁCross entropy loss based on class posterior.

p(class k!x)
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ÁCross Entropy
ÁCross entropy measures distance between probability 

distributions.

ÁIts discrete version can be used to examine the distance 
between the predicted class probabilities (posterior) and 
the true probabilities.
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ÁCross Entropy Loss
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ÁCross Entropy Loss
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ÁCross Entropy

ÁDifferent models give you different ways to formulate     .

ÁLogistic regression: A linear classification model trained 
using cross-entropy loss.
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ÁLoss Functions for Classification

ÁClassification Losses based on likelihood.
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ÁLikelihood Maximization for Classification

ÁOne way to train the model is to maximise the likelihood 
(or log likelihood) function.
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ÁAssumption on Class Label Distribution
ÁBinary classification: Assume the class label follows 

Bernoulli distribution.

ÁMulti-class classification: Assume the class label follows
categorical (multinomial) distribution.
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ÁLikelihood of An Individual Sample
ÁConsider the i-th training sample (xi, yi)



Machine Learning Basics-
Loss Functions

21/07/2024 82

ÁLikelihood of N Training Samples
ÁGiven N training samples and assume sample 

independence.
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ÁExample
Á̧ ƻǳ Ŏŀƴ ƳƻŘŜƭ ȅƻǳǊ ʻ ǳǎƛƴƎ ŀ ƭƛƴŜŀǊ ƳƻŘŜƭΦ
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ÁNegative Log Likelihood Loss
ÁClassification loss: negative log likelihood.

ÁNegative log likelihood loss is equal to the cross-entropy 
loss, if
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ÁExample 1: Cross-Entropy Loss for Binary 
Classification
ÁA logistic regression model returns the following 

posterior class probabilities for the 3 samples as below:

Á/ƻƳǇǳǘŜ ǘƘƛǎ ƳƻŘŜƭΩǎ ŎǊƻǎǎ-entropy loss using these 3 
samples.
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ÁExample 2: Negative log likelihood Loss for Multi-
class Classification
ÁA 3-class classification model is trained by MLE assuming 

categorical distribution. The ground truth labels and 
estimated theta function for the following 4 samples are 
provided:

Á/ƻƳǇǳǘŜ ǘƘƛǎ ƳƻŘŜƭΩǎ bŜƎŀǘƛǾŜ ƭƻƎ ƭƛƪŜƭƛƘƻƻŘ ƭƻǎǎ ǳǎƛƴƎ 
these 4 samples.
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ÁSummary
ÁRegression losses:
ÁSum of squares error

ÁMean squared error

ÁClassification losses:
ÁSum of squares error

ÁHinge loss

ÁCross entropy loss

ÁLikelihood and log likelihood based

ÁLinear least squares (LLS) approach for classification and 
regression

ÁRegularization, regularized LLS
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ÁMachine Learning Basics

ÁSupervised Learning

ÁUnsupervised Learning

ÁReinforcement Learning

ÁDeep Learning

ÁMachine Learning in IoT

ÁDeep Learning in IoT
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ÁDecision Trees
ÁA decision tree is a tree with the following properties:
ÁAn inner node represents an attribute

ÁAn edge represents a test on the attribute of the father node

ÁA leaf represents one of the classes

ÁConstruction of a decision tree
ÁBased on the training data

ÁTop-Down strategy
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ÁExample
ÁThe data set has five attributes.
ÁThere is a special attribute: the
    attribute class is the class label.
ÁThe attributes, temp and 
    humidity are numerical 
    attributes.
ÁOther attributes are categorical, that is, they cannot be 

ordered.
ÁBased on the training data set, we want to find a set of 

rules to know what values of outlook, temperature, 
humidity and wind, determine whether or not to play 
golf.
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ÁExample
ÁWe have five leaf nodes.

ÁIn a decision tree, each leaf

    node represents a rule.

ÁRules:
ÁRule 1: If it is sunny and the humidity is not above 75%, then 

play.
ÁRule 2: If it is sunny and the humidity is above 75%, then do not 

play.

ÁRule 3: If it is overcast, then play.

ÁRule 4: If it is rainy and not windy, then play.

ÁwǳƭŜ рΥ LŦ ƛǘ ƛǎ Ǌŀƛƴȅ ŀƴŘ ǿƛƴŘȅΣ ǘƘŜƴ ŘƻƴΩǘ ǇƭŀȅΦ
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ÁClassification
ÁThe classification of an unknown input vector is done by 

traversing the tree from the root node to a leaf node.

ÁA record enters the tree at the root node.

ÁAt the root, a test is applied to determine which child 
node the record will encounter next.

ÁThis process is repeated until the record arrives at a leaf 
node.

ÁAll the records that end up at a given leaf of the tree are 
classified in the same way.

ÁThere is a unique path from the root to each leaf.

ÁThe path is a rule which is used to classify the records.



Supervised Learning: 
Decision Trees

21/07/2024 93

ÁClassification
ÁThe accuracy of the classifier is determined by the 

percentage of the test data set that is correctly classified.

ÁWe can see that for Rule 1 there are two records of the 
test data set satisfying outlook=sunny and humidity<75, 
and only one of these is correctly classified as play.

ÁThus, the accuracy of this rule is 0.5. Similarly, the 
accuracy of Rule 2 is also 0.5. The accuracy of Rule 3 is 
0.66.
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ÁIterative Dichotomizer (ID3)
ÁQuinlan (1986)

ÁEach node corresponds to a splitting attribute.

ÁEach arc is a possible value of that attribute.

ÁAt each node the splitting attribute is selected to be the 
most informative among the attributes not yet 
considered in the path from the root.

ÁEntropy is used to measure how informative is a node.

ÁThe algorithm uses the criterion of information gain to 
determine the goodness of a split.
ÁThe attribute with the greatest information gain is taken as the 

splitting attribute, and the data set is split for all distinct values 
of the attribute.
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ÁAlgorithm for Decision Tree Induction
ÁBasic algorithm (a greedy algorithm)
ÁTree is constructed in a top-down recursive divide-and-conquer 

manner.
ÁAt start, all the training examples are at the root.
ÁAttributes are categorical (if continuous-valued, they are 

discretized in advance)
ÁExamples are partitioned recursively based on selected 

attributes
ÁTest attributes are selected on the basis of a heuristic or 

statistical measure (e.g., information gain)

ÁConditions for stopping partitioning
ÁAll samples for a given node belong to the same class.
ÁThere are no remaining attributes for further partitioning ς 

majority voting is employed for classifying the leaf.
ÁThere are no samples left.
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ÁAttribute Selection Measure: Information Gain 
(ID3/C4.5)
ÁSelect the attribute with the highest information gain.

ÁS contains si tuples of class Ci for i Ґ ϑмΣΧΣƳϒ

Áinformation measures info required to classify any 
arbitrary tuple

Áentropy of attribute A with values

Áinformation gained by branching on attribute A 
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ÁAttribute Selection Measure: Information Gain 
(ID3/C4.5) - Example
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ÁAdvantages and shortcomings of decision tree 
classification
ÁA decision tree construction process is concerned with 

identifying the splitting attributes and splitting criterion at 
every level of the tree.

ÁMajor strengths are:
ÁDecision tree able to generate understandable rules.

ÁThey are able to handle both numerical and categorical attributes.

ÁThey provide clear indication of which fields are most important 
for prediction or classification.

ÁWeaknesses are:
ÁThe process of growing a decision tree is computationally 

expensive. At each node, each candidate splitting field is examined 
before its best split can be found.

ÁSome decision tree can only deal with binary-valued target classes.
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ÁK-nearest neighbour (k-NN)

ÁHistory k-NN

Ák-NN classification

Ák-NN regression

ÁInstance-based learning
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ÁHistory
Ák-NN is the simplest of all machine learning algorithms.
ÁThe philosophy behind k-NN dates back very early (965-

1040) by a scientist in the optics and perception.
ÁAn interesting article on k-NN history: 

http://37steps.com/4370/nn-rule-invention/
ÁEarly academic works on k-NN start in 1960s:
ÁG. S. Sebestyen, Decision-making processes in pattern 

recognition, First edition, 1962.(known as the proximity 
algorithms)
ÁN. Nilsson, Learning machines: foundations of trainable pattern 

classifying systems, First edition, 1965. (known as the minimum 
distance classifier)
ÁT. Cover and P. Hart, Nearest neighbor pattern classification, 

IEEE Transactions on Information Theory, 3(1):21-27, 1967.
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Ák-NN Classification
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ÁIris Classification
ÁIris Data: https://archive.ics.uci.edu/ml/datasets/iris
ÁThe dataset contains 150 iris samples from 3 classes (setosa, 

versicolour and virginica), each characterised by its sepal length 
and petal width measured.

ÁPredict the flower type of a query iris sample.

Which class is 

this new sample 

from?
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Ák-NN Classification Rule
ÁGiven a set of training samples {features, class label}.

ÁEach sample corresponds to a data point in the feature 
space.

Ák-NN classification rule:
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ÁExample: 1-NN for Binary Classification
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ÁExample: 1-NN for Binary Classification
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ÁExample: 1-NN for Binary Classification
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ÁExample: 1-NN for Binary Classification
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ÁExample: 1-NN for Binary Classification
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ÁExample: 1-NN for Binary Classification
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Ák-NN Regression
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Ák-NN Regression Rule
ÁGiven a set of training samples {features, output}.

ÁEach sample corresponds to a data point in the feature 
space.

Ák-NN regression rule:
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ÁRegression Example 1
ÁTraining samples: 200 input-output pairs (blue circles).

ÁPredict the single-output y from the single-input x.
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ÁRegression Example 1
ÁTraining samples: 200 input-output pairs (blue circles).

ÁPredict the single-output y from the single-input x.
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ÁRegression Example 1
ÁBuild a 3-NN regression model
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ÁRegression Example 1
ÁBuild a 3-NN regression model
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ÁRegression Example 1
ÁBuild a 3-NN regression model
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ÁRegression Example 2
ÁORL Database of Faces: 

https://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.ht
ml
ÁThe dataset contains face images of 40 people, with 10 images per 

person.

ÁEach image contains 32x32=1024 pixels, with 256 grey levels per pixel.
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ÁRegression Example 2
ÁORL Database of Faces: 

https://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.ht
ml
ÁThe dataset contains face images of 40 people, with 10 images per 

person.

ÁEach image contains 32x32=1024 pixels, with 256 grey levels per pixel.

ÁA regression task: Guess the right face from the left face (image 
completion).
ÁInput variables (x): the 512 pixels of the left side of an image (given).

ÁOutput variables (y): the other 512 pixels of the image (to be 
estimated).
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ÁRegression Example 2
ÁBuild a 3-NN regression model using 200 training images, containing 

5 example images (with both left and right faces) for each of the 40 
people.
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ÁRegression Example 2
ÁBuild a 3-NN regression model using 200 training images, containing 

5 example images (with both left and right faces) for each of the 40 
people.
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ÁRegression Example 2
ÁBuild a 3-NN regression model using 200 training images, containing 

5 example images (with both left and right faces) for each of the 40 
people.
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ÁRegression Example 2
ÁBuild a 3-NN regression model using 200 training images, containing 

5 example images (with both left and right faces) for each of the 40 
people.
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ÁRegression Example 2
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ÁRegression Example 2
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ÁRegression Example 2
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ÁInstance-based Learning
ÁMany algorithms are developed to predict output based on the 

similarity (or distance) of the query to its nearest neighbour(s) in 
the training set.

ÁRepresentative algorithm: k-NN.

ÁAspects to be considered:
ÁHow to compute the distance?

ÁHow to choose number of neighbours (k)?

ÁHow to infer the output from neighbouring points?

Reference: https://link.springer.com/referenceworkentry/10.1007%2F978-0-387-30164-8_409

https://link.springer.com/referenceworkentry/10.1007%2F978-0-387-30164-8_409
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ÁThings to consider when use k-NN:
ÁDistance calculation

ÁEffect of neighbour number k

ÁEffect of training samples

ÁFast neighbour search
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ÁDistance Measure
ÁThe most commonly used distance is Euclidean distance:

ÁMinkowski Distance:
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ÁSimilarity Measure
ÁYou can also use a similarity measure!

ÁThe k nearest neighbours have the highest similarity values.

ÁConvert cosine to distance:
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ÁEffect of Training Samples
ÁSmall number of training samples:
ÁInsufficient information

ÁLarge number of training samples:
ÁMore information

ÁBut, time and memory cost consuming (distance calculation, sorting)

ÁNoisy training samples:
ÁInaccurate prediction
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ÁA binary 1-NN classifier trained by 9 iris samples!
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ÁA binary 1-NN classifier trained by 9 iris samples!
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ÁTesting it using 60 new samples!
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ÁTesting it using 60 new samples!
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ÁIncrease the number of training samples
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ÁIncrease the number of training samples
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ÁA 3-class 1-NN example
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ÁTesting with 60 new samples
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ÁRegression Example 1
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ÁEffect of Noisy Training Samples
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ÁNeighbour Number k
ÁHyper-parameter: neighbour number k.

ÁThe process of determining the neighbour number k is called

Áhyper-parameter selection or model selection.

ÁIt is not a good idea to set k as an even number for binary 
classification.



k-NN

21/07/2024 145

ÁEffect of Neighbour Number k
ÁHyper-parameter: neighbour number k.

ÁSmall k: We may model noise!

ÁLarge k: Neighbours will include too many samples from other 
classes, which can negatively affect the prediction.
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ÁBinary k-NN trained with 20 samples with varying neighbour 
number k.

k=1 k=3

k=5 k=11
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ÁA 3-class k-NN case trained with noisy samples. Here, 6 out 
of 60 training samples were assigned randomly to a wrong 
class.
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ÁA 3-class k-NN case trained with noisy samples. Here, 6 out 
of 60 training samples were assigned randomly to a wrong 
class.
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ÁIncrease the neighbour number k
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ÁToo large k: 3-class k-NN
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ÁToo large k: Regression Example 1
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ÁToo large k: Regression Example 2
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ÁNeighbour Search Algorithm
ÁStudy fast computation of nearest neighbours is an active research 

area in machine learning.

ÁNaïve Approach: brute-force compute distances between all pairs of 
samples and sort.

ÁTree-based methods:
ÁBasic idea: Knowing A is very distant from B, and B is very close to C, it 

is certain that A and C are very distant, without having to explicitly 
calculate their distance. Apply this to reduce the number of distance 
calculations.

ÁVariaties: K-D tree, Ball tree, etc.

k-NN tool in Python provided by Scikit-learn:

https://scikit-learn.org/stable/modules/neighbors.html
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ÁSummary
Ák-NN is the simplest machine learning algorithm.

ÁIt can be used for both classification and regression.

ÁNo explicit training.
ÁA non-parametric method: no parameter to be optimised

ÁThe algorithm relies on a distance measure.

ÁMore training data provides more information to learn, but results 
in high memory cost (needs to store all the training data).

ÁThe neighbour number k is a hyper-parameter to be selected by the 
user.
ÁToo small: sensitive to noise

ÁToo large: inaccurate prediction
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ÁSupport Vector Machines (SVM)

ÁSVM history and basic concepts

ÁCore idea: hard-margin SVM for linearly separable cases
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ÁSVM History and Library
ÁVapnik and Lerner (1963) introduced the generalised portrait 

algorithm. The algorithm implemented by SVMs is a nonlinear 
generalisation of the generalised portrait algorithm.

ÁSupport vector machine was first introduced in 1992:
ÁBoser et al. A training algorithm for optimal margin classifiers. 

Proceedings of the 5-th Annual Workshop on Computational Learning 
Theory 5 144-152, Pittsburgh, 1992.

ÁMore on SVM history: http://www.svms.org/history.html

ÁCentralised website: http://www.kernel-machines.org

ÁPopular textbook:
ÁN. Cristianini and J. Shawe-Taylor, An Introduction to Support Vector 

Machines and Other Kernel-based Learning Methods, 2000. 
http://www.support-vector.net

ÁPopular library: LIBSVM, MATLAB SVM, scikit-learn
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ÁRevisit Hyperplane
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ÁDistance to Hyperplane
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ÁParallel Hyperplanes



SVM

21/07/2024 160

ÁParallel Hyperplanes
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ÁLinearly Separable Case
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ÁSeparation Margin
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ÁCore Idea of SVM
ÁThe aim of SVM is simply to find an optimal hyperplane to separate 

the two classes of data points with the widest margin.
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ÁCore Idea of SVM
ÁThe aim of SVM is simply to find an optimal hyperplane to separate 

the two classes of data points with the widest margin.


