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Course Information o
> Masterof Engineering in Internet of Things

ABasic information
AUniversity, semester, year

ATeacher information
A Short description
A Basic contact information

ADescription

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 Mhased IoT theory and
applications will be briefly introduced.
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ALearning outcomes

A Understand the fundamental concepts of machine learning and
deep learning

A Be able to define, train and use a ML and DL methods

A Have a good understanding of the strengths and weaknesses of
many popular machine learning approaches

A Apply Machine learning algorithms to 10T problems
A Design and implement machine learning solutions, evaluate the

solution,analyseresults and implication
AMain learning objectives
A Know recent developments in the field of ML and DL

A Understand lo%efficient learning and applications to networked
systems

AEvaluation
A Exams
A Labs
A Projects
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A Requirements
A BSc Data Science
A BSc Mathematical and Statistic Techniques
A BSc programming
A Bibliography
A Machine Learning and loT for InteIIiEent Systems and Smart Applications.

https://www.routledge.com/Machine earnln/gand-lo'l'-for-lntelIigent—S stemsand
SmartApplications/PKumarUmamaheswari/p/book/978103204723

HandsOn Atrtificial Intelligence for I0T: Expert machine learning and deep learning
techniques for developing smarter 10T systemsAhyitaKapoor , 2019.

g/loalcgwine Learning Techniques for Internet of ThingBriBkanthand SGopikrishnan

lan Goodfellow)Yoshuaengiqg and Aaron Courville (2016). Deep Learning. MIT Press.

Deng, L.; Yu, D. (2014). "_Dee%Learning: Methods and A(%)Iications". Foundations and
Trends in Signal Processing. 4)§31-199. doi:10.1561/2000000039.

Deep Learning for 10T Big Data and Streaming Analytics: A Survey. 2018.
https://ieeexplore.ieee.org/abstract/document/8373692

I LINP 2SO0 NBLIZ2 NI 2)/ aLYLJ SYS&(]I- GA2Yy 2F al
https://jecassam.ac.in/wpcontent/uploads/2021/03/ML_IoT_AAIIM.pdf
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A Machine Learning Basics
A Introduction and History
A Fundamental Understanding
A Loss Functions

A Supervised Learning
A Decision Trees
A K-NearestNeighbour
A Support Vector Machines

A Unsupervised Learning
A Cluster Analysis
A K-Means Clustering
A K-Medoids

A Reinforcement Learning
A Basics
A Markov Decision Process
A Q-Learning

A Deep Learning
A Strategy
A Convolutional Neural Network

A Machine Learning in loT
A Case Studyd Robot getting out
A Case Study 4liris classification

A Deep Learning in loT
A Case Study HIHandwriting recognition
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AMachine Learning Basics
ASupervised Learning
AUnsupervised Learning
AReinforcement Learning
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AWhat is machine learning?
AWNhy Is machine learning important?
AWhat can machine learning be used for?

AGet to know some history of machine
learning.

ABasic elements for building a machine
learning system?

21/07/2024 7
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AWhat is machine learning?
AC2Y ad® aAlOKStff Qa LISN&
AMain research question:
a1 2 ¢ wetuild computer systentbat
FdzG2Yl GAQOFff& AYLINROS gA
AA more precise definition:
Gl YIFIOKAYS fSINya gAG0K N
performance metric P, and type of experiencé E,
the system reliably improves igerformance Pat
task T, followingexperience E

ask examples: prediction, decision making, pattern
A a c“) @S NE X
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AWhat Can Machine Learning Do?

AA machine learning system can be used to

AAutomate a process "
AAutomate decision making

AExtract knowledge from data (~LTaskT

APredict future event )

AX

Machine Learning is NOT Machine Learning writes
about writing code to code to make the
explicitly do the above computer learn from data
tasks how to do the above tasks
0 n

21/07/2024 9
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AMachine Learning in Artificial Intelligence

w

* Machine learning plays a significant role in Al.

Speech
. Recognition
\ J =
Robotics — Speech 3
Synthesis ﬁﬁf
: \_/\ N ¢ X
¢ Machine
Ny eaming
\ Mli):it:g — \ T/ Natural
&¥¥  Analysis, : ' ~ Language
\_Engineering \ Processing /

Computer
Vision
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AMachine Learning in Data Science
A lIDDatda itS recorded on reaborld phenomenonsThe World is driven
Yy dala. 5 o A ) 5
ADSNXYI yé&Qa Ofcknfdgénratedb petabytedek year.
A Google processe! petabyteger day.

A PC users crossed ov&d0 billionvideos in August 2014 alone, with an
average of 202 videos and 952 minutes per viewer.

A There were223 millioncredit card purchases in March 2016, with a total
value of £12.6 billion in UK.

A Photo uploads in Facebook is arou3@D millionper day.
A Approximately2.5 millionnew scientific papers are published each year.
A X
A What might we want to do with that data?
A Prediction: what can weredictabout this phenomenon?
A Desgription: how can weescribe/understandhis phenomenon in a new
) way”
A Humans cannot manually handle data in such scale any more. A
machine learning system can learn from data and offer insights.

21/07/2024 11
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AMachine Learning History

A-{SLI—SSOIS a young subject with pioneer research started around
S

A Please 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.

Al SNB A a IYZuKSNJzSoLJHS Gl f 1
[SlNyxyas

https://cloud.withgoogle.com/build/data
analytics/explorehistory-machinelearning/

21/07/2024 12
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AKey Historical Events

A 1940s, human reasoning / logic first studied as a formal subject
within mathematics (Claude Shannon, K@ddelet al).

A 1950s, the Turing Test is proposed: a test for true machine
intelligence, expected to be passed by year 2000. Variousgame
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).

A 1960s, A.l. funding increased (mainly military). Famous quote:
Within a generation ... the problem of creating 'artificial
Intelligence' will substantially be solved."

A 1970s, A.l. winter. Funding dries up as peaphdiseit is hard.
Limited computing power and deaghd frameworks.

A 1980s, revival throug\h bimspired algorithms: neural networks,
genetic algorithms. A.l. promises the wocltbts of commercial
Investmentg¢ mostly fails. Rule based expert systems used in
medical / legal professions.

21/07/2024 13
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AKey Historical Events

A 1990s, Al diverges into separate fields: Machine Learning,
Computer Vision, Automated Reasoning, Planning systems,
b I U dzNJ f {_ ' y3dz 3S LINROSaaAydX
overlap with statistics /"probability theory.

A 2000s, ML merging with statistics continues. Other subfields
continue in parallel. First commercistrength applications:
Google, Amazon, com_lputer games, r(}tﬂm:hng, credit card
fraud detection, etc... Tools adopted as standard by other
fields e.g. biology.

A 2010s, deep neural networks have led to significant
performance improvement in speech recognition,
reinforcement learning, image classification, machine
translation, etc..YoshuaBengig Geoffrey Hinton, and Yann
LeCur018 ACM A.M. Turing Award for their contribution in
deep neural network.

A Future?

21/07/2024 14
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Machine Learning Basics

Machine Learning Strategy
a5F 0 B az2RSté¢ {OGNFGS3TEY

Data: X — Model: (8, X)

» Data X: collection » Function f Function output provides answers/solutions to
of experience E. Task T.

» Parameters 8: control model behaviour.

» QObjective function O(8): It computes a performance P
oftask T.

« QOptimisation min O(8): leaming (or training).

21/07/2024 15
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AWhat isOptimisatior?
Aln English, finds the best!
Ad h LIO Am€édndbest.
AcdOptimisatiod O2YS& FTNRY (GKS al YS
AWhen youoptimised 2 YSUKAY 3T &2dz | NB
AMathematicaloptimisation(a branch of applied
mathematics) finds the input that can given the

minimum (or maximum) output value of a reahlued
function.

A Systematically choose the values of the function input
from an allowed setw{ho gives the bes)?

A Compute the output value of the function using the
chosen input valuenfhat is the best valug?

21/07/2024 16
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AExample:

______________________

| |
| max (z +1)*sin(y)|
| —z<0 |
| 1—55500 :
Find this point! | y-3<0 |
T U JS SRy St |
20
? 10
"
E-w .
20
s -
4 ; .
3 o=
2 x 5 7 T
0 o 0s y

21/07/2024 17
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AMachine Learning Pipeline
AKey stages in building a machine learning system:
t  Model construction:
0 To prepare experience (E) in proper data format.
0 To characterise a task (T) by a parametric model.

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

t  Training:
0 To determine the model through optimising the objective function.
t  Evaluation:

0 To assess the determined model using a performance metric.

AMachine learning research builds optimisatontheory,
f AYVSFENI Ff3SONFST LINROIFOATE AL

21/07/2024 18
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AWe use a wine classification example to
demonstrate the machine learning pipeline.

Which type of grape is
this wine made of?

21/07/2024 19
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AExample: Wine Classification

AWine experts identify the grape type by
smelling and tasting the wine.

AChemists know that the following
guantities differ between wine types.

1) Alcohol

2) Malic acid

3) Ash

4) Alcalinity of ash

5) Magnesium

8) Total phenols

7) Flavanoids

8) Nonfiavanoid phenols
9) Proanthocyanins
10)Color intensity
11)Hue

12)0OD280/0D315 of diluted wines
13)Proline

A Collect the measurements. How to use
these numbers?

14.23,1.71,2.43,15.6,127,2.8,3.06,.28,2.29,5.64,1.04,3.92,1065
21/07/2024 20
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AExample: Wine Classification

Task: To recognise the grape type of a given wine sample based on lts

measured chemical quantities! %mmm

3) Ash
4] AMlcalinity of ash
5) Magnesium
&) Totnd phenals
7] Flavanoids
’/’7 8) Nontavancid phencis

& S 3 I - 8

++ Charactensing each wine sample with 13 chemical features. ‘T’Jn"'“":: '!'“”!“’FH
11
tzmmmrn“ D315 of diluted wines

E==m .

X =r|_I|.|=-I|.2=~ XigarneaXy 9z II.IFJ—L Y =grape type 1 ~

X. =|_|_xz-.=xz.1= Hogornns Xy 2 X s J-L Y, = grape type 2
X, =|-|_x..-_=x.=.z=x.=..t='"=I.=|.|z=x1_-_1J1 Vv, =grape type 2 =

X =|—|_x.=.uax.=l:-._’=- X ga == Xag 122 Xag g3 -IJ: Vi = grape tYpe 1 .

%+ Collecting wine samples for each grape type.

21/07/2024 21
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AExample: Wine Classification

-i*l-

% Design a mathematical model to predict the grape type. The model below is
controlled by 14 parameters: [w,:,,w,,w_,,. W)

| 13 Wine feafures,  Predicled grape type by computer,
' type 1, ifzw!xi+wg =) bottle 1: x4 3 —g(x) l';_ W
r=g(x) =4 i1 bottle 2: X, — 7, —g(x.) _*"‘-'} ¥,
L . - ¥ ;
| type 2, if Z“"Fr +w, <0 : = -
L = : bottle 30: |, |= | 5., gy )| 2 2
Beal grape type,

<+ System training is the process of finding the best model parameters by
minimising a loss function.

w:,wl=w_:,...=u-'l_:]= argmun O (w,.w, ,w_,,...,wl_\)

LT e L

Loss: predictive error

21/07/2024 22
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AExample: Wine Classification
ANow, test an unseen bottle of wine:

13 Features:

X1 =12.25, x2 =388, x3 =22,
Xs =185, x5= 12, xs =138,
x7 =0.78, x3=0.29, xo =1.14,

X10—= 8.21, X11—= 0.65, X12—= 2,
X13= 855

21/07/2024 23
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AMachine Learning Ingredients
AData(Experience)
AModel: A piece of code (model function) with some
parameters that need to beptimised

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

ATraining algorithmThe algorithm thabptimisesthe
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.

21/07/2024 24
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ASupervised Learning

A AWiki Definition: ithe machine learning task of
learning a function that maps an input to an output
based on example input-output pairso .

0o Thereisan t e a avhogrowdes a target output for
each data pattern.

o0 Apair of input data pattern and its target output is called a
training example.

0 Typical supervised learning tasks include
classification and regression, differing from their
output type.

21/07/2024 25
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AUnsupervised Learning

AWiki Definiton:A Unsupervi sed | earn
algorithm that learns patterns from untagged data. ©

0 Thereisnoexplictit eacher 0.

0 The systemsformanaturali u n d e r s tofdhe diddeng o
structure from unlabelled data.

ATypical unsupervised learning tasks include

o Clustering: group similar data patterns together.

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

0 Unsupervised representation learning: remove noise,
capture data statistics, capture inherent data structure.

21/07/2024 26
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AReinforcement Learning

AWIkI Definition: NRel nforcement
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. 0

0 Thereisafi t e a avhoeprowvdes feedback on the
action of an agent, in terms of reward and
punishment.

0 Helicopter manoeuvre: example reward can be
following a desired trajectory; and an example
punishment can be crashing.

21/07/2024 27
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AGuess: Supervised, Unsupervised or
Reinforcement?

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

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

AMap a sentence in English to its Chinese
translation by learning from many translation
examples.

21/07/2024 28
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ADeep Learning

A A Wiki Definition: fpart of a broader family of machine
learning methods based on artificial neural networks
with representation learningo .

0 Refers to techniques for learning using neural networks.

0 Considered as a kind of representation (feature)
learning techniques

21/07/2024 29
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AClassification and Regression

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

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

AMap a sentence in English to its Chinese
translation by learning from many translation
examples. (Supervised)

21/07/2024 30
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AClassification and Regression

AClassification and regression are both supervised
learning tasks, but differ in output types.

AClassification(class output):

A Goal: Identify which categories a data pattern belongs to.

A Training data: Observed data patterns and thgitegory
memberships

ARegressiorfcontinuous output):

A Goal: Estimate the relationships among the input and
output variables.

A Training data: Observed input variables and their
correspondingcontinuous output variables

21/07/2024 31
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AGuess: Classification or Regression?

AMedical diagnosis: x=patient data,
y=positive/negative of some pathology

AFinance: x=current market conditions and other
possible side informatiorg ' 0 2 Y2 NN2 ¢ Qa
market price

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

ARobotics: x=control signals sent to motors, y=the 3D
location of a robot arm end effector

21/07/2024 32
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AGuess: Classification or Regression?

AMedical diagnosis: x=patient data,
:P05|_t|_\/e/r_1e ative of some pathology
{C assmcatlor%

AFinance: x=current markgtlgquitions and other
possible side informatiore ' U 2 Y2 NNE g Qa
market price(Regression)

Almage analysis: x=image pixel features,
y=scene/objects contained in imag€lassification)

ARobotics: x=control signals sent to motors, y=the 3D
location of a robot arm end effectqRegression)

21/07/2024 33
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ADifferent Types of Classification

AThere are different types of classification tasks
A Binaryclassification: classify intone of the two classes.
A Multi -classclassification: classify intane of the manyclasses.

A Multi -label classification: classify inomeof the many
classes

There is no constraint on how many classes a sample can
belong to.

A Structuredclassification: classify in&tructuredclasses
Classes can m@ganisedn sequence, tree, lattices, graph.

2| The dog chased the cat
f:X=Yd

IR

The dog chased the cat
21/07/2024 Parsing example. [Tsochantaridis, JMLR05] 34
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ASuccessful Applications

N , , supervised
Speech recognition and synthesis, translation
HOW BAIDU'S DEEP SPEECH 2 1S WINNING THE
SPEECH RECOGNITION GAME nvﬂllTUbe o il -

YouTube Help

BaiEE

Translation ools. D Automatic captioning

Use automatic captioning

e In English, Dutch, French, Gesman, Talian, Japanese, Koresn,
mew

Capnons ave a great way %0 make coment accessitie 4or viewsrs. YouTube Can use speech
SECOPNTION 2eThnology 10 Sutomatically Create Capnons for your videos. Thede SAMANC cepions
e generated by machine leaming sigorthrs, 3o the quelty of he captions may vary.

Google "woe
o

| | e | P

21/07/2024 35
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ASuccessful Applications

supervised

* Face recognition

News

UK Workl  Polities  Scence BEducation  Head®  Boet Royals  lovestig

[

Facial recognition software to catch
terrorists being tested at Berlin
station

£ | (W] ()
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ASuccessful Applications

* Object recognition

supervised

21/07/2024 37



~>q
Machine I—earnmg Basics 2ee Master of Engingering in Iternet of Things

ASuccessful Applications

unsupervised

» Document clustering and visualisation

f""

21/07/2024 38
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ASuccessful Applications

reinforcement

« Game player, self-driving cars, trading strategy.

The story of AlphaGo so far

DEEP LEARNING IN FINANCE: LEARNING
TOTRADEWITH Q-RL AND DQNS

21/07/2024 39
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ATypical Machine Learning Tasks

{ Available

| Data
\ Information

21/07/2024

A

=

.'II

Ranking

Matching

Seriation
(sequencing)

Planning

Classification assigns objects to priorly-
known classes.

Regression estimates relationships
among variables.

Ranking arranges objects so that the
‘best” ones appear early.

Matching finds “similar” objects to a
targeted object.

Clustenng arranges more similar objects
in the same group and more dissimilar
objects in different groups.

Senation arranges objects into some
order so that more similar objects appear
close and more dissimilar ones further
apart.

Planning is a computational process to
automatically create or improve a policy
(a senes of actions) to achieve a target.

40
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ASummary
ABasic understanding of machine learning and its usage
Almportance of machine learning
AMachine learning ingredients and pipeline

AKey machine learning tasks
A Supervised, unsupervised, reinforcement learning
A Classification
A Regression
A Other learning tasks

21/07/2024 41
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ALoss Functions

ATypical approaches of constructing losseségression
A Nonprobabilistic losses
A Probabilistic losses

21/07/2024 42
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ALoss Functions
AG5F 01 b az2RSté¢ { G0N GS3Ie Ay

Training

Data: Dir :

Parametric Model- ( )‘

parameters 6 ‘

N

Hyper-
parameters to
be selected.

Parameters to
be optimised.

21/07/2024 43
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ALoss Functions
Aa5F 01 b az2RSté¢ Ay { dzZLISNIJA &
A After the learning (or called training) is finished, the final
product is:

A trained model:

f(!(Drr), x)

A The process of using the trained model on unseen data (or
called query data, test data) is called inference.

answer = f(! (Drtr),Xquery)

21/07/2024 44
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ALoss Functions

ALoss function is essential in training, computed using the
training data.

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

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

ATo train a machine learning model, you pick a loss
function O( urden:
A Minimiseit, if O evaluates how bad the model is.
A Maximiseit, if O evaluates how good the model is.

ASupervised learnin@(!,Dv)

21/07/2024 45
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ALoss Functions
ALosses for Training Regression Models

Training Data: Dy = {Xi, Yi}N_,
Feature vector: Xi ! Rd

Target output: yi IRc where y£=[y”,ym,...yfc]

21/07/2024 46
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L oss Functions

Non-probabilistic Regression Losses

21/07/2024 47
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ARegression Error based Loss
ARecall RMSE?

ASome regression losses are simplified versions of RMSE
computed using training samples.

The prediction for each training sample is computed by }ﬁ. = f(@, X;)'
I
— Sum-of-squares error loss: 0(9) = E (J}y — yfj)

— Mean-squared error loss:

[E—

N
A single-output example (c=7): MSE = _2 )
i=1

21/07/2024 48
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AA Regression Example
AFit alinear modelusing the following six training data

samples.
75, | | 1
70| oD | “
) B4
65 oA ' 6 56
L | 12 EO
v T 9 71
15 44
50 | eC
45 ] e e e e :
OE E_f’=f(x)= wo Wi
40
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AA Regression Example

ASumof-squares error loss for training the linear model
(finding the best wand wa):

2 2

~ 2 ~ n 2 n 2 .
Gin) +(3ma) +(03-0) +(02) + (5 )

-
Il I
T |
—_—
—_—
e
|
e
S ———
[ o)

i I
— —
Y

+(’“ :
yﬁ—yﬁ)J

=)

2
(Wlxi TWe Y f)
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AA Regression Example

Alncorporate the values of andyi to the error function:

0w, )= %[(Swl +w, = 64) + (6w, +w, =56) + (12w, +w, =50) + (9w, +w, = 71)

2|

+(15w, +w, =44 +(16w, +w, - 60) ]

AWe want to minimize this training loss:

min G(wl,wu )

21/07/2024
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x1=51n=64
x=06,12=356
x3 =12, =50
x=9 wm=71
x5 =15, vs = 44
x5 =16, ve = 60
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AA Regression Example

AGeometrically, taninimisethis regression error loss
enables you to find the beséd line to have the shortest

bluedistances on average.
75 ‘ f :

70
65 |
Yy 60|
95
50

45

40
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ALinear Least Squares (LLS)

ATo train a linear model byinimisingthe sumof-
squares error.

- Single-output case:
1% :
min O(w)= ;z(}‘a ~WrXi )
= =l

- Multi-output case:

minO(w) = %ii[yu -wx )1

i=] j=]
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ARegularisedlinear Least Squares

A Aregularisationterm can be added to the error function. For
Instance, in the singleutput case, we have

_ 5 N 5
min O (“) = sum of suqares error +iHWH = lE(l - wri_) + &wrw
’ 22N R R
Ww= Y
A Other type ofregulariser A is a positive real-valued et
number set by the user.

1 N d+]

1111110 =—E(1 - W };) E‘n ‘

i=1

(]

Here q is a positive integer set by the user.
%+ The case of g=1 (l;-regularisation) for regression is known as lasso.

*

“+ The case of g=2 (l,-regularisation) for regression is known as ridge regression.

A Regularisatiomprevents the model from ovelfitting to training data.
A2 KSY < Aa G222 I NH®Iouwh oAff f

(N>
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AWhy Regularisatiof

A Overfitting: Fit too closely to a particular set of data
(e.g., training data), and may therefore fail to fit new
data.

AUnderfitting: Cannot capture the underlying trend of
the training data.

APrevent oveffitting, e.g., o.(w) gives less emphasis to
the sum of squares error ot the training data.

_ _ under-fitting over-fitting
. 4 4 l:\: )

e Trge fenthon ‘ Tre SAonctm
. Senpies | o Sampies
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L oss Functions

Probabilistic Regression Losses

21/07/2024 56



Machine Learning Basies ;@
[ ] @‘ « . , .
| 0ss Functions Master of Enginegring in Internet of Things

ALikelihood

ALikelihood:Given the observed data, it is the conditional
probability assumed for the observed data given some
parameter values.

Likelihood(!!'data) = p(data'!)

ALog likelihood:Take the natural logarithm of the
likelihood.
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ALikelihood Maximization

AA model can be trained byaximisingthe likelihood (or
log likelihood) function of the training samples.

AAssume independence between samples.

— Maximum likelihood estimator (MLE):

N
max = Hp(xf:.»y,: 10)
i=1
— Log likelihood maximisation:

N
max = ) log p(x;,y;)
=1
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AExample: MLE for Linear Regression
ALikelihood of N training samples:

o e Assume a Gaussian distribution for
L =HN (Jf’;—‘“’ X;,0 ) likelihood estimation.

p(data;|0) = p(y;|0) = N (y;| w'%;, 6?)

A Loglikelihood:

"
O=ln(L)—%lnﬁ—7ln(2ﬂr) AL (J,-__wf"iz_)z :_Lr{c’:‘r?:ni‘z;irfs

where ' =0

Aln this case, an MLE is equivalent to a safrsquares
error minimizet.
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ALoss Functions

ATypical approaches of constructing losses for
classification

A Nonprobabilistic losses
A Probabilistic losses
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ALoss Functions for Classification

ANon-probabilistic losses
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ALosses for Training Classification Models
Samples: {XI-, yi}?:l

Feature vector: x. € R4

Class label: vie {l2,....c}
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ASumof-squares Loss for Classification

AYou can train a discriminant function tynimisingthe
sumof-squares loss.

AThis results in théeast squares approadbr
classification.
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ALeast Squares for Binary Classification

Binary classification: +1/-1 label coding

y=1class A, y=-1class B

I, fx)=0

Discriminant function: y = {_1 F%) < 0

Minimise sum-of-squares loss in training (N training samples):

1 N 2 ,’"’s" ¥_

21/07/2024 64



Machine Learning Basies ;@
| 0ss Functions ‘ Master of Engineering in Internet of Things

Least Squares for Mutlass Classification

Multi-class classification: +1/-1 label coding

o y;=1: The i-th sample is from the j-th class.

O

y;i=-1. The i-th sample is NOT from the j-th class.
Discriminant function for the j-th class:

X 1, ]j»(x) >0

T -1 f® <0
Minimise sum-of-squares loss in training (N training samples):

LY (s

=1 j=1
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AExample: 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.

o . [classIp =
60 training samples with 30 |
"1:Virginica' '=1:Versicalour"
samples from each class.
>> featurelD
xtl’ er featureld =
HH 60x2 double HH 60x1 double ‘sepal_Lengtn R
1 2 | 1
1 5.7000 1 1 -1 —
2| 55000 11000 2 1 Prediction model:
3 5.5000 1.3000 3 =1 f
4 7 14000 4 -1 =w +wx +wx
Is 63000 2.4000 5 1 0 1 272
6 65000 15000 6 -1 S .
7| 69000 23000 7 1 _ Virginica if f =0
8 67000 2.3000 ] 1 - . .
9 56000  1.1000 5 -1 Versicolour if f <0
10 67000 2.1000 10 1
11 7.4000 1.9000 11 1
12| 6.5000 2 12 1 e e
13 6 16000  f13 -1 Traming:
14| 68000  1.4000 14 = £
15 67000  1.7000 15 -1 N
16 5.5000  1.3000 16 -1 2
17 6  1.6000 17 -1 min — f (X. ) =)
18 7.3000  1.8000 18 1 Wy Wy Wy 2 i I
19 7.6000  2.1000 13 1 I =
21/07/2024 e 66
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A More General Setting

 Thresholding by T the discriminant function.

classl, f=7, [T ,

V= i _ a+b
. class 2, [ <T. | Usual setup: T =

- al/b label coding:

— Binary classification: single-output y & {a,b}

-

— Multiclass classification: multi-output ¥ = {yl,yz,. Y ], where y. € {a,b}

Binary:
A number a indicates the input is from class 1.
A number b indicates the input is from class 2.
Multi-class:
A number a indicates the input is not from class i.
A number b indicates the input is from class i.
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A More General Setting

* Tips on setting:

— Theoretically, you can choose any number for a and b, as long as a is not
equal to b.

— In reality, for some data, the performance can be sensitive to the choice

of a, b.
— Usually, we use |97 +1 o |a=1
b=-1 b=0
— Usually, we use fixed threshold as T = a_+b . For example, a=+1, b=-1,
T=0; or a=1, b=0. T=0.5. 2

— Sometimes, the threshold T is treated as a hyperparameter to tune.
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Hinge Loss for Classification
Hinge loss assesses classification error.

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

iclass label y. € {—1,+’l}

0(9) = imax((),l —~ yf_f(ﬁ,xf_))
i=1

iyour prediction model: f (6 x}_)

(-
Hinge [oss function: f=max(0.1-a)
3 . . .
25"
2t
f 15¢
1t
05¢
ot
-0.5 ' ' :
-2 -1 0 1 2
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Hinge Loss for Classification
Hinge loss assesses classification error.

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

N class label y. € {—LH}
0 (6) - Zmax (O’l = yif (8’ % )) your prediction model: f (0.,\‘,_)

smaleror,ifais IR

less than 1 but

i T
e still positive (not 257 i E
too bad...) 2t ' I | Zero error, if a is
f i E greater than 1
15¢ i I
| t | (very happy! )
| Large error, if ais ' i i ‘
'~ | Negative (very 05t 3 ( ) | |
| unhappy!) | F=Hx) '
. i L
-2 1 0 1 2
a
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AHinge Loss for Classification

0(9) = ima}«:({),l—yff(ﬁ,xf))

 Let fbe alinear model and add a regularisation term to the loss.
This results in support vector machine.

N l
~ min 1113}«:(0_,1—):.(“-'3"3(_+wo))+—w‘TW
(wop JERT,_Jfs f "' 2
regularisation [

regularisation hinge loss { "
erm
parameter wel
(hyper-parameter)

W
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AExample: Hinge Loss for Binary Classification

AA linear basis function model is trained to return the
following prediction for the 3 samples as below:

Ay f ( ) Emax({) 1- yf(@ X, ))
x; | 1| 10
x, | 1| 09
Xs | -1 | 0.1

Al 2Y LIz S GKAA Y2RSt Qa KAy3S

0 = max(0,1 — 1 x 10) + max(0,1 — 1 X 0.9) + max(0,1 — (= 1) x 0.1)
—04+0.1+1.1=12
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ALoss Functions for Classification

AProbabilistic losses

A Cross entropy loss based on class posterior.
p(clask!x)
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ACross Entropy

ACross entropyneasures distance between probability
distributions.

Alts discrete version can be used to examine dieance
between the predicted class probabilitigsoGterior) and
the true probabilities

H(p,q) = —[p(l)log(q(l)) +p(0) log(q(()))] (two classes)

H(p,q) = —[p(l)log(q(l)] +p(2)log(q(2))+ et p(c] log(q(c)]] (multiple classes)
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Cross Entropy Loss

Binary classification: H(p,q) = —[p(l)log(q(l))+p(0)10g(Q(0))]

« 0/1 label coding for a sample (x, y).
o Ify=1, xis from class 1, which means p(7) =100% and p(0) =0%.
o Ify=0, x is from class 0, which means p(71) =0% and p(0) = 100%.

o Therefore, p(1) =y and p(0) =1-y.

« Cross entropy loss computed over N training samples is

0=-Slton el (- (o) [remme
- base 2 (b=2).
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Cross Entropy Loss

Yix=1 means that the i-th sample belongs to

« Multi-class classification class k. yu=0.otherwise.

Yno Yo o Ve
. 7 V Y
o 1-of-K label coding scheme: y=| 'z 2 “2¢ | wherey, € {0,1}
-];4’\.7'1 vaZ T J;Nc?

Cross entropy loss computed over N training samples is

O
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ACross Entropy
A Different models give you different ways to formulzp(ck\x)

ALogistic regression: A linear classification model trained
using crosentropy loss.
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Loss Functions for Classification

Classification Losses based on likelihood.
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ALikelihood Maximization for Classification

AOne way to train the model is tmaximisethe likelihood
(or log likelihood) function.

— Maximum likelihood estimator (MLE):

max p(data| @)
z

— Often it is more convenient to use log likelihood:

max log p(data| @)
z
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AAssumption on Class Label Distribution

ABinary classification: Assume the class label follows
Bernoulli distribution.

0, 1ify=1,
1-0, 1ify=0.

ot

AMulti-class classification: Assume the class label follows
categorical (multinomial) distribution.

. {1-0f-K coding scheme:
p(yv|6]362}- h 96) B ];;1[6;;: va = |:.}"1.'-‘J’:2°,-- .. J'}k ]T

v, = L if the sample is from class k

1y =0 otherwise
1

80
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Likelihood of An Individual Sample
Consider tha-th training samplex|, i)

* Binary classification:

(X y;:16) = 0(x)" (1 - G(X;))l_‘

* Multi-class classification: Assume the class label follows
categorical (multinomial) distribution (generalise Bernoulli distribution

to more than two options):

X Y[ | 9 Hgk(x )yiﬂ
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ALikelihood of N Training Samples

AGiven N training samples and assume sample
Independence.

« Binary classification:
N N o
L = HP(X;:.»}G‘W) = HQ(Xf)y"(l - 0(x))) '
i=1 i=1

«  Multi-class classification:
N

L=]]r(xvl0) = Hl'[ek(x)n

i=1 i=1 k=1
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Example
. 2dz OFYy Y2RSft @2dzNJ ¢ dzaAy =

— Binary classification: Apply logistic sigmoid function to a linear model.

N 1
6(1)_ 1+e:{p(—wri)

— Multi-class classification: Apply softmax function to a linear model.

6, (X)= exp(“ii) =12, . c
Eexp(wii) This gives you again
J=1 logistic regression.
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ANegative Log Likelihood Loss
A Classification loss: negative log likelihood.

ANegative log likelihood loss is equal to the crerropy
loss, If

Q(x) :p(c1

*)

0,(x) =plecfx)
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AExample 1: Cro€sntropy Loss for Binary
Classification

AA logistic regression model returns the following
posterior class probabilities for the 3 samples as below:

———————————————————————————————————————————————————————————————

Ay |peix) | padx) | iy ST, | | I
x;| 1| 08 | 02 = L A
x| 1| 09 | 0.1

x| 0| 02 | 08

Al 2YLIz0 S U KA Zentrg® RS Lisihg the®a\ZR & 3
samples.

0,=~(1x1n0.8+0xIn0.2)-(1xIn0.9+0x1og0.1)-(0xn0.2+1x1n0.8)
= ~(In0.8+In0.9+1n0.8) = 0.55
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AExample 2: Negative log likelihood Loss for Multi
class Classification

AA 3class classification model is trained by MLE assuming
categorical distribution. The ground truth labels and
estimated theta function for the following 4 samples are
provided:

y [ 00 | exn [ eaix v .
x| 1| 07 | 02 | 01 L =HH9;C (X;-)
x, | 3| 05 | 03 | 02 e
xs| 3| 01 | 01 | 08
x| 2| 03 | 06 | 04
Al 2YLIz0S GKA& Y2RStQa bS3l 0

these 4 samples.

L= (0.71 x0.2° 0.1°)>< (0.5“ x 0.3° x 0.21)>< (0.1” x0.1° xO.Sl)x (0.3“ % 0.6' x0.1”)

=0.7x0.2x0.8x0.6=0.0672

—In(L) = 2.7

21/07/2024
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ASummary

ARegression losses:

A Sum of squares error

A Mean squared error
AClassification losses:

A Sum of squares error

A Hinge loss

A Cross entropy loss

A Likelihood and log likelihood based

ALinear least squares (LLS) approach for classification and
regression

ARegularization, regularized LLS
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AUnsupervised Learning
AReinforcement Learning

ADee

AMac

Ve

ADee
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ADecision Trees

AA decision tree is a tree with the following properties:
A An inner node represents an attribute
A An edge represents a test on the attribute of the father node
A A leaf represents one of the classes

AConstruction of a decision tree
A Based on the training data
A Top-Down strategy
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AExample
AThe data set has five attribute
AThere is a special attribute: th
attribute classis the class labe
AThe attributestemp and
humidityare numerical
attributes.

AOther attributes are categorical, that is, they cannot be

ordered.

ABased on the training data set, we want to find a set of
rules to know what values afutlook, temperature

Training Data Set

humidityandwind, determine whether or not to play

golf.

21/07/2024

OQUTLOOK | TEMP(F) | HUMIDITY(%) | WINDY | CLASS
sunny 79 I 90 true no play
sunny 56 70 false play
sunny 79 75 true play
sunny 60 90 true no play
overcast 88 88 false no play
overcast 63 75 true play
overcast 88 95 false play
rain 78 60 false play
rain 66 70 false no play
rain 68 60 true no play
90
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AExample
AWe have five leaf nodes.
Aln a decision tree, each leal [ 7w
node represents a rule. / \om e N\
ARules: Poy | [MoPay]  [NoPlay P ]
A Rule 1: If it is sunny and the humidity is not above 75%, then
play.
A Rlule 2: If it is sunny and the humidity is above 75%, then do not
piay.

A Rule 3: If it is overcast, then play.
A Rule 4: If it is rainy and not windy, then play.
Awdz'S pY LF A0 A& NIXAyeée YR gAY
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AClassification

AThe classification of an unknown input vector is done by
traversing the tree from the root node to a leaf node.

AA record enters the tree at the root node.

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

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

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

AThere is a unique path from the root to each leaf.
AThe path is a rule which is used to classify the records.
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AClassification

ATheaccuracyof the classifier is determined by the
percentage of the test data set that is correctly classified.

AWe can see that fdRule lthere are two records of the
test data set satisfyingutlook=sunnyand humidity<75
and only one of these is correctly classified as play.

AThus, 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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Alterative Dichotomizer(ID3)
AQuinlan (1986)
AEach node corresponds to a splitting attribute.
AEach arc is a possible value of that attribute.

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

AEntropyis used to measure how informative is a node.

AThe algorithm uses the criterion offormation gainto
determine the goodness of a split.

A The 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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AAlgorithm for Decision Tree Induction
ABasic algorithm (a greedy algorithm)
A Tree is constructed ia top-down recursive dividand-conquer
manner.
A At start, all the training examples are at the root.

A Attributes are categorical (if continuowslued, they are
discretized in advance)

A Examples are partitioned recursively based on selected
attributes

A Test attributes are selected on the basis of a heuristic or
statistical measure (e.gnformation gair)

AConditions for stopping partitioning
A All samples for a given node belong to the same class.

A There are no remaining attributes for further partitionigg
majority votingis employed for classifying the leaf.

A There are no samples left.
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AAttribute Selection Measure: Information Gain
(ID3/C4.5)
ASelect the attribute with the highest information gain.
AS contains tuples of classi@®@ril I MIXZIYY

Ainformationmeasures info required to classify any
arbitrary tuple

o Si Si

I(s1,52,...,8 =—§ —log »—

($1,82..., m) — g g s v« « « Information fs encoded in bits.
=

Aentropyof attribute A with value:a, a,....a}

v

E(4)=)

J=

S+ Swy '
I(Sl_;',...,Smj)

Ainformation gainedoy branching on attribute A
Gain(A) = I(s1,52,...,sm)— E(A)
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AAttribute Selection Measure: Information Gain
(ID3/C4.5) Example

5 4
® Class P: buys_computer = “yes” E(age) = 1_41 (2,3)+ 1—41 (4,0)
® Class N: buys_computer = “no” 5
® I(p, n)=1(9, 5) =0.940 +-1(3,2) = 0.694
i

Compute the entropy for age:

2 1(2,3) means "age <=30" has 5
out of 14 samples, with 2 yes's
and 3 no’s. Hence

Gain(age) = 1(p,n)— E(age) =0.246

|_age | income |student| credit_rating |buys_computer

Similarly, Gain(income)=0.029
Gain(student) =0.151
Gain(credit _rating) =0.048

Since, age has the highest information gain

mong the attributes; slected as the

test attribute.
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AAdvantages and shortcomings of decision tree
classification

A A decision tree construction process is concerned with
identifying the splitting attributes and splitting criterion at
every level of the tree.

A Major strengths are:

A Decision tree able to generate understandable rules.
A They are able to handle both numerical and categorical attributes.

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

A Weaknesses are:

A The 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.

A Some decision tree can only deal with binsafued target classes.
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AK-nearestneighbour(k-NN)

AHistory kNN

AK-NN classification
AK-NN regression
Alnstancebased learning
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AHistory
AK-NN is thesimplestof all machine learning algorithms.

AThe philosophy behind-KN dates backery early(965
1040) by a scientist in the optics and perception.

AAnN interesting article on-KIN history:
http://37steps.com/4370/nnrrule-invention/

AEarly academic works orNWN start in 1960s:

A G. SSebestyenDecisioamaking processes in pattern
recognition, First edition, 1962.(known as the proximity
algorithms)

A N. Nilsson, Learning machines: foundations of trainable pattern
classifying systems, First edition, 1965. (known as the minimum
distance classifier)

A T. Cover and P. Hart, Nearest neighbor pattern classification,
IEEE Transactions on Information Theory, 3(312211967.
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Ak-NN Classification

a0 9
Example data: {x ;) ;} :_11 Vo ¢ | .
Feature vector: x; E R4 ¥a | 8 ~ &
Class label: v E {1,2,...,c} ‘“ . . 0‘,':: m: ‘
oY ’
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Alris Classification

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

A The dataset contains 150 iris samples from 3 classxega
versicolourand virginica), eacbharacterisedy its sepal length
and petal width measured.

A Predict the flower type of a query iris sample.

7 \4: NN

__ = Which class is

Eu o o u] oaoo O O . 1
E - = = this new sample
E from?

150 samples
o ] 2-dimensional feature vector

05
00 O O -
00 0 00 ° © ifis Setosa 3 classes
0 0000000000 O O lIris Versicolour
o o0 © £ lIris Virginica
Ol 45 5 ‘ ; 7!5 ;

55 6 65
sepal length in cm
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k-NN Classification Rule

Given a set of training samples {features, class label}.

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

k-NN classification rule:

k=3 nearest neighbours
(-, +,+), so class “+" assigned

Testing point X >
For each training data point Xy, - - _ -

measure distance (X, X¢) '." . ';H‘_ +
End —:: —.x ".
Sort distances " "E ,: +
Select k nearest points R T
Assign most common class + +

| majority voting |
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AExample: NN for Binary Classification

2.5 | —
® 9 training samples
6 from class1 (red)
2L ® o 3 from class 2 (blue)
®
B4 ®
£
£ ®
5=
=
B o1}
[ak}
[=9
0.5
® _
® Versicolour
* ® ® Setosa and Virginica
|:| i i i i i i
45 ] 55 i 6.5 T 75 8

sepal length in cm
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AExample: NN for Binary Classification

2.5 T
® 9 training samples
6 from class1 (red)
s L A ® Ae® 3 from class 2 (blue)
®
51 o A
= ® \
T
é Which classes are these new
g / samples from?]
0.5 . -
® Versicolour
® ® @® Setosa and Virginica
cl4.5 EI 5.I5 Eli E.IE '.: F.Iﬁ ]
sepal length in cm
21/07/2024
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25
9 training samples
6 from class1 (red)
.1 3 from class 2 (blue)
Step 1: Calculate
E 15 distances to the 9
= training samples.
g
E 1t
a
0.5
® Versicolour
@® Setosa and Virginica
CI# i} ﬁl ﬁ.l5 I; i I‘ '-I' T.Iﬁ ]

sepal length iﬁucm
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9 training samples
6 from class1 (red)
3 from class 2 (blue)

Step 1: Calculate
distances to the 9
training samples.

wn

Step 2: Sort the
distances and

find the nearest
neighbour (k=1).

petal width in cm

@ Versicolour
® Setosa and Virginica

i i i i
45 5 55 B 8.5 7 75 8
sepal length in cm
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9 training samples
6 from class1 (red)
3 from class 2 (blue)

Step 1: Calculate
distances to the 9
training samples.

n

Step 2: Sort the
distances and

find the nearest
neighbour (k=1).

petal width in cm

® Versicolour

@® Setosa and Virginica Step 3: Assign

0 . . . . . . class.

45 ] 55 g 6.5 T 7.8 ]
sepal length in cm
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9 training samples
6 from class1 (red)
3 from class 2 (blue)

Do these for other

1 | query samples.
Wss

-
.
[

petal width in cm
@
(]

red clags
0.5
® Versicolour
® ® @® Setosa and Virginica
[} 1 1 1 1 1
45 5 55 ] 6.5 T 7.5 8

sepal length in cm
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AK-NN Regression

Example data: {X;¥ i}izl
Feature vector: x; E R4

Target output:  y; E R¥
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K-NN Regression Rule
Given a set of training samples {features, output}.

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

K-NN regression rule:

Testing point X;.
For each training data point xy,

measure distance (X, Xt)
End
Sort distances

Select K nearest points: Xyn1, XNN2, ---XNNK
Calculate y. by averaging the output of these nearest
points: yie =(YnN1+ YNzt - +YnnNk) /K
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ARegression Example 1
ATraining samples: 200 inpoutput pairs (blue circles).
APredict the singl®utput y from the singlénput x.

Each training sample iIs generated by first choosing a random input x
between -20 and 20, and then calculating the output by y=sin(x).

1 & T TR é‘ T g‘f T ﬁ=° T T
] g o . g . [+] & g
o S = = @
.- ] L o o o P
051 3 . ? . A training
a2 o - @ -
° o sample.
&
=~ 0 . ©
o
Q o
_DS 'n <] o
o
2 o
o
_1“ & %‘E lig 1 %-: n.a %.g
=20 15 10 5 ] 5 10 15 20

21/07/2024 112



K-NN

9 Master of Engineering in Internet of Things

ARegression Example 1
ATraining samples: 200 inpoutput pairs (blue circles).
APredict the singl®utput y from the singlénput x.

Each training sample is generated by first choosing a random input x,
and then calculating the output by y=sin(x).

1 & = =
) g > 3 #
LI o -] [+
o ]
o © o @ o
o [+] =] o |
o o °
05} o o .
. o o
o ]
@ [ ]
(-]
o [+] =]
o o o a
(-]
= [] =] o -] @
& o o o
(]
[=] @ e
] o e ] 8
o Q@ o
—D.E' o -] o o o .
o [-]
e o @ © g¢ °e = °
o o -
! % %8 35 o 8 x=63}a, what |iy?
-1 <] i oy i [+ - %ﬁr & L g i i

-0 -15 -10 -5 0 & 10 15 20
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ARegression Example 1
ABuild a 3NN regression model

T o ) T | -l 43 ] |sin(6.1)=-0.1822
0l °e 3 o® e o | |sin(5.9)=-0.3739
. o ° o | @ ° o 9 | sin(5.7)=-0.5507
06 ° e ’
L & o L &
| ° e ‘ @ ° ’ I G o “
L o o L
04, ¢ e I ’ ° * Search 3 nearest
o @ 0 .
02}t 0 . ° . 5 : o ° @ neighbours to 6.0.
. o ° o ° ° + Find out the
- Or =] | ° -
o T | o output values of
02}’ s 4 L, Xnw1=61 [iE = % the 3 neighbours:
o - . i @ _
04+, : s @ XNN2=29 QI__ ° - - - o 7 Yt = _g:‘lgig
o N ® e xn 57 — a I: Yhnz = -U.
06} o o o ; :ma ’ E? . . ynna = -0.5507
o A { x=6.0, what s §
08 H 3 -2 1x=6.0,what is y
1 L% L — % 4 e —
-20 15 -10 -5 0 5 10 15 20
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ARegression Example 1
ABuild a 3NN regression model

sin(6.1) = -0.1822

T o W APy | & L3 1 | sin(5.9)=-0.3739
osk ¢ . ° . s ° 1 °3 o | [sin(5:7)=-05507
o o -] | @ o : o
06 @ ° . coe o . : °l |+ Search 3 nearest
04l ° a . ° ° : : . o neighbours to 6.0.

o o e 4 o | N .| |+ Find out the

02r, = ¢ : IR i ] output values of
- 0}° oL . I o | the 3 neighbours:

N | o _

N o o o . - YWrr1 = -0.1822
02} o Xy =0.1 B = ——

: . o e ° ___3._-—;:.'.-‘-3-‘“""* ynnz = -0.3739
04}, . o o XNN2=59 @—--_“____,_.;--"" ° " yrna = -0.5507
06k © o XNN3=0.Y Ef - oo s _ | |= Averagethe3
sl e S s a ° s “I ° . . output values:

| °§ 3° 2 . 1x=6.0, what is y§ (Yravr =Y+ yras)/3
-1 LS A o . = -0.3689
-20 15 -10 -5 0 5 10 15 20
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ARegression Example 1

ABuild a 3NN regression model

0.2 L - .
[ ]
[ ]
.
0E - - »
0.4

0.z

0.2

0.4 T
L

-0.6 [ *

05 | - 4

21/07/2024

20

Predict for new

samples: red
circles represent

(x, predicted y).

Question: Is the model
reliable for predicting
output for input values
outside [-20, 20]7?




ARegression Example 2

A ORL Database of Faces:
https://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.ht
ml

A The dataset contains face images of 40 people, with 10 images per
person.

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

Columns 1 through 25

75 83 81 75 60 69 71 79 76 91 148 151 142 145 155 151 156 160 189 46 42 43 42 42 44 l.-‘!I .ﬁ-l
Columns 26 through 5@

46 43 47 46 48 50 49 101 109 115 129 142 145 143 144 151 156 157 162 161 159 161 158 156 153 l 4

| —

Columns 51 through 75 "
153 151 75 30 41 43 44 44 43 46 49 46 48 51 128 139 155 159 153 148 149 147 162 171 172
Columns 76 through 100

17¢ 171 172 173 182 180 178 173 173 168 164 161 121 62 37 41 42 47 48 46 49 159 164 161 158
Columns 101 through 125

152 155 143 153 17 177 182 161 163 167 176 179 186 182 183 185 185 184 179 178 171 158 44 29 36
Columns 126 through 150

41 42 46 167 168 165 160 161 154 146 173 178 143 147 163 162 165 173 177 179 183 190 190 190 193
Columns 151 through 175

192 189 189 188 18@ 157 154 166 165 166 170 169 165 166 146 145 160 186 131 123 160 188 171 165 171
Columns 176 through 200

171 177 183 19 189 195 197 197 194 195 194 19¢ 183 172 157 164 177 168 170 170 168 164 152 148 175
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Regression Example 2

ORL Database of Faces:

https://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.ht
ml

The dataset contains face images of 40 people, with 10 images per
person.

Each image contains 32x32=1024 pixels, with 256 grey levels per pixel.
A regression task: Guess the right face from the left face (image
completion).

Input variables (x): the 512 pixels of the left side of an image (given).

Output variables (y): the other 512 pixels of the image (to be
estimated).

G X = _xlﬂxzﬂxs’”‘xﬂz]

y= _J}I,J}Q,}’3,---J}512]

Given x, guess y!
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Regression Example 2

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

[

3

“i. b

‘‘‘‘‘

LA
AT N T

Query Input
[~

i

- - - - -

TR YR
LOU S I W

oy

- - e - -

ol b ot 30 VER

Y L

-'f wi
ke
w -

S R

.

-— — — - L4

L. WA T ] W
IO AT e 1 e

ORI T A ML ®
AT« o

. SN

I AT

~ i
y A
_ Yo ”
O b~ . { J
LTSN L

A Fiat o s 40 G ¥y AR KRR T

ot
>
x
¥

bs 10§
Al
AT
o
FL ) B

Information carried by the training images informs how to infer right face from left.
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Regression Example 2

Build a 3NN regression model using 200 training images, containing
5 example images (with both left and right faces) for each of the 40

people.
Compare Euclidean distances using image pixels, and search
the 3 most similar left faces.
i E E E E B ‘B'E
Query Input g %

FTEILAY MG
ALY ML

Ly LT MDA X
LT MDD
L AFTVEI I AL u

A2 ¢ r 4 b i Bl 3% VBB §

R Lo (BT sRLSRL FEE FE 5 4 B
AN S ] AL L

2900 DY U O T Y T
T e BB v VR4

A L LT X e

- ). M O
YT WYL

LA

AT L Y
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Regression Example 2

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

3 Nearest Neighbours

Query Input
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k-NN >

ez o> Master of Engingering in Internet of Things

Regression Example 2

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

3 Nearest Neighbours

Inputx <~ Outputy

Query Input

-
|

Estimated Output

i A
ﬁ 1/3(yNN1+YNNZ YN )
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Regression Example 2

Completed Image

3 Nearest Neighbours -

Input x - et Output y

1/3(ynn1+HYNNZT YNN3 )
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Regression Example 2

3 Nearest Neighbours

Real answerl

Not bad in
this casel
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ARegression Example 2

* More testing images!

input left face
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Alnstancebased Learning

A Many algorithms are developed to predict output based on the
similarity (or distance) of the query to its nearestighbouxs) in
the training set.

A Representative algorithm:=-KN.

A Aspects to be considered:
A How to compute the distance?
A How to choose number afeighbourg(k)?
A How to infer the output frormeighbouringpoints?

Reference: https://link.springer.com/referenceworkentry/10.1007%2F978-0-387-30164-8 4
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https://link.springer.com/referenceworkentry/10.1007%2F978-0-387-30164-8_409

-
- ‘.
k NN @36 Masteroffngmeermg In Interngt of Things

AThings to consider when useN{:
A Distance calculation
A Effect ofneighbournumber k
A Effect of training samples
A Fastneighboursearch
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An important quantity to compute in a
k-NN model is distance!
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Distance Measure
The most commonly used distance is Euclidean distance:

e

Given two d-dimensional data points

p=[p.p,7p La=lg.g pa 1,] N

i@a)=\(i-0) +@r-0) (pa-a) | P

37

d -
=\/§(Pe—@'=) =[p-q,

1T

MinkowskiDistance:

d(p:q)=Mpl—q1|= P[40 Ba-a,

t=2: Euclidean distance
t=1: Manhattan (city block) distance

City block
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Similarity Measure

You can also use a similarity measure!
The k nearesheighbourshave the highest similarity values.

Inner product and cosine similarity are good similarity Cosi _
osine example:
measures for capturing co-occurrence pattern:
d (I X,
S (P42 P4, =P Q.
=1 {J, ¥,
d
2. r4; . ‘f
{H(Pll)= |ﬂ.-1 = Pq
2|, ],
|ZP g; B
1L|| f=1 =l
Convert cosine to distance: cos(6)- LT
_ J¥+x .J'Lr +,
d(pg)=1-5..(p.a)
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Training Samples

——
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A Effect of Training Samples

A Small number of training samples:
A Insufficient information

A Large number of training samples:
A More information
A But, time and memory cost consuming (distance calculation, sorting)

A Noisy training samples:
A Inaccurate prediction
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* Imagine to apply
the 1-NN rule to
every single point in
the space. The
whole space will be
divided into red and
blue areas. The left
figure displays such
effect.

25

N

petal width in cm
"

.

0.5

4 45 5 5.5 6 6. 7 75 8
sepal length in cm
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* This is equivalent to
using the nonlinear
separation
boundary
(highlighted by the
black line) to
partition the data
space to two
classes.

25

L]

petal width in cm
&

—

4 45 5 55 6 6.5 AR 8
sepal length in cm

21/07/2024 134



k-NN IoTrain

Lz o~ Master of Enginegring in Internet of Things

n

petal width in cm

—
ae

054

] 4.5 5 5.5 6 6.5 7 7.5 8
sepal length in cm
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ATesting it using 60 new samples!

* 9 out 60 testing
samples are classified
into the wrong class!

error rate = 9/60=12%
accuracy = 51/60=65%

* The 9 training samples
do not summarise well
the data distribution in
each class.

petal width in em

* Insufficient training
Informationl

:1.." 4.5 5] 5.5 [+] 6.5 7 7.2 "B
sepal length in cm
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Increase the number of training samples

o i . 'zv'c:l;l.:-."..‘.:l'. : e
o) L ] & Ss;'.;r.fl‘av'-:: Virginica ..d.;
= '-';";'." n “'7 | : ‘ ‘ o £ f;(-x:-:: l4:t"n;".r* incm
9 training samples More than 9 training samples

@ Versicolour
@® Setosa and Virginica
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Increase the number of training samples

A By
A
'Y A
A A
1 i A1A A
| f 0@ A
= (2] HELUR _
i 8 A AN A A
= F ¥ % Y SR
B : it
2 o A
AA By
A A
~ A A
A ALAAAL A 'Y
A AA

sapal length in cm S0pE 100G W ¢

9 training samples More than 9 training samples

9 out 60 testing samples are 7 out 60 testing samples are
classified into the wrong class! classified into wrong class!
error rate = 9/60=15% error rate = 7/60 = 12%
accuracy = 51/60=85% accuracy = 53/60 = 88%
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A 3class INN example

@® Ins Setosa
@ |ris Versicolour
@ Iris Virginica

Insufficient training information
in this region.

dth incm

petal width in cm

petal wi

-5;39;,[ ‘er,é{h in Crﬂ stpal :enll;'.h n cm
9 training samples with 3 30 training samples with 10
samples from each class samples from each class
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Testing with 60 new samples

Used 9 training samples Used 30 training samples

- o}
g e g
e G
: ] Wl
3 < 3 ety bt | Fold B
£ kS FEEEEEE e ST
.;zl g ......
sepal length in cm ‘ ‘ ' . » )sepal |en.l;,1h in cm ...................
testing error rate = 9/60 = 15% testing error rate = 5/60 = 8%
testing accuracy = 51/60 = 85% testing accuracy = 55/60 = 92%
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ARegression Example 1

More training samples provide more information to predict better.

50 training samples, 3-NN 250 training samples, 3-NN
1 : — - 1 —— . — . . -
s | | [ | asl | | | 1
08 n 1 | l.d 08 Pl | | : h [ 1
sl | o T i I 1 ndl | : .
02 , % ozl | 1L | : ,
af 4 | = 0 - 1
032 | 2 | ' az || u
0.4 ' e galf - . .
a6 f 0 f
08 | : 08 ' | ¢
1 " \ 1 %) . Tq i3
20 15 10 5 0 5 10 15 20 20 15 10 5 0 5 10 15 0
X X
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A Effect of Noisy Training Samples

petal width in em

55 6 6n
sapal length in cm

21/07/2024

Overfit to the two red
training samples!
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Neighbour Number k in
k-NN
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ANeighbourNumber k

A Hyperparameter:neighbournumber k.
A The process of determining threighbournumber k is called
A hyper-parameter selection or model selection.

A ltis not a good idea to set k as an even number for binary
classification.

- — __ | Not possible to reach
_ - _ a decision!..
- - T Ty +
- +,
' — '
. X
% ¥
LY *
IR .
T F
+ T
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A Effect ofNeighbourNumber k
A Hyperparameter:neighbournumber k.

A Small k: We may model noise!

A Large kNeighbourswill include too many samples from other
classes, which can negatively affect the prediction.
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ABinary kNN trained with 20 samples with varyingighbour
number K.

3 BHH

petal width in cm
petal width in cm

5 6 6
sepal length in cm sepal length in cm

petal width in cm
petal width in cm

146
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A 3class KNN case trained withoisysamples. Here, 6 out
of 60 training samples were assigned randomly to a wrong
class.

k=1 k=1

6 out of 60 samples are assigned

All the 60 training samples are correct.
to wrong classes.

o o o o
S 8 oo . ©0 . p 8 oo ., ©0©
P oo ess) o o 00000 o
8 i S = = e
£ a 82.0’0 : . 2.0’0
ro o
@ g o)
3 o o o
© 000 _cop oo © [ho @ o
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A 3class KNN case trained withoisysamples. Here, 6 out
of 60 training samples were assigned randomly to a wrong

class.

k=1 k=1
All the 60 training samples are correct. 6 out of 60 samples are assigned
to wrong classes.

o 2 o (@)

. 8
' o ve o ©© . o oo o ©°
OO0 o 8 (e85 8) o)
- 8 Bl o - o
£ * 32.0.0 g ® % o’e
ro 9‘::
c . = .

sepal length n om

o e 2 °
® o0 _cop oo : wm.aln
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Increase thaneighbournumber k

m
o

th inom
C

got="

petad wadth in o
oy
°m

.0
®
(@]
potad width
(&}

= 2N
oD ” 0..‘ [

sepal length n cm sepal longth n cm

k=1 case is much more sensitive to those noisy samples than the k=11 case.
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k=35

1 Many samples from
other classes are
identified as neighbours.
The decision can
become unreliable.

petal width in cm
17

sepal length in cm
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AToo large k: Regression Example 1

Including too many neighbours may introduce noise.

250 training samples, 5-NN 250 training samples, 25-NN
! T I i) 1
08 08
06 0
0.4 t . t ! . o4
0z | I [ o Fo [ 0.2
0 7 0
032 | L] { 02
nrasi | 1 [ ! 04
0 : [ : | | f il
08 bl i ] | 'L'|II. 08
" TS T :l: : 0 15 ) 15 0 5 :I'c 5 0 15 20
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AToo large k: Regression Example 2

+ Some testing images for 50-NN regression.

input estimated true

Too high

* | neighbour

| | number includes
bad images
(wrong faces in
our case) in

| | estimation,
resulting in bad
results.
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ANeighbourSearch Algorithm

A Study fast computation of nearestighbourss an active research
area in machine learning.

A Naive Approach: brutéorce compute distances between all pairs of
samples and sort.

A Treebased methods:

A Basic 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.

A Variaties KD 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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ASummary
A k-NN is the simplest machine learning algorithm.
A It can be used for both classification and regression.
A No explicittraining.
A Anon-parametricmethod: no parameter to beptimised
A The algorithm relies on a distance measure.

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

A Theneighbournumber k is a hypeparameter to be selected by the
user.

A Too small: sensitive to noise
A Too large: inaccurate prediction
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ASupport Vector Machines (SVM)

ASVM history and basic concepts
ACore idea: hargnargin SVM for linearly separable cases
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ASVM History and Library

A Vapnikand Lerner (1963) introduced tlgeneralisedortrait
algorithm. The algorithm implemented by SVMs is a nonlinear
generalisatiorof the generalisedortrait algorithm.

A Support vector machine was first introduced in 1992:

A Boseret al. A training algorithm for optimal margin classifiers.
Proceedings of the-th Annual Workshop on Computational Learning
Theory 5 144152, Pittsburgh, 1992.

A More on SVM history: http://www.svms.org/history.html
A Centralisedvebsite: http://www.kernetmachines.org
A Popular textbook:

A N. Cristianiniand JShaweTaylor, An Introduction to Support Vector
Machines and Other Kernbhased Learning Methods, 2000.
http://www.support-vector.net

A Popular library: LIBSVM, MATLAB SVM, detkih
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ARevisit Hyperplane

1D ' _
9 i Ml VM wixi Fwaxs . Fwaxa b =0
. J

y.—'/ Swx+b=0

The above is called a hyperplane.

t X2 Hyperplane " In2D space (wixi+w2x2+b=0), it is
direction a straight line.
w

. In 3D space (wix1+w2x2+wax3+b=0),

) ar it is a plane.

(0,0) X1
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ADistance to Hyperplane

D spacey o
g ——
¢ X2 Hyperplane X ; i

direct . r: Distance from an arbitrary

rection 7 point x to the plane. Whetherr
w / IS positive or negative depends

\ ;f on which side of the
F hyperplane x lies.

_ wrx+b _ wrx+b

I~
2

Distance from
the ongin to
the plane.

(0,0)] X1
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Parallel Hyperplanes

We focus on two parallel hyperplanes:

I wix+h=1
l w x+bh=-1
. . .2
Geometrically, distance between these two planes is ” H
W
X2 / B 2
p=11/ Wi, S rxb=0
p /
\
® \ wa—\-b::'"l
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Parallel Hyperplanes

« We focus on two parallel hyperplanes:

J wx+b=1
l wx+bh=-1
2
+ Geometrically, distance between these two planes is ”
W
X, z:wlz+b=1 _ 2
y 21\
p=1 7 Iwlla § 1 =0
w \ ; wiz+b 1
p - / - T - ,
\ 1 o,

A
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Linearly Separable Case

® We focus on
® ® ® @ @ the bi.n.ary_
o classification

o ® ® problem.
® )
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SVM

Separation Margin

.“

=

=0 Master of Enginering in Internet of Things

« Given two parallel hyperplanes below, we separate two classes of data
points by preventing the data points from falling into the margin:

J wx+b=1 ify=1,

1 wx+b=-1, ify=-I.

» The region bounded by these
two hyperplanes is called the
separation “margin”, given by

¥

21/07/2024

equivalent
expression ¥y
o o2
® ®

(wrx + b) >

-

-
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ACore ldea of SVM

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

21/07/2024 163



. @
VM
S .36 Master of Engineering in Internet of Things

ACore ldea of SVM

A The 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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