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What is Machine Learning?

A subset of Al involving computer programmes,
often referred to as models, which:

are trained to achieve some task,
without requiring programming explicit
instructions for how to do it

* rather they enable computers to
perform pattern recognition.

these patterns are learned from some
example data.

A key factor in ML is getting the
computer to learn a generalisable
mechanism for achieving the task.

This Photo by Unknown Author is licensed under CC BY


https://scherlund.blogspot.com/2019/05/machine-learning-explained-machine.html
https://creativecommons.org/licenses/by/3.0/

Why is Machine Learning Interesting?

* Potential to delegate trivial, repetitive or
dangerous jobs to machines.

* Faster processing of information
- Vast volumes of data are being generated
and stored digitally, more than any human
could ever hope to look at/learn from.
» Potential for deeper insights to be learned

from more data
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55 million articles

2.7 billion users

500 million tweets a day

4.2 billion webpages
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Why Should Machine Learning be Interesting to You?

Curiosity — machine learning is tasked with
designing frameworks to learn and reason
about data without needing to articulate
explicit decision rules.

It is becoming ubiquitous: you interact with
a number of ML systems in day-to-day life.
Combination of programming, applied
mathematics and machine learning should fit
well within your skillset at graduation.

Job prospects are very good in this field at the
moment!

Location

Machine learning Engin... (29)

Upload your CV and easily apply to jobs from any device!

10f 168 jobs @

Machine Learning Engineer job new

London
£75,000 a year

o Google Job Title: Machine Learning Engineer job.
o Certification in any R, SAS,SQL, Visualisation Tools, Machine Learning, Bayesian
and/or Regression etc.

Machine Learning Expert - Associate - London Machine Learnin...
W

London E14

Junior Software Developer C# Al Machine Learning new
40 %
London

£35,000 - £50,000 a year

o Junior Software Developer (C# AI Graduate Computer Science Machine Learning
Data SaaS)
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How do you interact with ML in your life?

Let’s find out what you know about ML and how it might be

involved in your day-to-day life: PollEv.com/bdevans

This will help us to think about different possible tasks, and their
requirements.
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What applications of ML have you used?

Nobody has responded yet.

Hang tight! Responses are coming in.

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app



Outline for today

« About the module: logistics, evaluation, and syllabus overview
« The Whatand Why of machine learning
« Ingredients of machine learning: tasks, features, and models
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Learning outcomes

 Understand the variety of machine learning tasks such as classification,
regression, clustering, dimensionality reduction, and collaborative filtering.

 Learn what models are.
 Recognise the importance of features as an input to machine learning.
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About This Module

« This is an introduction course to the field of
machine learning.

« The module aims to provide a unified view of the
field and to present key ideas and techniques.

- We will take a fairly applied, example-driven
approach, but will also try to cover important
theoretical concepts.

*T TRINK YoU SHOUWD BL MORE EXPLICIT
HERE. N STEP TWo.»
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Module Learning Outcomes

By the end of this module a successful student should be able to:
« Demonstrate basic knowledge of several supervised and unsupervised
machine learning models including: multi-layer perceptron, support
vector machine, random forest, K-means, and PCA.

« Map machine learning models to tasks based on reasoned arguments.

 Explain and exploit practical concepts such as cross-validation and
learning curves.

 Use machine learning toolboxes to solve classification/regression
problems with real-world data, including pre-processing of the data
and incorporating prior knowledge.

US
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Logistics

 (Canvas webpage:

» All teaching materials (lecture notes, lab exercises & solutions, assessment
details, additional reading, etc.) will be made available at

https://canvas.sussex.ac.uk/courses/28155.

» Module Discussion Forum on Canvas: If you have a question, it is
likely someone else is wondering the same thing, so please use this
forum to ask any questions and share resources for everyone’s benefit.

 Lectures covering key concepts and techniques will be in person:

» Tuesdays 9-10am.

» Thursdays 9-10am.

» Lectures may be supplemented by pre-recorded segments on Canvas.
« Office hours:

» Dr. Johanna Senk: Wednesdays: 11-12pm, Thursdays: 11-12pm.

» Dr. Ben Evans: Tuesdays: 12-1pm, Thursdays: 3-4pm.

» Please send an email first to make sure we'll be available.

US
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https://canvas.sussex.ac.uk/courses/28155
https://canvas.sussex.ac.uk/courses/23328/discussion_topics

Labs

Support the lecture content.
» Start in Week 2.

» They will cover the previous week's material.
» Take longer than the 1-hour slot.

» Prepare in advance.

» Attempt the extensions if you can.

Labs will take place in person with a manual attendance register

Check Sussex Direct for which of the six slots you have been
assigned to (Tuesdays, Wednesdays x2 or Fridays x3).

Solutions will be made available for the labs in the following week
and walkthroughs will be posted on Canvas.

US
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Evaluation

1. Multiple choice exam (on Canvas), 10% weighting,
1 hour, Friday Week 5 from 17.00.

2. Multiple choice exam (on Canvas), 10% weighting,
1 hour, Friday Week 9 from 17.00.

3. Data Analysis Competition + Report

» This is worth 80% of the total grade.

» A 1200-word report detailing the implementation,
critical evaluation, and creative solution of a
machine learning application.

» Due for submission: 4pm, Thursday 237 May.

NO EXAM!I &5
13 lls
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Source Materials

Some of the good options:

« C. M. Bishop, Pattern Recognition and Machine Learning, Springer, 2007.
S. J. D. Prince. Computer Vision: Models, Learning, and Inference. 2012.
http://www.computervisionmodels.com/.

S. J. D. Prince. Understanding Deep Learning. 2023.

https://udlbook.github.io/udlbook/.
K. Murphy. Probabilistic Machine Learning: An introduction. 2021.

https://probml.github.io/pml-book/
MP Deisenroth, AA Faisal, CS Ong, Mathematics for Machine Learning 2020.
Online version available at: https://mml-book.github.io/book/mml-book.pdf

Useful video materials:
* https://www.coursera.org/course/ml and http://videolectures.net
— search for “machine learning summer school”.

US
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http://www.computervisionmodels.com/
https://udlbook.github.io/udlbook/
https://probml.github.io/pml-book/
https://mml-book.github.io/book/mml-book.pdf
https://www.coursera.org/course/ml
http://videolectures.net/

Mathematics and Machine Learning

« Machine learning is underpinned by a variety of mathematical theories and
formalisms.

« Difficult to present without at least some of the relevant mathematics:
» probability theory
» linear algebra
» multivariable calculus
» information theory
» logic and set theory

- It is important to try to understand the intuition behind the mathematics.
This influences the choice of what method to use in which situation.

US
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Syllabus Overview

16
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Introduction to Machine Learning / Classifiers (BE)

. Probability theory form ML (JS)

Linear Models for Regression and Classification (JS)
Regularisation and Model Selection (JS)

Perceptron and Backpropagation, Clustering (BE)
Catch-up week (BE)

Pre-processing / Dimensionality Reduction (JS)

. Multilayer Perceptron (JS)

~rrv Easter Break ~~ve

. CNNs and Deep Learning (JS)
10.
11.

Support Vector Machines (JS)
Random Forests and Advanced Models (BE)
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Why Machine Learning?

Hi

A\ This message may not |

Data can be used to perform all kinds of tasks:
1 Identifying whether an email contains irrelevant
information (spam) or not (not spam).

23

info@gmail.com Learn

Dear Winner,

Spam x

n |

Coca Cola Cash Splash <info@gmail 6:07 AM (10 hours ago) L) v
to Recipients |~

Your email has just won the sum of £ 700,000.00
in cash credited to a file in the just concluded
Coca Cola Cash Splash 1st

Oct 2013
Reviewer Invitation for ICML 2014 Inbox  x &
Tony Jebara jebara@cs.columbia.edu via sendgrid.me Sep 14 - v
to me |~

Dear Novi Quadrianto,

On behalf of the ICML 2014 org:
serve as a reviewer for ICML 20
conferences in machine learning
papers published at the conferel
devotion of the reviewers, and w
a great success.

we would like to invite you to
AL is one of the flagship
standards on the quality of
ble without the effort and

yort to make next year's ICML

After considering author and reviewer feedback from previous years, and after
extensive discussions, ICML 2014 will use two reviewing cycles. See the website
and call for papers for details http://icml.cc/2014
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Why Machine Learning?

Data can be used to perform all kinds of tasks:

2 Predicting from satellite images and environmental sensors
whether tomorrow will be sunny or partly cloudy or cloudy
or rainy or thunderstorm.

MSLP / Precip (03 hourly) ACCESS-Regional
Valid 15UTC Sat 10 Mar 2012 t+003

US
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Why Machine Learning?

Data can be used to perform all kinds of tasks:

3 Predicting from satellite images and environmental sensors for
tomorrow’s temperature, wind, and humidity values.

MSLP / Precip (03 hourly) ACCESS-Regional
Valid 15UTC Sat 10 Mar 2012 t+003
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Why Machine Learning?

Data can be used to perform all kinds of tasks:
4 Recommending products and services on

Click to LOOK INSIDE!

Machine Learning: A Probabilistic
Perspective (Adaptive Computation and
Machine Learning Series) [Hardcover]
Kewin Murphy (Author)

¢ )
RRP: G408

price: £41.49 g this item Delivered FREE in
the UK with Super Saver Delivery. See

You Save: £7.46 (15%)

In stock.

Dispatched from and sold by Amazon. Gift-wrap available.
Want it Saturday, 21 Dec.? Order it within 21 hrs 9
mins and choose One-Day Delivery at checkout. Dalails

Ordering for Christmas? To ensure delivery by December
24, choose Super Saver Delivery at checkout. Read morg

Quantity: (1 =

Yes, I want FREE One-Day
Delivery with a free trial of

Amazon Prme

or
Sign g to turn on 1-Click ordering.

Trade in Yours
For a £23.15 Gift Card
| Tradein
kearnmore

the basis of customer purchase history and

More Buying Choices

2lnew from £37.00 g ysed from £42.03
Ascollectible from £48.95

28.used & new from £37.00

Have one to sell?

the decisions made by similar customers.

Machine Learning
A Probabilistic Perspective

Kevin P. Murphy
Click to open expanded view Formats Amazon Price New from Used from
‘Share vour own cusiomer mages Kindle Ediion . - -
‘Ssarch inside Shis book Hardcover £a1a9 £3700  £4203
Start readin on your iPad,

9 Machine Learning
or Mac instantly. Don't have a free Kindle
2pp? Galyours hare
PP Special Offer
Today only, when you buy a physical book, you will receive a £1 credit for Kindle Books. Explore
thousands of books from 99p in the Kindle Store and start reading in seconds with one of our free
Kindle reading apps for your smartphone, tablet, or PC.

What Other Items Do Customers Buy After Viewing This Item?

g Bayesian Reasoning and Machine Learning by David Barber Hardcover
2]

£38.25

£63.99

MACHINE LEARNING (Mcgraw-Hill International Edit) by Thom M. Mitchell Paperback
E)

£43.34

i Pattern Recognition and Machine Learning (Information Science and Statistics) by Christopher M. Bishop Hardcover

26 University of Sussex



Why Machine Learning?

Data can be used to perform all kinds of tasks:
5 Grouping together images according to semantic similarities.

Set of Images

27 University of Sussex



Why Machine Learning?

Data can be used to perform all kinds of tasks:

6 Visualising high dimensional data in a 2-
dimensional space.

28
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Saul & Roweis, 2003.
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What problems can ML solve that were previously very difficult or impossible?

Nobody has responded yet.

Hang tight! Responses are coming in.

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app



WHEN A USER TAKES A PHOTO,
THE APP SHOULD CHECK WHETHER
THEY'RE IN A NATIONAL PARK ...

SURE, EASY GIS (OOKUR
GIMME A FEW HOURS.

... AND CHECK WHETHER
THE PHOTO 1S OF A BIRD.

I1L NEED A RESEARCH

\ TEAM AND FIVE YEARS.
% %

IN CS, IT CAN BE HARD TO EXPLAIN
THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY IMPOSSIBLE..




Why Machine Learning?

Some problems are difficult or even impossible to formalise as a
computer science problem, but humans can provide examples or
feedbacks.

 Given an image of a handwritten character, which character is
this?

Character Recognition
l

It is difficult to program a solution to this.
if (I1[0,5]<128) & (1[0,6] > 192) & (I[0,7] < 128):

return ’A’
elif (I[7,7]<50) & (1[6,3]) != 0O:
return ’Q’
else:
print "I don’t know this letter." lls

31 University of Sussex



Why Machine Learning?

Some problems are difficult or even impossible to formalise as a
computer science problem, but humans can provide examples or
feedbacks.

 Given an image of a handwritten character, which character is
this?

Character Recognition

HAAAAA

It is difficult to program a solution to this.

if (I[0,5]1<128) & (I[0,6] > 192) & (I[0,7] < 128):
return ‘A’

elif (I[7,7]<50) & (I[6,3]) != O:
return ’Q’

else:
print "I don’t know this letter."

US
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Why Machine Learning?

Some problems are difficult or even impossible to formalise as a
computer science problem, but humans can provide examples or
feedbacks.

« Given an image of an animal, which animal is this?
Object Category Recognition

It is impossible to program a solution to this.

if 777

US
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Why Machine Learning?
The good news: we have examples.

Training by examples

mj F:J ua

i P

Machine
Learning

——> Dog
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Tasks, Models, and Features

Three main ingredients of machine learning:
« Tasks:
» problems that require a mapping from data to desired outputs
(insights).
* Features:
» characteristics of the data used to describe domain objects.
* Models:

» encode the required task mapping.

Data
(Features)

Machine Insights
Learning —> Dog
Models
UsS
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THIS 1S YOUR MACHINE LEARNING SYSTEM?

YOP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSIERS ARE WRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

@ §
[0 =
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(Some) Machine Learning Tasks if You have Health Data

Classification
» Binary (C = 2) classification involves separating data into two distinct groups (+ and -)
e.g. distinguishing people at risk from heart disease (+), from those not at risk (-).
» Generalise to ¢ > 2 different classes
Regression
» Involves mapping from data items to real values
e.g. quantifying the risk of heart disease on the basis of personal health records
Clustering
» Separating data into different clusters/concepts on the basis of their characteristics.
e.g. grouping people according to their genetic characteristics.
Collaborative filtering
» Identifying rules or associations from data
e.g. "recommending” products or films on the basis of patient records and diseases of
similar patients.
Dimensionality reduction
> Visualising the data

US
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38

Teaching your models : Supervised Learning

 There are different teaching paradigms in machine learning.
 Insupervised machine learning, each element of the training data has associated labels.
» These labels are the appropriate “output” for this data example
e.g. binary classification: patient data already labelled with “at risk of heart disease” or “not
at risk of heart disease”.
» Model should generalise from training data
i.e. be good at predicting output for unseen data.

Supervised Learning US

University of Sussex
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Teaching your models : Unsupervised Learning

» Unsupervised machine learning does not require labels.
« Learns structure and patterns based on the similarities and differences in

the data features of the training examples.
e.g. clustering: grouping people on basis of genetic similarity in order to
discover interesting sub-groups.

Q
® o ©
O Q
Q
Q Q
OO
OO
Q

Unsupervised Learning US
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Teaching your models : Degrees of supervision

« The choice is not always full/no supervision.
« Semi-supervised machine learning methods use labels on a subset of the data.

Q
O e ©
.O
Q
Q Q
.O
O.
O

« This is particularly relevant when the labels are expensive
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Data and Features

* Features are the inputs to machine learning:

» Used to describe data objects

» Represent particular characteristics of an instance

» May be numerical (e.g. age, weight, income), boolean (e.g. is employed,
is male), ordinal (e.g. SES, satisfaction), or nominal (e.g. nationality).

« A model is only as good as the information it sees:

» Choice of features is therefore extremely important
» Techniques for removing redundant features or transforming features in
various ways are often crucial

US
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Machine Learning Models

« Models form the central concept in machine learning:

» A framework for making predictions from features
» With parameters learned from data
» Models encode the mapping needed to solve a task

« We will talk about several different models during this module.

US
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Quiz Time!
GO to https://pollev.com/bdevans

MSLP / Precip (03 hourly) ACCESS-Regional
Valid 15UTC Sat 10 Mar 2012 t-

Which machine learning task is this?
A Classification
B Regression
C Clustering
D Collaborative Filtering
E Dimensionality Reduction

10°C
Wind : 6mph
Humidity : 40%
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https://pollev.com/bdevans

“u

What type of ML task is this?

10"C
) | \vind : 6mph

Humidity : 40%

Clustering

Regression

Classification

Collaborative Filtering

Dimensionality Reduction

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app
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What type of ML task is this?

e e 105C
‘o - Wind : 6mph

Humidity : 40%

Clustering

Regression

Classification

Collaborative Filtering

Dimensionality Reduction

Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app

0%

0%

0%

0%

0%
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What type of ML task is this?

e e 105C
‘o - Wind : 6mph

Humidity : 40%

Clustering

Regression

Classification

Collaborative Filtering

Dimensionality Reduction

Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app

0%

0%

0%

0%

0%



Quiz Time!
GO to https://pollev.com/bdevans

Dog?
Lion?

Koala?

Which machine learning task is this?
A Classification
B Regression
C Clustering
D Collaborative Filtering
E Dimensionality Reduction

37
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https://pollev.com/bdevans

What type of ML task is this?

Clustering
Regression
Dog?
Lion? -
Classification
Koala?

Collaborative Filtering

Dimensionality Reduction

Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app




. |
What type of ML task is this?
Clustering
0%
Regression
0%
Classification
Dog? 0%
. Lion? o
Collaborative Filtering
Koala? 0%
Dimensionality Reduction
0%
. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app O
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What type of ML task is this?
Clustering
0%
Regression
0%
Classification
Dog? 0%
. Lion? o
Collaborative Filtering
Koala? 0%
Dimensionality Reduction
0%
. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app O



