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Machine learning

An A.L-Generated Picture Won an Art
Prize. Artists Aren’t Happy.

“I won, and I didn't break any rules,” the artwork’s creator says.

Everything™ that happens in the world can be
described by mathematical functions!

Some of these functions are simple.
Some are more complex.

As computers get more advanced, we can
solve more problems with them.

While we might never understand some real-
world functions, we can observe their effects
by recording data.

Using this data, we can guess/approximate
CO m p I ex fu n Ct i O n S “I couldn’t believe what I was seeing,” he said. “I felt like it was

demonically inspired — like some otherworldly force was
involved.”

https://www.nytimes.com/2022/09/02/technology/ai-artificial-intelligence-artists.html
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Supervised learning

e When the dataset
includes labels

* Given enough
examples, we can
learn complex
relationships
between the input
data and the labels

SINTEF
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Supervised learning

. A simple function: find function
When the dataset f(x), such that f(1)=2, f(2)=3,

includes labels f(3)=4 , f(4)=5

* Given enough X Y
examples, we can
learn complex
relationships
between the input
data and the labels
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Supervised learning

. A simple function: find function
When the dataset f(x), such that f(1)=2, f(2)=3,

includes labels f(3)=4 , f(4)=5

* Given enough X Y
examples, we can
learn complex
relationships
between the input
data and the labels

f(x) = x+1
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Supervised learning

. A simple function: find function
When the dataset f(x), such that f(1)=2, f(2)=3,

includes labels f(3)=4 , f(4)=5

* Given enough X Y
examples, we can
learn complex

relationships f(x) = x+1
- —
between the input
data and the labels
Data set Labels
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Supervised learning

e When the dataset A simple function: find function A complex funct.ion: identify the
_ f(x), such that f(1)=2, f(2)=3, species from a picture
includes labels f(3)=4 , f(4)=5

* Given enough X Y

examples, we can
learn complex

. . f(x) =x+1
relationships —
between the input
data and the labels
Data set Labels

SINTEF

Technology for a better society



Example: regression

Y (labels)

00000

Mean Squared Error: 21098.306

gbhat.com

X (input data)

SINTEF



Unsupervised learning

e When the dataset
has no labels

* We want to identify
patterns in the data

e Unsupervised -> let
the algorithm
decide how to label
the data

Data set SINTEE
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Unsupervised learning

e When the dataset
has no labels

* We want to identify
patterns in the data

e Unsupervised -> let

the algorithm
decide how to label

the data

Data set SINTEE



Example of unsupervised learning:
clustering

KMeans with Iteration:0

Algorithm learns how to
label the data y (the colours)

X1

SINTEF



Reinforcement learning

e Similar to the way
humans learn

 No datal

* |Instead:

* an environment

* a way to explore and
interact with the
environment

* |earn from mistakes and
reward good actions

10

agent

\r\\

actions
é

rewaords

e

observations

environment
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Example: learning to play a video game

make agif.com

SINTEF



Reward the model for good performance
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Let the model optimise its decision
making process

make agiflcom
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Best : 480m
Training/time : 21h

EKF"—" 'n'rc:lll:lngilm
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Quick summary

We have covered what ML it is:
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Machine
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Customer
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Learning Tasks
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But how do ML models work in practice?
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Wikimedia.org

Neural networks
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Neural Networks

Neural networks are inspired by the brain. They can approximate complex functions!
y =f(x)

SINTEF

Technology for a better society



Neural Networks

Neural networks are inspired by the brain. They can approximate complex functions!
y =f(x)

Biological neural network

f = part of your brain

SINTEF
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Neural Networks

Neural networks are inspired by the brain. They can approximate complex functions!
y =f(x)

Biological neural network Artificial neural network

f = part of your brain f = the neural network

N \\/
% f(x)="duck”

«»\

SINTEF

Technology for a better society
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MakeAGIF.com
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The Role of Free Parameters

Hidden lay:
Output layer
Input layer

* Neural networks contain many " (
free parameters that control A
the output of the function ~

* The goalis to tune these s
parameters to give the desired
output

flz) = ¥ aiolu]z)

e the “free parameters” are
the a; and w; @ SINTEF



The Role of Free Parameters

Hidden layer
Output layer

* Neural networks contain many
free parameters that control
the output of the function

* The goalis to tune these
parameters to give the desired

output
=
T * %%
fix) =% oe(w) x) et L o
El: | @xg:'ﬁ"- ’::;'&:n, ...'0
R EALILICO e
* the “free parameters” are A Y |

the a; and w; garr ® SINTEF



21

Why do they work?

Universal approximation theorem

“There always exists a neural network that can approximate any
function”

SINTEF



Why do they work?

Universal approximation theorem

“There always exists a neural network that can approximate any
function”

Given a function g(x). Could be unknown or in the form of data (x;, g(xi))

Then there exists some set of parameters (the a; and w;) such that f(x)
can be arbitrarily close to any function.

*’But how to find these parameters? SINTEF



Why do they work?

Universal approximation theorem

“There always exists a neural network that can approximate any
function”

Given a function g(x). Could be unknown or in the form of data (x;, g(xi))

Then there exists some set of parameters (the a; and w;) such that f(x)
can be arbitrarily close to any function.
filx) = Zu.m-?'z] =+ |If(z)—plz)|| < e, Wez=0

*’But how to find these parameters? SINTEF
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Training: Loss and gradient descent

Idea: change the parameters to minimise the error on the data set
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Training: Loss and gradient descent

Idea: change the parameters to minimise the error on the data set
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Training: Loss and gradient descent

Idea: change the parameters to minimise the error on the data set

lrss = Z |z i=w||* = “prediction™ —“data labels™

SINTEF
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Training: Loss and gradient descent

Idea: change the parameters to minimise the error on the data set

lrss = Z |z i=w||* = “prediction™ —“data labels™
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Training: Loss and gradient descent

Idea: change the parameters to minimise the error on the data set

HIDDEN

OUTPUT

22

lrss = Z |z i=w||* = “prediction™ —“data labels™

loss
(error of neural
network)

Value of
parameters

INTEF



Training: Loss and gradient descent

Idea: change the parameters to minimise the error on the data set

HIDDEN

o lras = Z |z i—w||* = “prediction™ —“data labels™

loss
P\ i (error of neural
. network)
=~ ,O
®

22 INTEF

Value of
parameters



Example: linear regression

Fit a function
flx) = mz+ ¢

to the data. y (labels) o

That minimises the MSE loss:

toss = ¥ || fz,) — w|?

—————

Mean Squared Error: 21098.306

gbhat.com

23 X (input data)

SINTEF
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... sSame for neural networks

x1
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Training a neural network

N
{ )

S0l 150 I 109]¢

000000000000 00

What's the

of this difference?

Utter trash

makeagifcom
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Quick summary

Error

Choice of free parameters
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Quick summary

1. Given a labelled
data

TYPES OF ‘& ﬁ‘“

Hooded Madagascar Eurasian
Merganser Duck Teal Duck Teal Duck
a (= ﬁs [ -
Northern Kin. 5'}0 American \{
Mallard Duck ~ Muscovy Duck  Pintail Duck Buck Black Duck ,ﬁ:f,:,,’::,";ﬂ‘k

Eh DI &

Merganser Duck Mandarin Duck Wood Duck Redhead Duck Gadwall Duck Long-tailed Duck

SL L/ @

emm s:.mp on Red-billed ;
50,4‘,,”‘ buck Cape Teal Duck Bufflehead Duck 7877 %00eq Harlequin Duck

Error

Choice of free parameters
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Quick summary

1. Given a labelled

data

TYPES OF

2. Choose an ML model, initially,
with random parameters

f = the neural network

A«f{‘}\m.

N »
X~ ""« L ZBE XK

L=
b v

IIIII
LAYER

Error

y=f(x)

Choice of free parameters

SINTEF



Quick summary

1. Given a labelled
data

D U C K S Hooded Madagascar Eurasian
Merganser Duck Teal Duck Teal Duck

rrrrrrrrrrrrrrrrrr

L

Cape Teal Duck Bufflehead Duck Redrbilled oy o’ puck

2. Choose an ML model, initially,

with random parameters

f = the neural network

~& Awf{‘}\o,.

P
e
AV AW/

IIIII
LAYER

y=f(x)

3. Adjust the parameters using
gradient descent so the network

matches the data
Cost

A

'-.I Leaming step

™,

Error

Minimum

Randam W
initial value  Choice of free parameters

SINTEF



Quick summary

1. Given a labelled 2. Choose an ML model, initially, 3. Adjust the parameters using
data with random parameters gradient descent so the network
matches the data

TYPES OF P o
3 Q@ d f = the neural network A

DUCKS == ‘= .
Merganser Duck Teal Duck Teal Duck

& a ) 4’; 4’;
Svdivds ol

} é 3 :ﬁ;@ 0" AVAVEN

,,t,,m,/ n Duck  Wood Duck Rdhdbk Gadwall Duck Long-tailed Duck

WA

Many ML models
are universal

Y Leaming step

Error

y=f(x)

Minimum

mmmmm

e e e m e m---

Randam W
initial value  Choice of free parameters

approximators!

SINTEF



Quick summary

1. Given a labelled 2. Choose an ML model, initially, 3. Adjust the parameters using
data with random parameters gradient descent so the network
matches the data

TBIGE?( SOF il e | e f = the neural network ‘3:5'
- S ) —_— . N /{‘}\ A
g2 ‘?Mwﬂﬁ =3

Mallard Duck ~ Muscovy Duck  Pintail Duck Black Duck )(_>
BRI
QAWZNWZA

<49 S & K

mMrl n Duck  Wood Duck  Redhead Duck  Gadwall Duck Long-tailed Duck

WA

Many ML models
are universal

Y Leaming step

Minimum

mmmmm

Your ML model can - -
only learn free parameters

information already

: in the data!
approximators!

SINTEF



Data and feature engineering

100

Your ML model can only learn
information already in the data! 80
Data cleaning, feature
engineering/selection can have a
bigger effect on model
performance 20

60

40

X Mean: 54.2
Y Mean: 47.8
X SD
YSD :26.93
Corr. : -0.06

: 16.76

SINTEF
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Bias-variance trade off

High Variance

Low Variance

Low Bias

High Bias

High bias

Under fitting ¥

Good balance . p

High variance

Over fitting y . ?mf‘"-\;'g
MIFJ i_""-\. |""'.,

SINTEF



An example of bias

Predicted: Wolf Predicted: Wolf
True: Wolf True: Wolf

Predicted: Wolf Predicted: Husky Predicted: Wolf
True: Wolf True: Husky True: Husky

29 Source: Ribeiro, Singh, Guestrin, (2016); “Why Should | Trust You?” Explaining the Predictions of Any Classifier

SINTEF



An example of bias

Predicted: Wolf Predicted: Husky Predicted: Wolf
True: Wolf True: Husky True: Wolf

Predicted: Wolf Predicted: Husky Predicted: Wolf
True: Wolf True: Husky True: Husky

29 Source: Ribeiro, Singh, Guestrin, (2016); “Why Should | Trust You?” Explaining the Predictions of Any Classifier
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An example of bias

Predicted: Wolf Predicted: Husky Predicted: Wolf
True: Wolf True: Husky True: Wolf

Vi
FEAL

Predicted: Wolf Predicted: Husky Predicted: Wolf
True: Wolf True: Husky True: Husky

29 Source: Ribeiro, Singh, Guestrin, (2016); “Why Should | Trust You?” Explaining the Predictions of Any Classifier

Explainable Al!!

SINTEF
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Bias in ChatGPT

— Pew Research Political Typology Quiz

Political Compass Test

Progressive Left ChatGPT

Establishment Liberals

Democratic Mainstays

Outsider Left

Stressed Sideliners

Ambivalent Right

Populist Right

I Committed Conservatives

Faith and Flag Conservatives

Authoritarian

Libertarian

World's Smallest Political Quiz

Political Spectrum Quiz

You scored: Progressive

Personal Economic

100 / s\ 30

ChatGPT

100 Progressive Moderate Conservative 100

80N 80
4 e
%, 60 60 of
"o,, Authoritarian R
%, 40 20 F
N &
%y, 20 20

Issues Score: Issues Score:

Aviheritarian

SINTEF
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Deep learning

Deeper neural nets allows
them to learn more complex
functions!

makeagiftcom

SINTEF



Hybrid-machine learning

Small data Some data Big data

Lots of physics Some physics No physics
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Hybrid-machine learning

Small data Some data

Lots of physics Some physics No physics
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Hybrid-machine learning

Small data Some data

Lots of physics Some physics No physics
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Hybrid-machine learning

Small data Some data

Lots of physics Some physics No physics
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Data
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Data

Training process
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Data

Space of all possible
models a neural net tan
learn

Training process
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Data

Space of all possib
models a neural net
learn

Training process
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Data

Space of all possib
models a neural net
learn

Training process
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Data

Space of all possib
models a neural net
learn

Training process

Learned model

—
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Data

Space of all possib
models a neural net
learn

Training process

Learned model

—
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Training process

Learned model

e More data?

Data

Space of all possib
models a neural net
learn
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Training process

Learned model

 More data?
e Larger model?

Data

Space of all possib
models a neural net
learn

SINTEF




Training process

Learned model

 More data?
e Larger model?
 More compute?

Data

Space of all possib
models a neural net
learn
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Data

Space of all possib
models a neural net
learn

Training process

Learned model

* More data?

e Larger model?
 More compute?

* More data scientists?

SINTEF



Data
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Data

Training process
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5/ 2 Ldt=0 Training process & = (S(z) — R(z))VH (x) + f(x,t)
t1

SINTEF




Space of all physically
possible models

Training process & = (S(x) — R(z))VH (x) + f(x,t)
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Space of all physically
possible models

Training process & = (S(x) — R(z))VH (x) + f(x,t)

SINTEF



Space of all physically
possible models

Training process & = (S(x) — R(z))VH (x) + f(x,1)

SINTEF



5/tl Ldt=0 Training process 1 = (S(x) — R(z))VH (z) + f(x,t)

, oH |
qi = I, i1 dg; N\ dp;,
_ om
b= dq;

Learned model

s ) m— fosssspm

Space of all physically
possible models

SINTEF




5/1:1 Ldt=0 Training process 1 = (S(x) — R(z))VH (z) + f(x,t)

. OH
q; = ap;
_ 9H
b= 0q;

Learned model

o] andi

Space of all physically
possible models

SINTEF
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BREAK
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Examples of methods

Support Vectors

Margin
Width

Support vector machines

(Non-)linear regression

36

Hidden

S\
\Q(eural networks

~ ™

[ Age<a0 |

e /
Is P or Unfit? Yes / \No
Va , I T,

( Eat pizza? ) [ Exercise |

b v M A

>/ \No Y:7 \JNo
Unfit Fit Tt Unfit

Decision trees

SINTEF
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Examples of methods

(Non-)linear regression

IsP

or Unfit?

e Y

| Age=30 |

LY

Yes Mo
Ve , Va Y
| Eat pizza? | [ Exercise |
. J . /
5/ \No ny \\No
Unfit Fit Pt Unfit

Decision trees

SINTEF
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Examples of methods

(Non-)linear regression

Decision trees
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Decision trees

v - Eat pizza?

Exercise

MO

Unfit

SINTEF
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Bagging and random forest

SINTEF



Bagging and random forest

Decision
Trees

Bagging

Dataset —

38 SINTEF
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Bagging and random forest

Decision
Trees

Bagging

Dataset —

voring (in classification) or averaging (in regression)

|

k

SINTEF



Boosting

O

Iteration 1
6 I Model Fg_:
s 1 o O 5 O T1
d I X<1
Y 3 OI = ’fﬁ/ \nu
2 | o -
I - O
1 O | O
1 2 3 4 5 6
X

39
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Boosting

Model F;:

+

T2

Y>4

O

@)

Iteration 2
I
O 0 T1
I O O X<1
Y I
| O
OI 0 0]
I
O = u
1 2 3 4 5
X

NN

O

SINTEF
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Boosting

+

Model
T2

Fg!

Y>4

Iteration 3
| o) I
| o) O | Tl
X<1
I I
Ol O | ":"E/ \nn
| o B
| | S
o) H O
1 2 3 4 5
X

O

m/
O

\nu

+

T3
X<5

O

O
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Boosting

+

Model
T2

Fg!

Y>4

Iteration 3
| o) I
| o) O | Tl
X<1
I I
Ol O | ":"E/ \nn
| o B
| | S
o) H O
1 2 3 4 5
X

O

m/
O

\nu

+

O

T3
X<5
ye/ \nu
O O

XGBoost (XAl)
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Failures happen

IMAGE OUTPUT

1 1ee%

https://towardsdatascience.com/
fixing-your-machine-learning-models-failure-points-
e3ec0a047895)

SINTEF
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Probabilistic ML

Concept of Bayesian neural networks (from
https://sanjaykthakur.com/
2018/12/05/the-very-basics-of-bayesian-neural-networks/)

SINTEF



Probabilistic ML

C o 1 2 3 4
50-] 1 ?
-Eu 0_ . _‘_J,
=] 6 7 8 9 1.0
S 100, .
o
50 d§o.5 I
(@]
v
0- | : Jd , I 0.0 -
00 05 1000 05 10 00 05 10 00 05 10 00 05 10 0123‘_15_5789
Softmax Digits
Bayesian neural networks classifying FashionMNIST and

MNIST
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Unsupervised learning

 Unlabelled data

* Finding patterns in the data

* Making the data more meaningful

Machine
learning

Supervised
learning

'Unsupervised |

learning

IReinforcement
learning

Dimensionality

Forecasting

Autoencoders

sepal_length sepal_width petal_length petal_width

speciee‘f

0 51
1 449
2 47
3 4.6
4 5.0

Clustering ‘

'Selfsupervised

learning

reduction

35
3.0
32
3.1
3.6

14
14
1.3
1.5
14

02
02
02
02
02

Supervised learning is the cherry!

SINTEF
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Clustering

Grouping objects to simultaneously obtain:
1. Similar objects in the same group

2. Dissimilar objects separated into different groups

Source: J. Hu, J. Pei, Subspace multi-clustering: a review, 2017.

SINTEF



Clustering example: Consumer segmentation

Electricity usage types
240

2. Evening peak

1.80

1.20

0.60

0.00

SINTEF



Clustering example: Recommender systems

Recommended for you, Thomas

Made for you
' o l &
ot " ovac
' ]

Exercise & Fitness Equipment Health, Fitness & Dieting Books

Daily Mix 1 Dpily Mix 2

49 SINTEF



50

Clustering example: Image segmentation

SINTEF
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Clustering: Other applications

* Document segmentation;

* Taxonomy;

* Gene expression clustering;
 Social network analysis;

* Denoising;

 Anomaly detection...

SINTEF
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Clustering: Algorithm K-means

PUT KEBAB K|OSKS IN THE OPTIMAL WAY

(also illustrating the K-means method)

* . M '...I:N:,. i

1. Put Kebab Kiosks in random

2. Watch how buyers choose
places in city

* "*.: .o ‘e . .
26\ : - Rk
| Fa HI
l 2 e ®
\ Tk
4. Watch and move again S. Repeat a million times 6. Done!

You're god of Kebabs!
vas3k.com/blog/machine_learning/?ref=hn

3. Move Kiosks closer to
the nearest one the centers of their popularity

kiosk = cluster centroid
buyer = observation

(x,y) position of a buyer = features
describing an observation

SINTEF


https://vas3k.com/blog/machine_learning/?ref=hn
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Clustering: Optimal number of clusters

The 'best' number of clusters depends on
the application

Think about:

* Geographical regions of different sizes
e Taxonomic families

* Etc.

SINTEF



Clustering: Optimal number of clusters

Optimal number of clusters

* No ground truth = no ideal answer! 601 4

e Based on: \

@ \
 How well the clusters are separated m
5 4001
-> Maximize the distances |2 \
- : - Z \
* How similar are the observations within clusters ¢ \
. : = |
-> Minimize the distances 5
=
=

* Elbow method: How tight are the | ~——
clusters? 3 3 & § & 3 &+ 1
Mumber of clusters k

54 SINTEF




55

Clustering: Selection of methods

k-means spectral Ward agglomerative  DBscan GaussianMix
g
L B

293

18s|

145

scikit-learn.org/stable/modules/clustering.html#overview-of-clustering-methods

No Free Lunch Theorem!
* No algorithm can
perform ideally on all

data

SINTEF


https://scikit-learn.org/stable/modules/clustering.html
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Selfsupervised learning

SINTEF
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Selfsupervised learning

Input Output
| |
| | | \
Where is Paris In
France
the

Original «prompt»

Technology for a better society

SINTEF



Selfsupervised learning

* Text

* Pictures

* Timeseries
* Video

* Even..

SINTEF

Technology for a better society



Selfsupervised learning

R AR \ " W TV "'”“_1 I § "' v I I'I‘l"w w fruv”w 4 ‘I,'n 05 AR i il I 141 ? ,' il "“ '.;l L o Il :'v' l‘-l L] il

| { } \ | | R l‘.' A N T il | | L'l ! | ral \

L1y o “‘ dil ‘ \ ‘ y (ki ht | by | [ | | \ y’ll‘[‘." ‘”I" | " i L TN . i " | \
! | 1 | ' 1

Echobert. Malgy et al.
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Selfsupervised learning — cheat codes

Fishnet. Mathisen et al.

Technology for a better society

SINTEF
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Honorable mentions - VAE

Face image source: Tolstikhin et al., ICLR 2018

Technology for a better society

SINTEF



How to measure similarity?

* Limited to description of observations e.g.: Euclidean distance

* Similarity between observations is y P2(X2, ¥2)
defined using inter-observation
distance measures or correlation-based N

distance measures

pl(X]_l yl)

X

d =z —x) + (2 —y1) + -
62 @ SINTEF




How to learn the measure of similarity?

x Yy x Yy x Yy
I(z) I(x) G(z) G(y) G(z) G(y)
C@i’y) & — 3l m/ ABS(& - 9) \y
Similarity Sim}arity c()
Similarity

Mathisen, B.M., Aamodt, A., Bach, K. et al. Learning similarity measures from data.
Prog Artif Intell 9, 129—-143 (2020). https://doi.org/10.1007/s13748-019-00201-2
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Other usages for SSL / similarity

 Embedding search (CLIP/RAG)
* ML assisted data-exploring

* Re-identification (faces, fishes,
signatures)

SINTEF



Implementations

Keras
PYTHRCH
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Take home messages

Each context is different

The model is the data!

Experimentation is key

Lots of tricks lies in the preprocessing
and data exploration

* Not all features are important

* Finding the correct method is an art

Gatys Ecker, Bet.hge 2015
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Take home messages

Each context is different

The model is the data!

* Experimentation is key

Lots of tricks lies in the preprocessing
and data exploration

* Not all features are important

* Finding the correct method is an art

jolhdi

¥

e

|
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Projects

* SESAR EU Exploratory research
PROJECT SynthAlr - Improved ATM
automation and simulation through
Al-based universal models for
synthetic data generation

e Subzerospace

68
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