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06 WHAT IS MACHINE

LEARNING?






Modern science is data-driven

» Big datasets have become the
hallmark of modern science.
ATLAS: 3200 TB = 3.2 PB
Euclid: 30 PB

Vera Rubin Observatory (LSST): 20 TB per
night

The ATLAS experiment

* The large-scale analysis and
inferpretation of complex datasets

exceeds our human capabilities.
The Euclid satellite

« Automating intricate and repetitive
data analysis tasks enables efficient
decision making (e.g., triggering
systems for particle detection).

The Vera Rubin
Observatory



The growth of

* Numerical simulations are the new way to express
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https://github.com/florent-leclercq/Moore_law_cosmosims

The growth of

* ML methods are characterised by the number of

1014 Pre-Deep Learning era (+19% per year) i

Deep Learning era (+111% per year)
Large-scale models (> 2016) i
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CPU Performance

The growth of

» Traditional are
reaching their physical limit: per-core
compute performance is slowing down.
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CPU Performance: based on adjusted SPECfp® results
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«  Modern architectures are hybrid: cores +
: GPUs, reconfigurable
or dedicated chips (FPGAs/ASICs).
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GPU Performance: based on data from techpowerup.com
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The growth of

We have just entered the era of :
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TOP 500 : data from top500.org
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I What does it mean for a machine to learn something?

If | download all of Wikipedia on my laptop, has it learned something? Is it smarter?

Machine Learning (ML) is the art of programming computers so that they can learn from data.

ML is described as the “field that gives computers the ability to learn without being explicitly
programmed” ( ).

A program is said to learn from experience E regarding a set of tasks T and measured by a
performance metric P if its performance on T, as evaluated by P, improves with more

experience E ( ).
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https://doi.org/10.1147/rd.33.0210
http://www.cs.cmu.edu/~tom/mlbook.html

I Artificial intelligence (AI), machine learning (ML), deep learning (DL)

Artificial Intelligence (Al)

Machine Learning (ML)

Deep Learning (DL)

11



I Artificial intelligence (AI), machine learning (ML), deep learning (DL)

Currently...
Artificial Intelligence (Al)

Machine Learning (ML)

Deep Learning (DL)

12



What are the different types of machine learning approaches?

. . o Singular Support
* There exist 3 major types of ML: Comporert  Decompositon  Mewe  Random

Analysis Forest

Supervised Learning:
Uses data.

Classification

Unsupervised Learning:
Uses data

K-Means Supervised Linear

Learning Regression

Reinforcement Learning:

Requires data.
. . Regression
« ML methods differ by their strategy
to learn model parameters (for K earest Losistic
example, weights). - .
Monte Carlo Q-Learning

13
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Supervised machine learning example: the Titanic

How the machine thinks: can we predict the probability of survival?
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Supervised learning tasks

There are two types of supervised learning tasks:

: The algorithm aims to categorise each example by selecting from two or more distinct classes. This
process is known as binary classification when there are two classes to choose from. When there are more than two
classes, it is referred to as multiclass classification.

Examples:

Predicting galaxy morphology (e.g. spiral vs. ellipticals),
Detecting Higgs particles (e.g., Yes vs. No),
|dentifying cats and dogs.

: The algorithm produces a continuous numerical value as the output for each example.
Examples:

Predicting the brightness of galaxies,
Forecasting the temperature at a given location,
Estimating the mass of a particle,

Inferring the slope of a linear relation (linear regression).

15



Unsupervised learning tasks

Not all machine learning activities involve labelled datal!
What can you do if you only have unlabelled data?
Unsupervised learning tasks:
enables you to automatically divide the dataset into groups based on similarity.
can automatically identify unusual data points within your dataset.
identifies and classifies patterns in unlabelled data, such as images, sounds, or text.

helps identify sets of items that frequently occur together in your dataset.

16



Unsupervised learning: clustering

Clustering groups data by similarity. No
supervisor is needed!

All kinds of clustering algorithms exist, e.g.:
k-means clustering,
Hierarchical clustering,

Principal Component Analysis

& nput Dataset & Output dataset
T T "“x.\
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Figure: pi.exchange/blog/clustering-in-machine-learning
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https://www.pi.exchange/blog/clustering-in-machine-learning

Reinforcement learning

Learning system = Agent.

The system requires no labelled training (‘Environment ;",i’?'r'?'g‘\ge"t h © ovserve
data. . 4
’ .o O. X
. . PO L Ta TS Select action
The agent takes actions and receives w -7 ; ; g7 ¢ using policy
rewards or penalties as feedback. X . ' '

o Action!

Get reward
or penalty

It must then learn what is the best strategy,
referred to as a policy, to maximise its
rewards.

Update policy
(learning step)

Iterate until an

e optimal policy is
found

Figure: A. Géron (2017)
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https://www.dunod.com/sciences-techniques/machine-learning-avec-scikit-learn-mise-en-oeuvre-et-cas-concrets-1
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I Insights into ML from a statistics background

« A data generation model: Nothing is more practical than a good theory.

),Ilg(“ p(z,y)

features labels
« Training data are draws from the joint probability of features and labels.
* As usual, we apply the product rule to get:
p(z,y) = p(y|z)p(z)

The aim of ML is nothing but to learn an approximation to p(y|x)(“the labelling function”),
which is unknown to the learner, from a set of samples (“training data”).

21



I Measuring the quality of a predictor

We seek a function h(x) for predicting ¥ given values of the input . But how good is h(x) at
predicting?

Let’s define a loss function L(h(x), y), which measures the performance of h(x) to predict y.
For example:

For a classification problem, we could simply count the error rate:

1 if h(x 1
L)) ={g o

For a regression task with continuous ¥, we might use a squared loss:

L(h(zx),y) = [h(z) — ]

To assess the reliability of the predictor h(x), we need to evaluate its average performance for
any values of x and y. Thus, we need to compute the average loss function:

R() = (L), D)y = | L) 90 y) dedy

We refer to this average loss function R(h) as the risk of the predictor A . It represents the
expected error rate of h averaged over all possible data pairs (z, ).

otherwise

22



I Finding the optimal predictor using the empirical risk

* Use the rules of probability theory:
R = [ ple) [ L), p)ptole)dyda
« The optimal predictor function h(x) minimises the risk R(h), that is:

heps(2) = angni, [ p(z) [ L(h(e) w)plole) dy da

» Since p(x, y) is unknown, we use our empirical training set of pairs S = {(x;, y;) } o construct
a Monte Carlo densiTy estimation of p(x,y):

p(z,y) 25]3 T — 2:)0p(y — yi)
« Thenwe get: = N
RO =~ Rs() = [ 5737 6o (e—ednly—u) (o), ) dydo = ZL

This is the empirical risk function, an approximation to R(h) , which we seek to minimise.

23



Empirical risk minimisation (ERM)

We can now find optimal predictor(s) he (x by Empirical Risk Minimisation (ERM):
opt

N
|
hfpt(x) = argmmhﬁ Z L(h(x:), ys)

=1

This is at the core of ML.
Any learning problem can be framed as an optimisation problem by minimising a risk function.

The optimal function h within the space of all hypothesesH for the prediction task is the one
that yields the lowest empirical risk.

Careful consideration is required when selecting the set H of possible hypotheses h .

24



Probably Approximately Correct (PAC) learning

* Is learning possible given just finite amounts of training samples & ?

Risk |

«  We seek to bound the approximation error of the empirical risk as: |R(h) —

Figures: J. Jasche

Function class

Risk |

I
I
I
|
1
b

Function class
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I Probably Approximately Correct (PAC) learning

The condition|R(h) — Rs(h)| < € is true for independent and identically distributed (i.i.d.)
samples, in the large sample limit (cf. Monte Carlo approximation of integrals):

RO)=Rs(h)| = | [ Lh(a),p)p(a9) do dy — s S (A (w:), )| = 0 <

* Thus the empirical risk is an unbiased estimate of the true risk (asymptotically).

«  With a finite number of training samples /V, we can only make a probabilistic statement. We
seek to bound the probability that the approximation error exceeds ¢:

p(|R(h) — Rs(h)| > €) <o

«  The PAC criterion: a hypothesis class H of possible predictors is PAC learnable if there exists a
finite number of required training samples NV, and if V is a polynomial of 1/eand 1/4.

* Theorem:
Finite hypotheses classes are PAC learnable given sufficient datal
But infinite hypothesis classes are not PAC learnable!

26
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The no-free lunch theorem

* A typical ML workflow:

Given a dataset, randomly select every second data point. Split the dataset into training and validation (test) data.

® ® ° 2 Training DatCal) Strain 2 Validation Data Stest
i @ 0.
®@® o e o @ © e ® O
©00004,9 0 ®e . © e e® ©
OQO QQO @ OO ® O OO © () © o @)
0® .0 _® ¢ o ® @ O
@ 9°¢%% e o ® o o %0 ©
O @ o o0 @Q O .
2 X, X

Train on only half of the data, ideally achieving: Rs,. . (h) = 0.

Assuming that every function over unknown validation data is equally likely, each point has an equal probability of
being labelled as O or 1.

In the best scenario, the algorithm will predict with an error rate of O on data it has seen but can only guess with an
error rate of 0.5 on unseen data. This results in an overall error rate of 0.25.

The no-free lunch theorem (ML version): there exists no algorithm that performs equally well on
all learning tasks! (Except for the trivial but useless one that tests all models.)

This means that there is no universal learner. Every learner has to be tailored to a specific task
using prior information.




Cross-validation and bias-variance trade-off

Cross-validation:
Fitting and predicting are not the same!

Every trained model needs to be cross-validated
with test data. We define:

In-sample error:

1 . .
Ein = Ry (h) = 57— > LA™, 5™
Out-of-sample error:
1 test test
Eout — RStest(h’) = Ntest ; L(h’(gjj‘ )’ yﬂ )

We have observed that: £, > F,

Clearly, the goal is to choose the model with the
lowest F/, ¢

Bias-variance trade-off:

Suppose that the data has been generated from a
sufficiently complex process that cannot be perfectly
explained by our hypothesis class.

As the sample size increases, Fo, &~ Eiy,

Variance

—-.---"""_-
-
"—-
-
-

Error
1
|
|
t\,-%

:--
|
|
|
|
|
|
|

b
|
|
|

Number of data points

The bias represents the best performance our model
can achieve.

To reduce the residual bias, we need a more
complex hypothesis class!
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Bias-variance trade-off, error decomposition, underfitting and overfitting

By model complexity, we usually mean the
number of model parameters w (e.g. the
number of weights of a neural network).
However, we only have a finite amount of
training datal!

Even though more complex models reduce
bias, there comes a point where the model
complexity is too high to be constrained
(fitted) by the data, and the variance
increases!

The prediction error can be decomposed as:

E... = Bias®* + Variance + Noise

Error

« Typically, there is a sweet spot at
infermediate model complexity that
minimises F, ;. To find this sweet spot, we
compare models of different complexity and
choose the one with the minimal £/ .

/
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I

!/

1

Variance

1
I
I
I
1

I
1
1

!
—— e e | — —

out

7
/
/
Optimum
m

- |
I

@
]
w

Model Complexity

Error

See also Occam's razor in Bayesian statistics!

< Underfitting Overfitting 2
Besf% Fit

‘\\\..

~~Iraining Frre,

Model “complexity”
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Monitoring underfitting and overfitting

Figure: kaggle.com

Symptoms

Regression
illustration

Classification
illustration

Deep learning
illustration

Possible
remedies

Underfitting

« High training error

« Training error close to test
error

« High bias

Just right

« Training error slightly lower

than test error

Overfitting

« Very low training error

« Training error much lower
than test error

« High variance

Error

Validation

Training

Epochs

« Complexify model
« Add more features
« Train longer

Error

Validation

Training

Error

Validation

Training

Epochs

Epochs

« Perform regularization
« Get more data
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