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We live in the era of Big Data and Machine Learning.

5/43



Search engines: website ranking and personalization

43



R 3

N
what movie

should i watch tonight™?

Recommender systems: movie, book, product recommendations

~

43



al I e g ro ‘ buty wszystkie dziaty - H
Elektronika Moda Dom Dziecke Kultura Sport Motoryzacja Kolekeje

i uroda i zdrowie i mzrywka iwypoczynek i sztuka
szukasz ,,buty” « dod) de

Allagro - Wyniki wyszukiwania

podkategorie

Odziez, Obuwie,

Daodatki {(221070)

Spart i Turystyka
(B5003)

Przemysl (20423
Motoryzacia (16605)
Dam i Ogréd (5E71)
Kolekdje (2357

Ksigzki | Komiksy |

Zdrowie (131

Antyki | Sztuka (95
Muzyka (68)

Erotyka {54)

Biuro i Reklama (52
Rekodziao (46)
Bizuleria i Zegarki [36)
Filmy (28)

B - |
=g - trafnosé: najwigksza ~
oferty sponsorowane @

-50% VANS BUTY DAMSKIE U AUTHENTIC VZUKFNO

[ Sl I SZAFKA NA BUTY CARMONA SZKLO SZAFKI WYSYLKA 48H

lista promowanych ofert

_ @ BUTY NIKE MD RUNNER SUEDE 684616-410

Online shopping/auctions

8/43



Autonomous vehicles




Spam filtering
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Customer Solutions Competitions Community = Sign Up Login

Welcome to Kaggle, the leading Ph: e b
platform for predictive modeling
competitions, Here's how to jump Enter Build

into competing on Kaggle —
Find a competition & Build a model using Kaggle scores your
New to Data Science? Visit our Wiki » download the training whatever methods you solution in real time and|
Learn about hosting a competition » data. You don't need prefer and upload your you'll see your place on
in-Class & Research competitions » new software/skills to predictions to Kaggle. the live leaderboard.
submit.

fetive Compettions

All Competitions

o Acquire Valued Shoppers Challenge 16 days
. 901 teams

= Predict which shoppers will become repeat buyers $30,000
& The Hunt for Prohibited Content 3 months

28 teams

AVITOm' Predict which ads contain illicit content T

A plenty of machine learning competitions
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Machine learning is everywhere. ..
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Machine learning

What is machine learning?
» Machine learning is the science of getting computers to act without
being explicitly programmed. (Andrew Ng)
Supervised learning
» Learn a computer to predict an unknown response/value of a decision
attribute for an object described by several features.
Two main problems:
» Classification: Prediction of categorical response,
» Regression: Prediction of continuous response.
Examples:
» Spam filtering,
Handwriting recognition,
» Text classification,
» Stock prices,
> etc.

v
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Machine learning

e We know relatively much about solving simple learning problems such
as binary classification:
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Machine learning

e We know relatively much about solving simple learning problems such
as binary classification:

» Advanced theory,

» Implemented fast algorithms,

» Almost a mature technology.
e The main challenges are:

» Feature engineering,

» Supervision of examples,

» New applications,

» Complex problems,

» Large-scale problems.

14 /43



Software

Weka (http://www.cs.waikato.ac.nz/ml/weka/)
R-project (http://www.r-project.org/),

Octave (https://www.gnu.org/software/octave/),

Julia (http://julialang.org/),

Scikit-learn (http://scikit-learn.org/stable/)

Matlab (http://www.mathworks.com/products/matlab/)
H20 (http://0Oxdata.com/)

GraphLab (http://dato.com/)

MLLib (https://spark.apache.org/mllib/)

Mahout (http://mahout.apache.org/)
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Outline

2 Statistical Learning Theory

16 /43



Supervised learning
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Statistical learning framework

Input € X’ drawn from a distribution P(x).
» usually a feature vector, X C R%.
Outcome y € Y drawn from a distribution P(y|x).

» target of our prediction: class label, real value, label vector, etc.,
» alternative view: example (x,y) drawn from P(x,y).

Prediction § = h(x) by means of prediction function h: X — ).

» h returns prediction § = h(x) for every input x.
Loss of our prediction: ¢(y, 7).
» (.Y x)Y — Ry is a problem-specific loss function.

Goal: find a prediction function with small loss.
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¢ Goal: minimize the expected loss over all examples (risk):

Lé(h) = E(a:,y)wP [€(y7 h(CC))] .

e The optimal prediction function over all possible functions:

h* = argmin L(h),
h

(so called Bayes prediction function).

e The smallest achievable risk (Bayes risk):

L = Ly(h").

19/43



Decomposition of risk

Le(h) = By [6(y, h(z))]
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Decomposition of risk

Lih) = Euy) [0y, h(@))
= [t h@)Pa iy
= /(/Mh v!m)du> P(z)dz
= E . [L(h|z)].

e Ly(h|x) is the conditional risk of § = h(x) at x.

e Bayes prediction minimizes the conditional risk for every x:

h*(x) = argmin Ly(h | x).
h
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clubs (black).
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Making optimal decisions

Example

Pack of cards: 7 diamonds (red), 5 hearts (red), 5 spades (black),

clubs (black).

Decision = bet (four choices).

If you win you get 1008, if you loose you must give 509.
What is the loss and optimal decision?

Suppose we know the card is black. What is the optimal decision
now?

What are the input variables?

2

21/43



Making optimal decisions

Example

e Pack of cards: 7 diamonds (red), 5 hearts (red), 5 spades (black), 2
clubs (black).



Making optimal decisions

Example

e Pack of cards: 7 diamonds (red), 5 hearts (red), 5 spades (black), 2
clubs (black).

e Bet the color:



Making optimal decisions

Example

e Pack of cards: 7 diamonds (red), 5 hearts (red), 5 spades (black), 2
clubs (black).
e Bet the color:

» if the true color is red and you are correct you win 50, otherwise you
loose 100,



Making optimal decisions

Example

e Pack of cards: 7 diamonds (red), 5 hearts (red), 5 spades (black), 2
clubs (black).
e Bet the color:

» if the true color is red and you are correct you win 50, otherwise you
loose 100,

» if the true color is black and you are correct you win 200, otherwise you
loose 100.



Making optimal decisions

Example

e Pack of cards: 7 diamonds (red), 5 hearts (red), 5 spades (black), 2
clubs (black).

e Bet the color:
» if the true color is red and you are correct you win 50, otherwise you

loose 100,
» if the true color is black and you are correct you win 200, otherwise you

loose 100.
e What is the loss and optimal decision now?



Regression

o Prediction of a real-valued outcome y € R.
e Find a prediction function h(x) that accurately predicts value of y.

e The most common loss function used is squared error loss:
ese(y7 :&) = (y - Z))27

where § = h(x).
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Regression

e The conditional risk for squared error loss is :

(IIZ)=]Ey x
@JMm)Z&me—@ﬂ//////_\u =18
12

=By [(y — p(®)+ p(z) — §)%

=By |(y — pl@))? +2(y = p(@)) (@) - §) + (u(@) ~ 5)*

=0 under expectation

=By [(y — u(=))?] +(u(z) — §)*.

independent of g

e Hence, h*(x) = pu(x), the conditional expectation of y at x, and:

Lse(h* ’:L') = Ey\m [(y - M(w))z] = Var(y|az).
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Regression

e Another loss commonly used in regression is the absolute error:
Kae(ya ?j) = |y - Q|
e The Bayes classifier for the absolute-error loss is:

h*(x) = argmin Ly (h|x) =
h
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Regression

e Another loss commonly used in regression is the absolute error:
Kae(ya ?j) = |y - Q|
e The Bayes classifier for the absolute-error loss is:

h*(x) = argmin Lae(h | ) = median(y|x) ,
h

i.e., median of the conditional distribution of y given x.
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L(y £(x))

Regression

—  Squared—error loss
—  Absolute —crror loss

Figure: Loss functions for regression task
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Binary Classification

e Prediction of a binary outcome y € {—1, 1} (alternatively y € {0,1}).
e Find a prediction function h(x) that accurately predicts value of y.

e The most common loss function used is 0/1 loss:

. . 0, if - Av
top(y,9) = [y # 91 = { 1 otgerw?se.
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Binary Classification

e Define n(xz) = Py = 1|x).
e The conditional 0/1 risk at x is:

Lop (hle) = n(@)[h(z) # 1] + (1 — n(z)) k() # -1].

e The Bayes classifier:

vy d Lo ifm@)>1-n(@) _ oo
v ={ L I sl - 1/2),

and the Bayes conditional risk:

Le(h" | ) = min{n(z), 1 —n(z)}.

28 /43



Multi-class classification

e Domain of outcome variable y is a set of labels Y = {1,..., K}.
e Goal: find a prediction function h(x) that for any object x predicts
accurately the actual value of y.
e Loss function: the most common is 0/1 loss:
AN 0, if y= @7
loyr(y.9) = { 1, otherwise.

29 /43



Multi-class classification

e The conditional risk of the 0/1 loss is:

Lop(h|z) = Eylos(y, h(z))

30/43



Multi-class classification

e The conditional risk of the 0/1 loss is:

Loji(h|x) = Eyulosi(y, h(z))
= Y Py = kla)lo (k, h(z))

key

30/43



Multi-class classification

e The conditional risk of the 0/1 loss is:

Loji(h|x) = Eyulosi(y, h(z))
= Y Py = kla)lo (k, h(z))

key

o Therefore, the Bayes classifier is given by:

h*(z) = argminLg(h|x)
h

30/43



Multi-class classification

e The conditional risk of the 0/1 loss is:

Loji(h|x) = Eyulosi(y, h(z))
= Y Py = kla)lo (k, h(z))

key

o Therefore, the Bayes classifier is given by:
h*(z) = argminLg(h|x)
h

= argmax P(y = k|z),
k

the class with the largest conditional probability P(y|x).

30/43



Multi-class classification

e The conditional risk of the 0/1 loss is:

Loji(h|x) = Eyulosi(y, h(z))
= Y Py = kla)lo (k, h(z))

key

o Therefore, the Bayes classifier is given by:
h*(z) = argminLg(h|x)
h

= argmax P(y = k|z),
k

the class with the largest conditional probability P(y|x).

e The Bayes conditional risk:

30/43



Multi-class classification

e The conditional risk of the 0/1 loss is:

Loji(h|x) = Eyulosi(y, h(z))
= Y Py = kla)lo (k, h(z))

key

o Therefore, the Bayes classifier is given by:
h*(z) = argminLg(h|x)
h
= argmax P(y = k|z),
k

the class with the largest conditional probability P(y|x).

e The Bayes conditional risk:

Ly(h*|x) = min{l — P(y = k|x) : k € V}.
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Deterministic learning framework

Input € X’ drawn from a distribution P(x).
Outcome y € V.

Unknown target function h*: X — ), such that y = h*(x).

Goal: discover h* by observing examples of (x,y).

This is a special case of the statistical framework:
» What is P(y|x)?
e P(y|z) is a degenerate distribution for every x.
» Bayes prediction function?
o h*
» Risk of h*? (assuming £(y, ) = 0 whenever y = §)
® h* has zero risk.

» Unrealistic scenario in real life.
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Outline

3 Learning Paradigms and Principles
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Learning

Distribution P(x,y) is unknown unknown.
Therefore, Bayes classifier h* is also unknown.

Instead, we have access to n independent and identically distributed
(i.i.d) training examples (sample):

{(wla yl)a <w27y2)7 SOR) (wmyn)}'

Learning: use training data to find a good approximation of h*.
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Spam filtering

e Problem: Predict whether a given email is spam or not.
e An object to be classified: an email.
e There are two possible responses (classes): spam, not spam.

From mi jove markson <mijove. marks03@ live fr>
+ [1 SPAM] ***SPAM™* I AM LOOKING FOR GOLD DUST BUYER.

fleply to mijove_markson3@hotmail fr

To undisclosed recipients:;

I AM LOOKING FOR GOLD DUST BUYER,
Dearest Buyer,

MY NAME IS MR JOVE MARKSON
I am contacting you for a contract on GOLDDUST.And GOLD BARS, There are bulk of gold dust for sell to interested buyers,each kilo is 3
allthe 9 localmining communities, to sale there gold dust and bars.

If you are interested, you can visit our company and mines; you can seethequantity available and go to refinery to inspect the quality k
gold dust to your destination.

1. Form: Gold Bar,
2. Purity: 96.4 % like minii value 96.6% like i value.
3. Pri 1,500 USD for one kg.
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Spam filtering

Example

o Representation of an email through (meaningful) features:
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Spam filtering

Example

o Representation of an email through (meaningful) features:
> length of subject

length of email body,

use of colors,

domain,

words in subject,

words in body.

vV vy VY VY

length of length of use of

subject body colors domain gold price USD ... machine learning | spam?
7 240 1 live.fr 1 1 1 ... 0 0 1
2 150 0 poznan.pl 0 0 o ... 1 1 0
2 250 0 tibco.com 0 1 1 ... 1 1 0
4 120 1 r-projectorg 0 1 0 0 0 | ?




Training/Test Data in Computer Format

Example (ARFF format for training/test data)

@relation weather

Q@attribute outlook {sunny, overcast, rainy}
@attribute temperature real

@attribute humidity real

Qattribute windy {true, falsel}

Qattribute play {yes, no}

Q@data

sunny ,85,85,false ,no
sunny ,80,90, true ,no
overcast ,83,86,false,yes
rainy ,70,96,false,yes
rainy ,68,80,false, yes
rainy ,65,70, true,no
overcast ,64,65, true,yes
sunny ,72,95,false ,no
sunny ,69,70,false,yes
rainy ,75,80, false, yes
sunny ,75,70,true, yes
overcast ,72,90, true,yes
overcast ,81,75,true, yes
rainy ,71,91, true,no
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Learning

e Four types of datasets:

>

>

training data: past emails,

validation data: a portion of past email used for tuning learning
algorithms

» test data: a portion of past emails used for estimating the risk,
» new incoming data to be classified: new incoming emails.
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Different learning paradigms
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Different learning paradigms

¢ Generative learning
» Follow a data generating process
» Learn a model of the joint distribution P(x,y) and then use the Bayes
theorem to obtain P(y|x).
» Make the final prediction by computing the optimal decision based on
P(y|x) with respect to a given £(y,9).
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Different learning paradigms

¢ Generative learning
» Follow a data generating process
» Learn a model of the joint distribution P(x,y) and then use the Bayes
theorem to obtain P(y|x).
» Make the final prediction by computing the optimal decision based on
P(y|x) with respect to a given £(y,9).
¢ Discriminative learning
» Approximate h*(x) which is a direct map from x to y or
» Model the conditional probability P(y|x) directly, and
» Make the final prediction by computing the optimal decision based on
P(y|x) with respect to a given £(y, §).

e Two phases of the learning models: learning and prediction
(inference).
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Different learning paradigms

e Various principles on how to learn:
Empirical risk minimization,
Maximum likelihood principle,
Bayes approach,

Minimum description length,

v
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Empirical Risk Minimization (ERM)

e Choose a prediction function h which minimizes the loss on the
training data within some restricted class of functions H.

~ 1 &
h =argmin — » £(y;, h(xz;)).
heH n; (®:))

e The average loss on the training data is called empirical risk Eg(h).
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Empirical Risk Minimization (ERM)

e Choose a prediction function T which minimizes the loss on the
training data within some restricted class of functions H.

h = arg min — 114 (x;
gm nz vir h(;)

e The average loss on the training data is called empirical risk E[(h).

e 7 can be: linear functions, polynomials, trees of a given depth, rules,
linear combinations of trees, etc.!

LT, Hastie, R. Tibshirani, and J. Friedman. Elements of Statistical Learning: Second Edition.

Springer, 2009
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Outline

4 Summary
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Summary

e What is machine learning?

e Supervised learning: statistical decision/learning theory, loss
functions, risk.

e Learning paradigms and principles.
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