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MACHINE LEARNING 101
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Jag ska forsoka hinna med det har

= Vad ar ML?

- Historik, exempel
— Definition

= Varfor ar ML sa populart?
- Varfor just nu?

- Begransningar, utmaningar
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Vad ar ML?
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ML ar inte natt nytt!

= De forsta artiklarna fran 1950-talet !
= Arthur Samuel’s Dam-program (1959)

White’s and Black’s
moves

= Programmet larde sig av att spela dam mot sig sjalv
= Slutligen spelade datorn battre an Samuel sjalv

= Samuel myntade termen “machine learning”



38 ar senare

= [BM’s Deep Blue sladr stormastaren Gary Kasparov 1 schack (1997)

Tusentals gamla
mastarmatcher

1

— program ——— I

= Deep Blue larde sig en evalueringsfunktion och
anvande ra datorkraft fOr att vilja nista drag




ML for automatisk oversattning av naturligt sprak

= Utan ML:
1700+ sidor med engelsk —— 8
. . I have a
grammatik & en tysk grammatik ‘ small dog

program

= Med ML (2015): a

v

10°sidor av Oversatt text ——| ML-program

|
,;]
\

Ich habe einen
kleinen Hund

= Anviande Deep Learning
= Mycket battre dn existerande system som INTE anvande ML



ML for att generera bildtexter

- Lar sig fran en databas med bilder/bildtext (>1M bilder)

A group of young people playing Frisbee A person riding a motorcycle on a dirt road A refrigerators filled with lots of
food and drinks

* Mycket battre dn state-of-the-art

» Utfordes av fyra Googleforskare:

Oriol Vinyals, Alexander Toshev, Samy Bengio, Dumitru Erhan, Show and Tell: A Neural Image Caption Generator , Proceedings of
the 2015 Conference on Empirical Methods in Natural Language Processing (EMNLP'15).



Exampel: Analys av manniskor i videos

Copyright © 2017, American Association for the Advancement of Science
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Exampel: Rekommendationssystem

Other Movies You Might Enjoy
ejkeng e Eiken has been added to
¥ Tu Mama Tambien your Queue at position 2.

This movie is available now.

= Vilken film ska rekommenderas
t1ll en Netflixkund?

Move To Top Of My Queue

= Continue Browsing Visit your Queue =

Russian Dolls_
Rissp s
el
Add
W
S Not Inte d
Close
o . : ‘7
= Vem ska fa specifika produkterbjudanden’
Customers Who Bought This Item Also Bought
. LOOK INSIDE! LI e 4 -
Tar ol S g -
' 9
< Understanding Social Social Network Analysis Socal Network Analysis Socal Network Analysis Exponential Randor
Networks Theones Methods and History. Theory and » John Scolt Models for Social
» Charles Kadushin » Stanley Wassearman » Christng Pred Papertack Dean Lusher
wrirdr iy (8) AR (14) 8 8.8 8 8800 §39 48 VPrime RN (4)
Papebacs Paperbacs Papertack Paperback
$16.09 vFrime $47 81 +Prive $42 40 vPrime $31 .49 VPrime
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Sa vad ar Machine Learning?

= Anvand data for att skapa ett program som kan

- Utfora en uppgift
— Spela schack
- Oversiitta
— Generera bildtexter
— Analysera rontgenbilder
— Detektera fotgingare 1 sjalvkorande bilar

- Extrahera information fran data

— Vilken film ska rekommenderas
till en Netflixkund?

— Vem ska fa specifika produkterbjudanden?

12



Relaterade “buzz words”

Data Mining
- Anvands ofta synonymt med ML

— Alternativ definition: "The non trivial extraction of implicit,
previously unknown, and potentially useful information from
data”

Knowledge Discovery in Databases (KDD)
Information Extraction
Data Science

Business Intelligence, Business Analytics, Predictive
Analytics, Big Data
Alla inkluderar grundlaggande ML, men ocksa annat

- preprocessing, cloud management, data base management, data
visualization, reporting, ...

13



Varfor?

UMEA UNIVERSITY
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Varfor just nu?

) Blg Data! facebook
- Enorma mangder potentiellt
vardefull data Walmart 3¢

- Anvands 1 ML {0r inlarning
[i[1] Tube

En explosion av datorkraft

— TPU (Tensor Processing Unit) ar specifikt
anpassad till TensorFlow

- Berakningar 1 molnet

Ny (?) utveckling av algoritmer
och teor1

- Deep learning (1965)

Uppenbara begransningar med andra ansatser L====
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Begransningar med en modeldriven ansats

= “The Unreasonable Effectiveness of Mathematics in the
Natural Sciences”!:

- Fysik kan ofta beskrivas elegant med enkla matematiska formler som
f=ma eller e = mc?

= Vetenskap som inkluderar manniskor ar ofta resistent mot
elegant matematik
- En (ofullstandig) Engelsk grammatik ar pa over 1700 sidor

- Traditionella system for rostigenkdanning och sprakforstaelse fungerade
daligt och verkade inte kunna bli s& mycket battre

= “The Unreasonable Effectiveness of Data“

- State-of-the-art inom rostigenkdnning, maskinell oversattning, och
bildanalys ar datadrivna

1. E. Wigner, “The Unreasonable Effectiveness of Mathematics in the Natural Sciences,” Comm. Pure and Applied Mathematics, vol. 13, no. 1, 1960, pp. 1-14.
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Begransningar med en datadrivna ansats (ML)

= “Lat data tala for sig sjalv”
= Latt att dra felaktiga slutsatser

- “Data snooping”, Overfitting, Overtraining

- “If you torture data long enough it will confess to anything”

Forvaxling av statistisk korrelation med orsakssamband

"OUR CONSULTANT | g ACCORDING TO | |¢
HAS BEEN MINING THE DATA, sALES | |3
DATA ALL DAY. ARE ALLAYS t

n . HIGHEST WHEN | [3
THE RESULTS| 100 THIS... ||}
ARE QUITE | S :
[snocxme. g ;
£ 8 o
i :
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Begransningar med en datadriven ansats (ML)

De flesta ML-tekniker leder till “black boxes™ }

= Det sitt pa vilket en given input genererar Y
en output ar inte kdnd ~\‘

4
L

= Detta gor det svart att
— Na insikt 1 de studerade processerna

- Forklara prediktioner och beslut
- Debugga program
- Validera systemen

= Beslutssystem kan ldra sig att diskriminera p.s.s. de manniskor fran
vilka de lar sig

= En vanlig strategi ar att anvanda ML bara som ett rddgivande system,
parallellt med (ett system som ar gjort av) en mansklig expert.



ML ar inte natt nytt!

Nar ar ML anvandbart?

= Nar man inte vet hur man skriver programmet

- Sant som méanniskor kan, men som ar svara att formalisera

= De forsta artiklarna fran 1950-talet !

= Arthur Samuel’s checkers-program (1959)

= Programmet ldrde sig av att spela checkers mot sig sjélv

= Slutligen spelade datorn battre &n Samuel sjélv

- Schack, bildanalys, dversittning, bedomning av loneansokningar,
detektering av spam, medicinska diagnoser eller behandlingar.

- Sant som ar svart for en manniska att utfora

— Svara forutsagelser tex.: solaktivitet, underhdll av maskiner,
annonskampanjer, kreditkortsbedréagerier.

= Nar det tar for lang tid att skriva programmet
- Automatisk detektering av foremal 1 bilder

= Nar processen forandras med tiden
- Programmet MASTE bero pi data

= Nar vi inte ens vet vad programmet ska gora

- ”Frequent pattern mining”, t.ex. analys av
inkopskvitton for att finna kopmonster




How?

UMEA UNIVERSITY

20



General categories of ML problems

= Regression
= (Classification

= Clustering

21



Regression — prediction of continuous variables

= How can the price of a house be predicted from
parameters like size, location, no. of rooms, age,

view, size of yard, ... ?
= Find a real-valued function f (rooms, age, view, size, ...)

= Use data to find parameter values that makes data fit a model like

price = p, + size * p; + age *p,
Usually non-linear models -

Artificial neural networks:

hidden layers

output layer

price

input layer
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Classification — prediction of categorical variables

= What type of contact lenses (soft, hard, none) should a —
customer be recommended, based on age, prescription, 8©
astigmatism, tear production rate? o

= Find a discrete function C(age, prescription, ...) that returns
the type of lens to recommend.

= Based on collected data, a decision tree 1s computed:

Tear production rate

Reduced Normal

NONE Astigmatism

No Yes

Myopia Hypermetropia

SOFT

HARD NONE
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Clustering — grouping observations

= Can 1r1s flowers be categorized based
on Petal Length, Sepal Length, Sepal
Width?

= Data for a lot of 1r1s flowers 1s
collected

w =] ~
1 1 J

= Running a clustering algorithm reveals
3 distinct clusters

Petal Length
-
<
£5.8 -
el
<

= These clusters correspond to the iris

species setosa, versicolor, virginica
= Clustering can be used for Market segmentation

- ~N w
1 | 1

Sepal Length Sepal Width

- Identification of homogeneous groups of customers that may respond
differently to promotions or advertising.

= Typical algorithms: C-means clustering algorithm
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Not really new either (2006 or actually already 1965)
Usually multi-layer (> 2) artificial neural networks
Hierarchical: higher level e

yer | layer 2 layer 3 layer 4
(layer) concepts are learned § ,
from the lower level (layer) §
ones

In this way, traditional
feature extraction 1s not necessary

Need a LOT of data and takes a LONG time to train

- Finding optimal architecture (number of layers/units, the
learning rate, initial weights etc.) requires new methods

- Highly parallelizable (GPU, and dedicated hardware)
Seriously black-box

layer 6

.
cow
.-/ g

rd

\\\
swan
s

.Jr

~ car
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