Introduction to Machine Learning

ML-Basics
What is Machine Learning?

Learning goals

0 Un¢ @ Understand basic terminology of and
cohnections between ML, Al, DL and
siatistics statistics

oW the @oKnow the.fmain directions of ML:
: Supervised, Unsupervised and
Reinforcement Learning



MLIS'CHANGING OUR-WORLD: G OUR WORLD

@ Search engines learn your search.preferences
° Becommeqqer systems learn ¥9 ur taste ip pgglgg, WP?‘?? movies....
o Algonthms do automatlc stock tradnng

'fgélé can aCCUrater translate bétweén many different languages
® DeepMind beats’ humans ar'Ge "nsiate fexd
° Rhys%dansare'supportedipypersonalized medicine

@ LLMsrevolutionize many. fields, (currently especially coding)

° Data- Qriven discov‘eries are made in physics, biology, genetics,

astronomy chemnstry neurology....
8 5M art-watches monitor your health
o

s to influence

@
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AHMIEANDDLF ARTIFICIAL INTELLIGENCE

and the connections to Machine Learning and Deep Learning

Artificial Machine Deep

Intelligence Learning Learning
Artific Machine Dee;
Intelligence

Many people arg confused what these terms actyally. meat mean

I And what dogmqllftql[srpavetp ﬁiQVJ‘lthStatl[SHQS? h statistics?
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ARTIFICIAL INTELLIGENCE

8 Golioralen for afy 48 4re raissarv and rapidly developing field
¢ dexslepingdielttict definition of Al, but it's often used when machines
o Nigstiidt géfitition bt oftéh dséa wméw until that time could only be
machines perform tasks that Bolild onfy be'solved: /1 10 require
by Kumans er are very difficult and assumed to
o fequire (intelligences ns - when the computer was InVSaes
® Startedimthe 9408'< when the computerwasHn immedial
invented: Turing and von Neumanm immediately) n: ot

asked: |we can formalize.computation. can we

that oformal ze “thinking™?
use ? ! l ne ~~rr9 g, natural language

° Lndugewl.-'m& o,ompmgr viSian, Febatics;ch game pla
Rianningnsegrchidnteligent agentsy e

@ Sometimes misused as a hypeterm for ML ofaaple Lse
bﬁSJﬁM&l@ﬁQaly‘SlS-,\ ML or basic data analysis

@ Or people refer to the fascinating developments

in the area of foundation models
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MACHINE LEARNING
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Il nage via nttps: { fwew oreilly comflidrary/view java deep learaniag/
Jll 9731758997454 /assets /899 ceal 3-cT710-4575- au9d- 33:75c45a:2f . pag

Mathematically well-defined and
solves reasonably narrow tasks.

Usually construct predictive: ot
models from data, instead ofom
explicitly pragramming them.

RGO mBUterpYSgfam is said to
learnirome expenience-E with
respect to some task Tand
some pedormance-measure P, if
its'performance on foas=ure 7 7
measured by P improves with
experience BF mproves w

Jom: Mitchel, Carnegie Mellon
Unrvarsvty 199& negie Mello:
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DEEP LEARNING
8 Slifieft Bf M WhidH Studies fetitdr Hetwiris™ "°

9 Artificial neural networks (ANNs) might ha een (roughly
® Artficial neural networks are roughly inspired by 1 108 1)
theHliman brain, Ut WE treat them as‘usef, 5Py @ certain mode
T
T

mathefmatical models.
8 Studied for detddes (dtarin the ' 1646/50s).Usds °° 1
more |ayérs might (Ise spacific weurons, 8.y “for 1
images, manycomputational improvements ta) O
train.on 1arge data. - 14h1ar data, but typical ap

abl

e o

Canbesused omtabular data, but typical
applications are images, 1ex1$ 0 §1gNAIS - 11 b
lrast15-20 years have produced remarkabie Ut (0oked
results and imitations of human ability, where the
rg\sHlt.lQovked inpell;gen[. toct

(¢

Any 10logy is indistinguishable from magic.”

“Any sufficiently advanced technology is
Jll indistinguishable from magic." Arthur C. Clarke’s 3rd law
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ML VS. STATS

@ ML and Statistics have historic:

fields, but many methods and especially the mathem
Hﬁtppcalﬁy peveyoped{as dnfpggept fields, but many methods and
concepts are pretty much the same

@ Traditionally, mode 1 ML focused more on precise pre ons
o ;. Rather accurate Rreq\cpons w1th more qomplg?( rpodﬁls y ab 0
@ StatsyMore!imergreting relationships:antsoind inferenee.c |

Now Both Hésfcaliy Wotkoh same problems with same tools.

&ommun ies are sl il ‘dn)ided ’ modelling in statistics b

e Ssame proo ms with e same 100I¢
@ Often different le nolo for the same concepls,
o Pr‘?m"t r‘fré\;.fr!?"% w.ﬂ,gxw'r‘ H"eT es are —“tepfs; vided, don
@ Most parts of Mk we could alsocalk 2nd cveryone is con

Nangazametris satistcs pius eficient pumericel optimizaton.
8 Reranglosinion) Nowadays, few praclical differences, seeing

Rifereces insfead o forpmensliies ol holds Yau ba%ktimization

(-2
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UNSUPERVISED LEARNING
@ Data without labels y O O X

@ Search for patterns within the inputs x x O
@ Unsupervised as there is no “true” output we can optimize against

X X

° ﬁ)fmensiohahfy reducﬁoh (PCK
altdeticsders <y

compless inf’ohhanon iy

o “Clusteting “grdup Similar
observations'®

o “Olttierdétection, andmaly
détection’”

o “Aésotiation ruies

Petal Width

.. Petal.Length
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REINFORCEMENT LEARNING

il General:purpose frameworkn Aveachtime Stepaan agent interacts with O O x
B anceavironment izcobserves state; receives reward;executes/action.

cecutes actior X LO

| Q nal: Select actions maximize future rewar:
I @ Goal: Select.actigns to.maximize future reward. .
| @ Reward signals may be sparse, noisy and delayed.
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WHAT COMES NEXT

@ Supervised learning-for regréssioniand classification: predict
tabetls! y throughdeatures x; based ortraining:data: ISin
First. 'we wilf go'through findamental concepts in supervised ML:
Flral What'kind of "data” do we'learn from2:0!s 11 supervised ML
o What isral“prediction'model’2 from”
e How can we quantifypredictive-performance”?
e What is a "learning algorithm”
e How can we operationalize/leaming?
We will alsointroduce first cohéréte Iearmng algorithms: Linear
motels, trees atdferests.’ :

Morecomplexstuﬂcomes R@rfairly simple ML models to obtain a

1SIC Ul i [

o e

e

e M complex st mes lat
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