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Who are we?

http://www.al.unvie.acat/
Institut fur Medizinische Informatik undArtificial
Intelligence (IMKATI) des Zentrums fur Hirnforschung aer
Medizinischen Universitét Wien

http://www.oefal.at/oefal
Osterreichisches Forschungsingtitut fur
Artificial Intelligence (OFALI)

http://www.oefai.at/oefal/ml/mldm
The Madine Leaning and Data Mining Research Group
@ OFA
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How doesthiswork?

Vorlesungstermine ML & DM (509.014)
Jeden Di 16:15-17:45, IMKAI Seminarraum
Vorlesungsprufung

1.2.2005 16:15-17:45 schriftlich, IMKAI Seminarraum. Alle Unterlagen
erlaubt! Weltere Termine nadch Bedarf.

Ubung ML & DM (561.340) - Empfohlen zur Vorbereitung auf die Prifung

« Ausgabe von Ubungsaufgaben: ab 19.10. in VO & auf LVA-Webseite (s.u.)

» Abgabe der Ldsungen in schriftlicher Form jeweil s zum angegebenen Termin
» Gemeinsame Diskusson der Losungen jewell s zum angegebenen Termin

Webseite aur LV A (passvort-geschutzt)
http://www.oefai .at/~alexsee/lv/mldm - User: student Passwort: ml+dmO04

WICHTIG: Mitbelegen an der Medizinischen Universitat!
http://www.meduniwien.ac.at/index.php?d=81
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What else do we teach?

Lectureson ML & DM @ IMKAI

Winter semester
509.014 Maschineles Lernen undDataMining, VO 2h
561.340 MaschinelesLernen undDataMining, UE 1h

Sommer semester
509.916 Al-Methoden der Datenanalyse, VO 2h
561.699 Al-Methoden der Datenanalyse, LU 1h

Jeder zait: Praktika, Diplomarbeiten, Diss, Projektmitarbeit...
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Whereto look for additional information?

Recommended books

T. Hastie d al (2001). The Elements of Statistical Learning. Springer Verlag.
Tom M. Mitchell (1997). Machine Learning. McGraw-Hill

lan H. Witten & Eibe Frank (2000). Data Mining: Practical Machine Learning
Tools and Techniques with Java Implementations. Morgan Kaufmann.

Starting pointson the Web:

The European Network of Excellence in Machine Learning (MLNet), with
bibliography, links to madine learning courses, data, software, ...

http://www.mlnet.org

The European Network of Excell ence on Knowledge Discovery (KDNet)
http://www.kdnet.org/

David Ahas extensive list of madine learning resources
http://home.earthlink.net/~dwahal/reseach/machine-leaning.html
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When will thisall happen?

Ledure plan (preliminary)

05.10.2004
12.10.2004
19.10.2004
02.11.2004
09.11.2004
16.11.2004
17.11.2004
23.11.2004
30.11.2004
07.12.2004
14.12.2004
11.01.2005
18.01.2005
19.01.2005
25.01.2005
01.02.2005

Introduction

Inductive Concept Learning: Basic Concepts

Decision TreeLearning + Ausgabe Ubungsfragen 1

Evaluation Basics & Overfitting Avoidance + Gruppeneinteilung
Instance-Based Learning & Bayesian Methods

Simple Learning d Clasdfication Rules & Ripper

Deadline Ubungsfragen 1

Relational Leaning and ILP + Besprechung UF 1 + Ausgabe UF 2
Computational Learning Theory

Elements of Statisticd Learning

Ranking, unsupervised leaning, Clustering and Ensembles
Applications of ML & DM

Reinforcement Learning

Deadline Ubungsfragen 2

Construction d learning problems & NFL theorem + Bespr. UF2
Final exam (written)

© Alexander K. Seevald
aex@seavald.at / alex.seevald.at



Can machines |earn from Experience?

Y es, of coursel

« MENACE (D.Michie, 1961): Tic-Tac Toe by matchboxes

— Lookup table for ead position
— Fealbac after eadh game TRt N T

— Implemented as 308 matchboxes
and beadsin nne wlors.

e TD-Gammon (G.Tesauro, 1995: Badkkgammon
— Started with no knowledge on badkgammon except basc rules
— Leaned by playing against itself E‘:”f:‘ o8 [T L
— Result: Excdlent play at grandmaster ‘ ‘

level. In some caes, has even changed
expert's judgement on best move. ‘
.g 3 28 o
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Customer Churn: Learned Rules

(total_day minutes >= 245) and (total eve minutes >= 225.2) and (voice mail plan = no) and
(total_night_minutes >= 170.6) => churn=True. (64.0/0.0)

(number_customer_service calls >= 4) and (total_day minutes <= 160) and (total _eve minutes <=
233.2) and (total_night_minutes <= 254.9) => churn=True. (69.0/0.0)

(total_day minutes >= 223.3) and (total_day minutes >= 264.8) and (voice mail_plan = no) and
(total_eve minutes >= 188) and (total _night_minutes >= 132.9) => churn=True. (52.0/1.0)

(international_plan = yes) and (total_intl_minutes >= 13.2) => churn=True. (54.0/0.0)

(total_day minutes >= 221.9) and (total eve minutes >= 261.6) and (voice mail plan = no) =>
churn=True. (41.0/7.0)

(international_plan = yes) and (total_intl_calls <= 2) => churn=True. (50.0/0.0)

(total_day minutes >= 222.3) and (total_day minutes >= 286.2) and (voice mail_plan = no) and
(total_eve minutes>= 150.8) => churn=True. (17.0/2.0)

(number_customer_service calls>=4) and (total _day minutes <= 182.1) and (total_eve minutes<=
190.7) and (total _night_minutes <= 285) => churn=True. (22.0/0.0)

(number_customer_service calls >= 4) and (total_day minutes <= 135.9) and (account_length >=
72) => churn=True. (14.0/0.0)

(total_day minutes >= 236.9) and (total _night_minutes >= 230.6) and (voice_mail_plan = no) and
(total_eve minutes>=197.7) => churn=True. (12.0/1.0)

(number_customer_service_calls>=4) and (total_eve _minutes <= 135) => churn=True. (12.0/4.0)
=> churn=False. (2926.0/91.0)
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Why? So we can build better vehicles...

* Red Team - At mile 7.4, on
switchbacks in a mountainous
section, vehicle went off course,
got caught on a berm and rubber
on the front wheels caught fire,
which was quickly extinguished.

 Vehicle 9 - The Golem Group -
At mile 5.2, while going up a
steep hill, vehicle stopped on the
road, in gear and with engine
running, but without enough
throttle to climb the hill.

e Team ENSCO - Vehicle moved
out smartly, but, a mile 0.2,
when making its first 90-degree
turn, the vehicle fli pped.
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... or other robustly autonomous systems...

« Autopilot for one-person

saling

Raceproven with many state-
of-theat Al and ML
comporents.

Human jargon like gust,
close-hauled, |uff as
background knavledge, e.g.

If you are sailing close-
hauled and there is a gust of
wind then steer the boat a bit
windward.
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... save costsin industrial production..

, Meural U
Restric- & Network ot - Ll
tions E
E

—+.—l‘ + Transformer h Neural
-4 g. Analyt . Fast data Networks
Model Dynamic * acquisition N on-line

set paints AC Adaption
&’\. . d Arc
Rogulator = *HE e Avrtificial
Electrode controller intelligence
s Lo

E===]

——
Static set points
= default values

I, P, thermal load of panels

e Optimizaion d melting processwith neural network and
analytica model: Sted production +6,000; Energy
consumption -3,1%
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...or because we need a better Spam-Filter

Problem
o Spam: Nonspam =17 : 1; 300 spams/day/user

Solution: State-of-the-Art System, adapted to our problem viaML

e Spam: Nonspam=1:25

e Combined bayesian & human filter, trained on user's good/bad mail s
o Deéeletes ~99.5% of incoming spam

* Few nonspam mails deleted (est. <1:600,000)

* Low maintenance (stable for >2 months)

o Currently tested by eight of my coll eagues + myself: well receved

e Compares well to expensve @mmercial systems which claim
1:2,000,000 chance of nonspam mail deleted.

 However, per-user models are not sufficiently scadable in pradice, so
much work remains to be done.
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What iIsML & DM?

MACHINE LEARNING

"Thefidd of madineleaningis concerned with the
guestions of how to construct computer programs that
automaticdly improve with experience.”

(Tom M. Mitchell, 1997

DATA MINING

"DataMiningisthe nontrivial processof identifying valid,
novel, paentially useful, and utimately uncderstandable
patternsin data."

(Fayyad, Piatetsky-Shapiro & Smyth, 1996
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OFAI Projects

Automated dee staging (SIESTA, EU projea)
e Sleg staging from EEG data; Spin-Off company: The Sesta Group

A Meta-Learning Assstant for Providing User Support in Machine
L earning and Data Mining (METAL, ESPRIT-LT R EU projeq)

Biological Textmining (BioMinT, QLRI EU projea)
Automated Quality Control for Industrial Printing (MONOTONE)
Meta-level learning for hybrid spamfilters

Commercial projeds

* The Use of Madhine Leaning Methods for Quality Prediction in Sted
Casting (+ Data Mining Library) for VOEST-Alpine.

* Risk analysisfor an Austrian insurance mmpany.
o Sdesforecastingfor alarge Austrian supermarket chain.
« Discovering Inefficienciesin the supply chain of an international firm.
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