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Temak

Statisztikai paradigmak, a Bayes-statisztikai paradigma. Bayes-tanulasi alapfogalmak, bayesi modell atlagolds. Naive Bayes-halé.
2. Adattipusok: megfigyelési és beavatkozasi adatok. Prediktiv, generativ, oksagi modellek. Kévetkeztetés és indukcio tipusai.
3. Bayesi kovetkeztetés analitikus megolddssal. A konjugaltsag és az exponencidlis eloszlasok. Bayesi linearis regresszio.
4. Kozelit6 modszerek bayesi kovetkeztetéshez. Bayesi centralis hatareloszlasi tétel. Laplace approximacié. Markov Chain Monte Carlo.
5. Avariaciés bayesi megkozelités.
6. Bayesi logisztikus regresszido/tobbrétegli perceptron/neuralis haldk.
7. Bayesi matrix faktorizacio.
8. Bayesi neuralis hal6zatok és bayesi mély strukturak. I.
9. Esettanulmany: edward I.
10. Bayesi neuralis halézatok és bayesi mély strukturak. Il. GAN
11. Bayesi neurdlis haldzatok és bayesi mély strukturdk. lll. Variational autoencoder.
12. Esettanulmany: edward II.
13. Rekurrens neuralis hal6zatok (RNN), idésori adatok elemzése.
14. Valészinliségi grafos modellek (VGM-ek). Fliggetlenségi modellek.
15. Markov-(véletlen)-mezdk. Bayes—halék. Faktor-grafok.
16. Rejtett Markov Modellek. Dinamikus Bayes—halék.
17. Oksagi diagrammok.
18. Bayesi becslés- és dontéselmélet. Optimalis dontés fogalma, Bayes-faktor, Bayes-dontés, Bayes-hiba. Dontési haldk.
19. Egzakt kovetkeztetési médszerek VGM-ekben.
20. Kovetkeztetés kozelit6 modszerekkel VGM-ekben: Az EM algoritmus csalad. ,loopy belief propagation”, ,expectation propagation”.
21. Bayes-halok tanuldsa
22. Tudastranszfer NN-ekbe és PGM-ekbe, ,transfer learning”.
23.  Adatvédelmet biztosito elosztott adat- és tudasfuzido (AWE/MA)
24.  Aktiv tanulds. K-kari rablé. Monte Carlo Tree Search.
25. MegerGsitéses tanulas. Mély megerdsitéses tanulas.
26. Kiterjesztett sztochasztikus szimulacids eljarasok: adaptive és hibrid MCMC médszerek

Al 2/6/2018 6




Kovetelmények

v Szorgalmi idoszakban.

Hazi feladat sikeres elkészitése és leadasa a félév végéig, amely egy tanulasi algoritmus

implementalasat és egy referencia adathalmazon torténd szabvanyos kiértékelését
jelenti.

v Vizsgaidoszakban: Szobeli vizsga. A vizsgara bocsatas feltétele az elfogadott hazi
feladat.

»  Osztdlyozas: A vizsga osztalyzata a szébeli vizsgan megszerzett jegy.




Hallmarks of a new Al era’?
ARTICLE

doi:10.1038/ nature 16961

Mastering the game of Go with deep
neural networks and tree search

David Silver'*, Aja Huang'*, Chris J. Maddison!, Arthur Guez!, Laurent Sifre', George van den Driessche!,

Julian Schrittwieser!, loannis Antn:unl:uglﬂu‘ . Veda Panneershelvam!, Marc Lanctot!, Sander Dieleman!, Dominik Grewe!,
John Nham?, Nal Kalchbrenner?, Ilya Sutskever?, Timothy Lillicrap', Madeleine Leach!, Koray Kavukcuogha!,

Thore Graepel' & Demis Hassabis!

LETTER

Human-level control through deep reinforcement
learning

Volodymyr Mnih'#*, Koray Kavukcuoglu'*, David Silver'*, Andrei A. Rusu', Joel Veness', Marc G. Bellemare', Alex Graves',
Martin Riedmiller', Andreas K. Fidjeland', Georg Ostrovski', Stig Petersen', Charles Beattie’, Amir Sadik', Toannis Antonoglou’,
Helen King', Dharshan Kumaran', Daan Wierstra', Shane Legg' & Demis Hassabis'

R T~ T

doi:10.1038/naturel4236




Factors behind the ,A.l./learning hype”

» New theory?
- Unified theory of Al?
> A new machine learning approach?
> A breakthrough result?
» New hardware? (computing power..)
> GPUs?
> Quantum computers?
» New resources?
> Datal!
- Knowledge!
» Technologies

- Artificial intelligence? Language understanding?
- Machine learning? Deep learning?




Computing power: Moore’s Law
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Computing power: Moore’s Law
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Moore’s law: calculation/$

120 Years of Moore’s Law

MECHANICAL VA%JBUEM TRANSISTOR INTEGRATED CIRCUIT

NVIDIA TITAN X

GTX 480

IBM BLUE GENE

IBM ASCI
WHITE

IBM PC PENTIUM PC
CRAY 1
DATA GENERAL APPLE
NOVA SUN1  MACINTOSH

WHIRLWIND
B 1BM 360
DEC PDP-1

COLOSSUs

—
K
[e]
©
o
c
[]
S
w
c
o
(8]
—
[(}]
o
©
c
(o]
[&]
[(}]
w
—
[(}]
o
[72)
c
S
—t
]
3
o
@©
(@]

IBM TABULATOR
HOLLERITH
TABULATOR

ANALYTICAL
ENGINE

190p 905 7919 7915 935 925 793y 7935 794y 7945 795, 1955 196, 1965 795, 1925 798, 7985 199, 7995 200, 2005 201, 2075 20,

Year Source: Ray Kurzweil, DFJ




Computing power and search:
performance in chess

!:'.= ..........

. # Név Elépont
] 2‘3’,%" XPrO1.264-bit - 3445 J.McCarthy: "Chess
HHHHH Pc , Komodo 11.2 64-bit 3402 as the Drosophila
4CPU of Al [Art|f|C|aI
Houdini 5.01 64-bit " 1990
3 Loh, 3382 21",
IBM Deep Blue (1997) -

puterchess.org.uk/ccrl/4040/



http://www.computerchess.org.uk/ccrl/4040/cgi/engine_details.cgi?print=Details&each_game=1&eng=SugaR XPrO 1.2 64-bit 4CPU#SugaR_XPrO_1_2_64-bit_4CPU
http://www.computerchess.org.uk/ccrl/4040/cgi/engine_details.cgi?print=Details&each_game=1&eng=Komodo 11.2 64-bit 4CPU#Komodo_11_2_64-bit_4CPU
http://www.computerchess.org.uk/ccrl/4040/cgi/engine_details.cgi?print=Details&each_game=1&eng=Houdini 5.01 64-bit 4CPU#Houdini_5_01_64-bit_4CPU

The ,big” data

» Financial transaction data, mobile phone data, user
(click) data, e-mail data, internet search data,
social network data, sensor networks, ambient
assisted living, intelligent home, wearable

electronics,...

Factors:

“The line between the virtual
world of computing and our
physical, organic world is
blurring.” E.Dumbill: Making
sense of big data, Big Data,
vol.1, no.1, 2013

Gadgets

14



Definitions of ,big data”

M. Cox and D. Ellsworth, “"Managing Big Data for Scientific
Visualization,” Proc. ACM Siggraph, ACM, 1997

The 3xV: volume, variety, and velocity (2001).

The 8xV: Vast, Volumes of Vigorously, Verified, Vexingly
Variable Verbose yet Valuable Visualized high Velocity Data
(2013)

Not ,,conventional” data: ,Big data Is data that exceeds the
processing capacity of conventional database systems. The
data Is too big, moves too fast, or doesn't fit the strictures of
your database architectures. To gain value from this data,
you must choose an alternative way to process it (E.Dumbill:

I Making sense of big data, Big.Data, vol.1, no.1, 2013)



Carlson’s Law for Biological Data

NATURE, Vol 464, April 2010
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The ,omic” definition of ,big data”

.. [data] is often big in relation to the
phenomenon that we are trying to
record and understand. So, if we are
only looking at 64,000 data points,

but that represents the totality
or the universe of
observations. That is what
gualifies as big data. You do
not have to have a hypothesis
in advance before you collect
your data. You have collected all

mere is—all the data
there Is about a
henomenon.

i - u - .= .,
|AREVOLUTION

THAT WILL TRANSFORM HOW

WE LIVE, WORK, AND THINK
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Biomedical omic data/big data

2010<: “Clinical phenotypic assay”’/drugome: open clinical trials, adverse drug
reaction DBs, adaptive licensing,

Environmenté&life style

7/ st siastods N

Metabolome

~ ~ ~Transcriptome

Genome(s), epigenome, microbiome

Drugs




Big health data streams

New “Omics” Traditional Quantified Self
Data Streams Data Streams Data Streams
Genome
-SNP mutations PETSOnﬂllﬂﬂdFMIH self.repmm data:
-Structural variation HealthHistory \/ health, exercise,
-Epigenetics

food, mood
journals, etc. \/

| Microbiome | | Prescription

History J

Transcriptome MobileApplication

Lab Tests: History e v
Metabolome andCurrent

QuantifiedSelf
Proteome Demographic DamJ Device Data /
| Diseasome \/ o rdandiad

I:u::'u: R J Biosensor Data

Environmentome \/ Response Objective Metrics

Legend: Consumer-available /

M.Swan: THE QUANTIFIED SELF. Fundamental Disruption in
Big Data Science and Biological Discovery, Big data, Vol
/., No. 2., 2013




UK Biobank biﬂbamk’k

improving the health of future generations

UK Biobank is a national and international health resource with unparalleled
research opportunities, open to all bona fide health researchers. UK Biobank
aims to improve the prevention, diagnosis and treatment of a wide range of
serious and life-threatening illnesses — including cancer, heart diseases,
stroke, diabetes, arthritis, osteoporosis, eye disorders, depression and forms
of dementia. It is following the health and well-being of 500,000 volunteer
participants and provides health information, which does not identify
them, to approved researchers in the UK and overseas, from academia and
industry. Scientists, please ensure you read the before
registering. To our participants, we say thank you for supporting this
important resource to improve health. Without you, none of the research
featured on this website would be possible.
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http://www.ukbiobank.co.uk/scientists-3/

Elektronikus Egészseégiigyi
Szolgaltatasi Ter (EESZT)?

e-recept

e-beutald

;- e-személyi igazolvany

“‘ s ;E'j eeszt lakossagi portal

EESZT a betegellatasban

Szeretné tudni, hogy miként segitik az EESZT szolgéltatasai a betegellatast? Kovacs ur térténetén keresztil
megismerheti azokat az elénydket, amik a gyorsabb és hatekonyabb gyogyitast szolgaljak....

®O00O0

Elektronikus Egeszseégiigyi Szolgaltatasi Ter (EESZT)

Az Elektronikus Egészségiigyi Szolgaltatasi Teret (EESZT) eurépai uniés tmogatasbol hozta létre az Allami
Egészségiigyi Ellato Kézpont vezette konzorcium, hogy az egészsegigyi szolgaltatok Gsszekapcsolasaval és

a nekik létrehozott egységes kommunikacios tér biztositasaval kiaknazza az e-egészségiigyben rejlé
lehetdségeket. igy az egészsegiigyi ellatok és ellatottak is szorosabb kapcsolatba kerilinek, leegyszeriisédik
az ellatas folyaman keletkezett adatok és dokumentumok elérhetdsége, biztositotta valik az egeszségigyi
agazat szamara a rendelkezésre allo adatok egységes kezelése és hatékony elemzése, ami egyarant
segitség a betegnek és az orvosnak is.

https://e-egeszsegugy.gov.hu/fooldal




EESZT: MENTA

Egyediilalié mobilalkalmazésunk az On
igényeire szabva forradalmasitja az
egészséqggel kapcsolatos

eddigi nézeteit.

v
Egészségnaplok Telemedicina Egészségterv
Vezesse egy helyen Ssszes fontos 0Ossza meg egyetlen gombnyomassal az Tuzze ki egészségével kapcsolatos
egészsegugyi adatat! Fefjlegyzéssi ttbbé On altal ottnon mért értékeket celjait! Interaktiv alkalmazésunk segit
sosem vesznek el. kezelborvosaval! Onnek eléris azokat
@s:
: 5
Informécios kozpont Szolgaltataskeres6 Fejleszt6knek
Eroekli & szemelyre szabott téjékoztatas? Egészsegugyi szolgaftatast venne Csatlakozasi lehetséget biztositunk az
Kowesse naprakesz hireinket igénybe? Gyors és hiteles informécickat egeszséqugy tertietén zajlo

rendszeresen! talél orszagszerte fejlesztéseknek




Nyilt adat

» FAIR data m

Findability
Accessibilit
Leroper
e Reviewed
Reusabil
w
— Integrate
o
systems,

domains &
Discoverable stakeholders

Accessible

o

(0]

(0]

(0]

ELSEVIER https:.elseier.com/connect/O-aspects-of-highIy-effective-
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Irottan tarolt intelligencia: cikkek

1400060—

1200000—

1000006—

800060—

600000—

400660—

2006060—

Derek J. de Solla Price: Little
Science, Big Science, 1963

LRLB

AIt will be noted that after an initial period of rapid expansion to a stable
wth rate, the ber of ab i P
in approximately 15 years.

SR

1910 1920 1930 1940 1950 1960
Fig. 2. CUMULATIVE NUMBER OF ABSTRACTS IN VARIOUS

SCIENTIFIC FIELDS, FROM THE BEGINNING OF THE
ABSTRACT SERVICE TO GIVEN DATE

lly, doubling’

%
0.4

0.2

1960 1970 1980 1990 2000 2010 2020
Gépi tanulas
—e— Mesterséges intelligencia

—e— Neurdlis halézatok

L 2
<&
~ MEDLINE/PubMed cikkek szama: 7 |
~ 1809-2016 o

ol
«««4«6«6««6

o
a
«,«««««‘

(LRI eo® *
o

BRSBTS



Nyilt tudas

Szemantikus adattarak - Szemantikus publikalas

& y ' TG '.". ——
| I L1 s

ChemSpider

Search and share chemistry

*® ChEB|

nex.'tprot.v. ChEMBL
4. 0pen PHACTS

[ identifiers ' Pharmacologicaldata |

[ Molecular weight & formula | [ Synonyms l Activity type, value, concentration

& ConceptWiki

, 2V,

l

[ H-Bond acceptors / donors ] [ SMILES ] Assay description
Polar surface area, AlogP . InChl / InChikey I | Target organism
Melting point @ ' Target name
...and more [W] ..and more

Williams, Antony J., et al. "Open PHACTS: semantic
interoperability for drug discovery." Drug discovery today,
2012

Dumontier, Michel, et al. "Bio2RDF release 3: a larger connected
york of linked data for the life sciences, EUR-WS, 2014.

aaApitius, Martin, et al. "Towards the
Y aace." Nature reviews. Drug

M. Gerstein, "E-publishing on the Web: Promises,
pitfalls, and payoffs for bioinformatics,"
Bioinformatics, 1999

M. Gerstein: Blurring the boundaries between
scientific 'papers' and biological databases,
Nature, 2001

P. Bourne, "Will a biological database be different
from a biological journal?," Plos Computational
Biology, 2005

M. Gerstein et al: "Structured digital abstract
makes text mining easy," Nature, 2007.

M. Seringhaus et al: "Publishing perishing?
Towards tomorrow's information architecture,"
Bmc Bioinformatics, 2007.

M. Seringhaus: "Manually structured digital
abstracts: A scaffold for automatic text
mining," Febs Letters, 2008.

D. Shotton: "Semantic publishing: the coming
revolution in scientific journal publishing,"
Learned Publishing, 2009
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Osszekapcsolt nyilt tudas
(Linked Open Data)

Legend

[Cross Domain
[Geography

Publications

mm=]ncoming Links
mmsOutgoing Links

| .

o (1 <
, .
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‘

Linking Open Data cloud diagram 2017, by Andrejs Abele, John P. McCrae, Paul Buitelaar, Anja Jentzsch and Richard
ganiak. http://lod-cloud.net/




E-science, data-intensive science,
the fourth paradigm

All Scientific Data Online

* Many disciplines overlap and
use data from other sciences

* Internet can unify Literature
all literature and data
. Derived and
* Go from literature to Recombined Data

computation to data

back to literature
+ Information at your fingertips Raw Data
for everyone-everywhere

+ Increase Scientific Information Velocity

* Huge increase in Science Productivity




The Science Behind an Answer

g
é

"
N

» http://www-
03.ibm.com/innovation/us/watson/what-is-
watson/suence behind-an-answer.html

¢y IE2YWATSON




Gépi felfedezb rendszerek

= Langley, P. (1978). Bacon: A general discovery system.
m...

H...
= R.D.King et al.: The Automation of Science, Science, 2009

sSparkes, Andrew, et al.: Towards Robot Scientists for autonomous scientific
discovery, 2010




‘Machine science”

sSwanson, Don R. "Fish oil, Raynaud's syndrome, and undiscovered public
knowledge." Perspectives in biology and medicine 30.1 (1986): 7-18.

sSmalheiser, Neil R., and Don R. Swanson. "Using ARROWSMITH: a computer-
assisted approach to formulating and assessing scientific hypotheses." Computer
methods and programs in biomedicine 57.3 (1998): 149-153.

=«D. R. Swanson et al.: An interactive system for finding complementary
literatures: a stimulus to scientific discovery, Artificial Intelligence, 1997

AB ABC

sJames Evans and Andrey Rzhetsky: Machine science, Science, 2013

Soon, computers could generate many useful hypotheses with little help from

]




A teljes tudomanyos kutatasi
ciklus automatizalasa?

Clinical Decision
Support

Text Mining

Statistical Analysis



Adat- és tudasfuzio:~2000

» Kombinalhatdak-e:

- szakértoi és szakirodalmi forrasokbol:
- ismeretek kvalitativ 6sszefliggésekrol,
- kilonb6z6 normal tartomanyok,
- ismert, kvantitativ részleges statisztikak,
- statisztikai adatok

- egy centrum adatai (egyetlen minéségbiztositassal),

- t6bb centrumu adatok a szubjektiv
merések,standardizalasaval,

- kulonb6zo protokollal gyujtott adatok.

™Qtal: Integrative Analysis of Data, Literature, and Expert Knowledge,
h.D. diSsagian. K.U.Leuven)
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Data and knowledge fusion

landscape by 2010
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Keret adat- és tudasfuziora:
Bayes-dontes és -tanulas

» Vélekedések és dontési preferenciak

egységes kvantitativ kerete
Thomas Bayes (c. 1702 - 1761)
Bayesi értelmezése a valoszinuségnek
Bayes-szabaly
Bayes-statisztika
Bayes-dontés
Bayesi modellatlagolas
Bayes-halok
Onkalibralo...

p(Modell | Adat) .« p(Adat | Modell) p(Modell)
(G.E.P.Box: ,all models are wrong, but some are useful”)

(o) (o) (o) (o) (o) (o) (o) (o)




Tool for fusion: Bayesian networks

Directed acyclic graph (DAG)
> nodes - random variables/domain entities
- edges - direct probabilistic dependencies
(edges- causal relations

Local models - P(Xi|Pa(X))) P(M)

3. Concise representation of joint
distributions
P(M,0,D,S,T) =

PIM)P(O|M)P(D|O,M)P(S|D)P(T|S,M)

y N

1. Causal model

={lp 1(X1; Y]

raphical representation of
(in)dependencies



Uncertainty

» .A.Einstein: ,God does not play dice..”

» Einstein-Podolski-Rosen paradox / Bell Test
» S. Hawking: ,Does god play dice?”

» The BIG Bell Test (Nov30, 2016)
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https://arxiv.org/ftp/arxiv/papers/1301/1301.1656.pdf
http://www.hawking.org.uk/does-god-play-dice.html
http://bist.eu/100000-people-participated-big-bell-test-unique-worldwide-quantum-physics-experiment/
http://bist.eu/100000-people-participated-big-bell-test-unique-worldwide-quantum-physics-experiment/

Interpretations of probability

» Sources of uncertainty
> inherent uncertainty in the physical process;
> inherent uncertainty at macroscopic level;
> ighorance;
> practical omissions;
» Interpretations of probabilities:
- combinatoric;
- physical propensities;
- frequentist;
> personal/subjectivist;
> instrumentalist;

lim 2 = [im By (A) = p(A)? p(A| &)

N —o0 N N —o0




A chronology

» [1713] Ars Conjectandi (The Art of Conjecture), Jacob Bernoulli
- Subjectivist interpretation of probabilities
» [1718] The Doctrine of Chances, Abraham de Moivre
> the first textbook on probability theory
Forward predictions

,given a specified number of white and black balls in an urn, what is the probability of
drawing a black ball?”

his own death
» [1764, posthumous] Essay Towards Solving a Problem in the Doctrine of Chances, Thomas Bayes

Backward questions: ,given that one or more balls has been drawn, what can be said about the
number of white and black balls in the urn”

» [1812], Théorie analytique des probabilités, Pierre-Simon Laplace
General Bayes rule

» [1933]: A. Kolmogorov: Foundations of the Theory of Probability




Bayes’ rule

vy = PYIXOP(X) . p(Y [ X)p(X)

p(X

p(Y) > p(Y[X)p(X)




Principles for induction

» Epicurus' (3427 B.C. - 270 B.C.) principle of multiple
explanations which states that one should keep a//
hypotheses that are consistent with the data.

» The principle of Occam's razor (1285 - 1349, sometimes
spelt Ockham). Occam's razor states that when inferring
causes entities should not be multiplied beyond necessity.
This is widely understood to mean: Among all hypotheses
consistent with the observations, choose the simplest. In
terms of a prior distribution over hypotheses, this is the same
as giving simpler hypotheses higher a priori probability, and
more complex ones lower probability.




Bayes rule, Bayesianism
George E.P. Box:,,all models are wrong, but some are useful”

» Prediction without model identification?
- Bayesian model averaging

o]

A scientific research paradigm

p(Model | Data) «c p(Data| Model) p(Model)

A practical method for inverting causal knowledge to diagnostic tool.

p(Cause| Effect) oc p(Effect| Cause) x p(Cause)




Frequentist vs Bayesian
prediction

In the frequentist approach: Model identification (selection) is necessary

p( prediction| data) = p( prediction| BestModel(data))

In the Bayesian approach models are weighted

p(prediction|data) = Z p(pred.| Model.) p(Model. | data)

Note: in the Bayesian approach there is no need for model selection




Full Bayesian learning

View learning as Bayesian updating of a probability distribution
over the hypothesis space

[ is the hypothesis variable, values /(. h, ..., prior P(/) jth ob-
servation d; gives the outcome of random variable 7); training data

d=d, ..., dy

Given the data so far, each hypothesis has a posterior probability:
P(h;|d) = aP(d|h;)P(h;)

where /?(d|A;) is called the likelihood

Predictions use a likelihood-weighted average over the hypotheses:
P(X|d) = 2; P(X|d, h;)P(h;|d) = >; P(X|h;))P(h;|d)

No need to pick one best-guess hypothesis!




Bayesian model averaging

View learning as Bayesian updating of a probability distribution
over the hypothesis space

H is the hypothesis variable, values /1. ho. . .., prior P(H)

Jth observation d; gives the outcome of random variable /);
training data d=d;.. ... dy

Given the data so far, each hypothesis has a posterior probability:
P(h;|d) = aP(d|h;)P(h;)
where P’(d|/;) is called the likelihood

Predictions use a likelihood-weighted average over the hypotheses:

P(X|d) =Y, P(X

d, :IL)PUEJCU — Eg PL‘Y“IFJP”EJED

No need to pick one best-guess hypothesis!

ficial intelligence, ch.20



Bayesian Model Averaging example

Suppose there are five kinds of bags of candies:
10% are /iy 100% cherry candies
20% are ho: 75% cherry candies + 25% lime candies
40% are hs: 50% cherry candies + 50% lime candies
20% are hy: 25% cherry candies + 75% lime candies
10% are hs: 100% lime candies

LY ET

Then we observe candies drawn from some bag: ® @ oo 000000

What kind of bag is it? What flavour will the next candy be?

Russel&Norvig: Artificial intelligence




Learning rate for models
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Learning rate for model predictions
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Two main challenges in fusion

» Informative priors
- Non-degenerative (do not exclude good models)
> Transformation invariance (Jeffrey’s prior)
- Transparent (interpretable, provable)
- Complexity regularization as well
- [Conjugate (hyperparameters, closed for learning)]

» Bayesian model averaging

Al 2/6/2018

48



neuralis halézatok II.

Informalt

A
Missclassification rate
0.35— -
Multilayer perceptron with a non-informative prior
Bayesian network with an non-informatice prior
0.3— -
Bayesian network with an informative prior
Multilayer perceptron with an informative prior
4+
0.25— -
02— -
*
*
0.15— * —

Real tra|n|gset ratio from 300 cases >

P. AntafG. Fannes D Tlmmermarp4Y Mocreau Bs De Maoor: Baye5|arpAppI|cat|ons of
Bellef Networks and Multilayer Perceptrons for Ovarian Tumor Classification with
lgence in Medicine, vol. 29, pp 39-60, 2003
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Summary

» Factors behind the Al/machine learning ,hype”
- Data, knowledge, computation

» Complex models in fusion

> Functions, probability distributions, causal models, decision
models

» Complex process of fusion
- Study design, data engineering, ...

» A coherent framework for fusion
> Bayesian decision theory, Bayesian learning




