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Multimedia Data

A Text
o0 Asciidocuments
o HTML documents
o Databases (Structured documents)
o Annotations

A Images Size and
o JPG, PNG, BMP, TIFF, etc. Comp|ex|ty of

A Audio

0 MP3, WAV files processing the
A Video data increases as
0 Sequence of frames we go from top to
bottom
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Temporal Data

A Time Series data generated by a dynamic
system
o! dzaSNX&a Dt { f 2 Ol tphoRey &
0 Loop Sensors counting cars on a freeway

0 Load monitoring devices capturing power
consumed in a household

0 Video as a seguence of frames
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Relational Data

A Data resides in multiple tables

Name Job Company Party Name Course
adams researcher scuf no adams erm
_ _ d 5 Company Type

blake - president vt yes acats 50 jvt commercial
king manager pharmadm no a}jall?s SIW scuf university
miller manager jvt yes axe 8o pharmadm university
scott researcher scuf yes blake erm

turner researcher pharmadm no king  cso

king erm

Course Length Type

CSO 2  introductory
erm 3  introductory
502 4 introductory Example Borrowed from Luc De 2AAAO
STW 3 advanced OAGOAT T Eh O, 1T CEAAI A

AAOT ET Co
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Machine Learning

A Study of systems that improve their
performance over time with experience

A Experience= Datfor examples or observations
or evidence)

A Learning = Seardbr patterns, regularities or
rules that provide insights into the data
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What we will cover?

A Probabilistic Machine Learning

o Build a model that describes the distribution that
generated the data

0 Representation, Inference arigearning

A Dynamic Probabilistic Networks
o Temporal Data

A Markov Logic Networks
0 Relational Data
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Probabilistic Graphical Models

Adt Dada KI @S NBG2f dziA2Yy
f SINYyAY3T 20SNI UgEBec f | 3
Horvitz, Director, Microsoft Research

A Basic IdeaCompactly represent a joint
probability distribution over a large number of
variables by taking advantage of conditional
Independence.

o Graph describes the conditional independence
assumptions
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P(Xi,.... Xn) = HP(X,-|X1,...,X,'_1) = HP(X:'|P8(X;'))
=1

Bayesian networks

A Directed or Causal Networks

n

i=1

Product of
several poly -
sized conditional
probability
tables

e Each table is

A @A
true .6
A B |®B|A false | .4
N A C_| O
true  true .8
false true 75 true  false | 2
false false | .25 false  true 1
false false | .9
(B)
B C D Opisc C E |©
true  true  true .95 Slippery Road? true  true v
true true false | .05 (E) true false | .3
true false true 9 false true | 0
true false false | .1 false false | 1
false true  true .8
false true false | .2
false false true | 0
false false false | 1
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Bayesian networks

31 vs 17 entries
Exponential vs Poly entries

A B Opja

| true  true | .2 |

true false | .8

false true 75

false false | .25

Sprinkler?

B C D
true  true  true .95
ltrue  true false | .05 |
true false true 9
true false false | .1
false true true | .8
false true false | .2
false false true | 0
false false false | 1
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A ®
true .6

false | .4

Wet Grass?
(D)

Slippery Road?

(E)

A C ®C|A
true  true .8
true false | .2
false true 1
false false | .9

C E ®E|C
true  true 7

| true false | .3
false true 0
false false | 1
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Joint distribution

A B C D E Pr(.)
true  true true true true .06384
true true true true false | .02736
true  true  true  false true .00336
true true true false false | .00144
true true false true true | 0

true true false true false | .02160
true true false false true 0

true true false false false | .00240
true false true true true 21504
true false true true false | .09216

EEERERNR R

tru

false

tru

.05376
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Markov networks

YW P(X:(Xh---axn)):%ﬁ@i(XVars(qS(i)))
@2 l AZ} 623 62) Al 1 A, Weight —
(oo — ()& T
booo s
A Functions defined over cliques
052y QU KIFDBS | LINRPOIF OAT A:

A Distribution = normalized product of functions
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Inear models

APG set of weighted formulas (features) ir
propositional logic

A Alternative Representation of a PGM

A Distribution
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