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One of the key open questions of artificial intelligence xw
concerns

"probabilistic logic learning"”,

l.e. the Integration of
probabilistic reasoning
with

first order logic

representations and
machine learning.

*In the US, sometimes called Statistical Relational Learning 0
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1. Motivation / Introduction _.4

2. Inductive Logic Programming (ILP)
. Logic
. Learning setting, cover relation

. Learning from entailment, interpretations, and
traces/proofs

3. Probabilistic ILP
. Learning setting, probabilistic cover relation

4.  Probabillistic Learning from
. Interpretations, entailment, and traces/proofs

5. Discriminative ILP
6. Conclusions
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Recommendation Systems |/ ...

publisher

[illustration inspired by Lise Getoor]

(TN J T ey, = R S atapie.
._ .& Ll A r ﬂ F
Ining / Linked _w_U__ooqm_u:_o Data /
ik
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Structure Activity Relationship
& Prediction *

Ghostview, version 1.5 - mutagen.eps i x.kw
AcClive

Q CH ME-EH.H-H._H_AH.H 3

0

riteo fuea 2o ne dnitopenta[cdlpyrne

Structural alert:

[nactive Q\ ¥z

%\ 7
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Porto, Portugal, Oct. 7th, 2005 «.¢y.,

d-piteoindole

f-nitw -7.5,9,10-t trabyed rob enzofa Jpy rene

-~ 16th ECML, 9th PKDD,



o1 A rli} F...M:..m“xmm Yda rﬂkﬁ» Ualeh Vit . Can (- ..»Eh.wruwj
iy i e o N IR Rt .
I - ¥ i . .
I i
g I Scientific Applications |
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 Discovering 4

—New knowledge (readily interpretable)

—With general purpose relational
learning or inductive logic
programming sytems

—Published in journals of the scientific
application domain

—Use of domain knowledge
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molecule(m,) 3

atom(m,,a,,,C) ;

atom(m,,a,,,Nn) 8
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charge(m,,a,,,0.82) m
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- &: ... other Real World Applications |,

.c__.u.:__— g™

Protein Secondary Structure ,ﬁm,on_m_ Zmﬁéozmm .

Y 4

Data Cleaning

=] =

-‘*} s

Not flat but structured domains retation
Variable #objects and relations N,

Dealing with noisy data, missing
data and hidden variables

Knowledge Acquisition Bottleneck,
Data cheap

WIL2IZN

Ca130a!
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Real World Applications

*sometimes called statistical relational learning (SRL)

e

Statistical Learning (SL)

Probabilistic Logics

- no learning: too expensive
to handcraft models

Uncertainty

- attribute-value representations:

some learning problems cannot
(elegantly) be described using

‘ attribute value representations
+ soft reasoning, learning

+ soft reasoning, mx_oammi‘

Structured
Domains

Machine
Learning

Inductive Logic Programming (ILP)
Multi-Relational Data Mining (MRDM)

- Crisp reasoning: some learning problems + expressivity, learning
cannot (elegantly) be described without
explicit handling of uncertainty
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& The Tutorial’s Approach is ... |;
e Start from them with |

— Learning from entailment
— Learning from interpretations
— Learning from traces or proofs

 Hence, probabillistic ILP
* Provide insight in some logical issues

 Focus on learning ... but also relevant to KR
— Probabillities on facts, interpretations, proofs
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[names in alphabetical order] i .ﬁw

90 ‘93 94 95 96 97 "99 00 02 03 Present Future

..l)any more ...
Logical Bayesian Networks:
y | 8| |—. DlaAlia~al Do :))\JQ—Jm.

— a "lingua franca” for PLL/SRL
0" —afull overview of the literature, see
Bacchus, De Raedt and Kersting, SIGKDD

Charniak, .

Glesner, mXb\O\mTO:m Qw - \Dhﬂl Qk

Goldman, _ . _ _ _

Koller I || Markov Logic: Domingos,
onen SLPs: Cussens,Muggleton Richardson

Poole, Wellm=»r

Prob. CLP: Eisele, Riezler L CLP(BN): Cussens,Page,

Qazi,Santos Costa

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =y, ,



Uoed yai - S ' e TR
E - e st v e Ciax e (1 ° —
AR i ¢ a , ®

-

Outline

Inductive Logic Programming (ILP)
Logic
Learning setting, cover relation

Learning from entailment, interpretations, and
traces/proofs
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L ! Propositional Logic
head normal :-- U_mowmmwa.
Program Clause lies - bird, normal.
bird - ostrich.
bird - blackbird.
. body

Clauses: IF bird and normal

are true THEN Fli1es is true

Herbrand Base (HB) = all atoms in the program

blackbird, normal, flies, ostrich, bird

-
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Model Theoretic Semantics
@ - Restrictions on Possible Worlds - ¢
 Herbrand Interpretation 4

— Truth assignments to all elements of HB

* An Interpretation is a model of a clause C

< If the body of C holds then the head holds, too.
blackbird.

normal :- blackbird.
flies :- bird, normal.

bird :- ostrich.
bird :- blackbird.

{blackbird,normal ,bird,flies}
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{ )} Upgrading - continued | .

Full Claus : Substitution: Maps variables to terms: {M / ann}: d \w

Functors ag mc (P,a) :- mother (ann,P),pc(ann,a),mc(ann,a).

Relational Clatieal Herbrand base: set of ground atoms (no variables):

Constants and variables refer cts {mc (fred, fred) ,mc (rex, fred), ..}

Propositional Clausal Logic
Expressions can be true or false

constant
head k body

/ nat(0). ﬁ

clause nat( (X)) - nat(X).

\ \ \ Interpretations can be infinite !

functor variable nat(0),nat(succ(0)),

term atom nat(succ(succ(0))), ...

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 <.,
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We shall start from logic + learning
— Inductive logic programming and relational learning

Methodological practice in ILP

— Many ILP systems obtained by upgrading propositional
or attribute-value learning systems

— Is the methodology also applicable to Probabilistic ILP ?

Inductive logic programming has studied

— Do they also apply to Probabilistic ILP ?
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Given
— a set of positive and negative examples (Pos, Neq)
— a background theory B

~
4

- Concept-learning in a

logical/relational representation

— A hypothesis h over Lh that covers all positive Pos and
no negative Neg examples taking B into account
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 Entailment
—Covers(H,e) iff H |= e

e Interpretations
— Covers(H,e) iff e is a model for H

e Proofs
— Covers(H,e) Iff e Is a proof for H

- '
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« Examples are facts (or clauses) L

 An example e is covered by a hypothesis h
fandonlyifBUh|=e
Applications

Ghostview, version 1.5 - mutagen.eps

AcClive
mutagen eps
e W

asan),

nitw fiea zone 4nitopenta[cdpyene

Structural alert:

[nactive @ vz

4

o0

NH

0" o

fi-nitw-7.8.9, 10-1¢ trabgrd robe nzofa ] pyree ne
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Background theory

molecule(225).

logmutag(225,0.64).
lumo(225,-1.785).

logp(225,1.01) .
nitro(225,[f1_4,f1_8,f1_10,f1_9]1).

bond (225,f1_1,f1_2,7).
bond (225,f1_2,f1_3,7).
bond (225,f1_3,f1_4,7).
bond (225,f1_4,f1 5,7).
bond (225,f1_5,f1_1,7).

atom(?” \/ _. ﬁ. £1_9,2).
atom _U—U Icalions 10,2).
aton = Ghostview, version 1.5 - mutagen.eps H ”_. , H v .
mutagen.eps Aclive
aton Wed Dec 101854:16 _12,2)
aton 15110 @) | 13,1)
a ou~,_~ e
ring (Magtep)
H”_. m .ﬁ m E piueitrzan 4nitopenta[cdpyene .
E Structural alert:
h ypa Inactive @ .
4
mut o0
WH
mxmg —f 6-nitw -7.8 9, 10-t¢ teatyrd xobenzofapyrens d-nittoindole
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Example ILP Algorithm: FOIL
R 4 (Quinlan 1990)

o Greedy separate-and-conguer search for clause set
o Greedy general-to-specific search for single clause

.- atom(X,A,C) w
Coverage = 0.65 .- atom(X,A,n),bond(A,B) y

Coverage = 0.6
i .- atom(X,A,n)

Coverage = 0.7

.- atom(X,A,n),charge(A,0.82) y

Coverage = 0.75
- atom(X,A,f) Q

Coverage = 0.6

"
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Example ILP 2@0:53 FOIL
o (Quinlan 1990)

o Greedy separate-and-conguer search for clause set hw
o Greedy general-to-specific search for single clause
&
.- atom(X,A,C) w
Coverage = 0.65 .- atom(X,A,n),bond(A,B) Q

Coverage = 0.6

E - atom(X,A,n)

Coverage = 0.7

.- atom(X,A,n),charge(A,0.82) Q

Coverage = 0.75
- atom(X,A,f) y

Coverage = 0.6

16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =«
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Example ILP 2@0:53 _uO_ L
B! \fﬁ,ﬁ,.... g .ﬁ.m
D (Quinlan 1990) '+
o Greedy separate-and-conguer search for clause set A
o Greedy general-to-specific search for single clause
.- atom(X,A,C) ] i .- atom(X,A,c),bond(A,B) Q v
Coverage = 0.7 Coverage = 0.8 S
. 5
- atom(X,A,n) y - atom(X,A,c),charge(A,0.82) g o
E Coverage = 0.6 Coverage = 0.6 m
- atom(X,A,f) Q m
Coverage = 0.6 m
=
0
EBEm@m:_ooo .- atom(X,A,n),charge(A,0.82) w £
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Example ILP Algorithm: FOIL
= @ ...un\fyu . .ﬁ.m
- (Quinlan 1990) '+
o Greedy separate-and-conguer search for clause set A
o Greedy general-to-specific search for single clause
.- atom(X,A,C) vh .- atom(X,A,c),bond(A,B) w ¥
Coverage = 0.7 Coverage = 0.8 S
. 5
- atom(X,A,n) w - atom(X,A,c),charge(A,0.82) w =
E Coverage = 0.6 Coverage = 0.6 m
- atom(X,A,f) Q m
Coverage = 0.6 m
EBEm@m:_ooo - mSBAx_?ov__uo:Q?:_wL M
O
L]
ﬁ:_cﬁm@m:_ooo .- atom(X,A,n),charge(A,0.82) w £




HHHHMMHHHHMHHHHA Quinlan 1990

o Greedy separate-and-conguer search for clause set
o Greedy general-to-specific search for single clause
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{ ¥ ILP Principles | .
e Searching the space of hypotheses »
. . . !
— Using ordering such as theta-subsumption
— Using refinement operators o

« Limitations of traditional machine learning

— Dealing with structured data instead of feature vector,
attribute value, boolean, propositional etc. representations

— Employing background knowledge
— Interpretability of results

e Application areas
— Chemo- and bio-informatics, e.g. predictive toxicology

— Language learning and information retrieval
— Ecological applications

7
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{ Learning from Interpretations | .
« Examples are (Herbrand) interpretations, '«

l.e., sets of ground facts

 An example e is covered by a hypothesis h
If and only If the example i1s a model for the
hypothesis h

 Well known examples

— Logan-H (Khardon), Claudien (De Raedt and Dehaspe),
Warmr (Dehaspe),

- 16th E_CML, 9th PKDD, Porto, Portugal, Oct. 7th, 2005 «.¢y.,
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« Examples .
— Postive: { human(luc), human(lieve), male(luc), female(lieve)} 4
— Negative: { bat(dracula), male(dracula), vampire(dracula)}

e Discriminative Hypothesis
— Learning from positives and negatives (possibles / impossibles)

— human(X) :- male(X)

* Interpretation | is a model for clause h :- b1, ..., bn iff
for all 8 such that {b16,...,bn6}CI, we have that ho in |

 Consider {X=dracula} for negative

- 16th E!CML, 9th PKDD, Porto, Porfugal, Oct. 7th , 2005 «.vy.,
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« Examples
— Postive: { human(luc), human(lieve), male(luc), female(lieve)}

e Characteristic Hypothesis
— Learning from positives (possibles) only
— human(X) :- female(X)

-§)-\l\</ [} -\l\l)-)\/\/

Applications

Finding integrity constraints /

frequent patterns in relational database

- 16th ElCML, 9th PKDD, Porto, Porfugal, Oct. 7th , 2005 «.vy.,
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 Examples are proof trees

 An example e is covered by a hypothesis
hif and only If e Is a legal proof tree In h

Applications
W _ Tree bank grammar learning

— Program synthesis
e Shapiro’s MIS poses queries in order
to reconstruct trace or proof

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =y, ,
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{ ) An example

sentence(A, B) :- noun_phrase(C, A, D), verb_phrase(C, D, B).
noun_phrase(A, B, C) :- article(A, B, D), noun(A, D, C).
verb_phrase(A, B, C) :- intransitive_verb(A, B, C).
article(singular, A, B) :- terminal(A, a, B).
article(singular, A, B) :- terminal(A, the, B).
article(plural, A, B) :— terminal (A, the, B).
noun(singular, A, B) :- terminal(A, turtle, B).
noun(plural, A, B) :— terminal (A, turtles, B).
- - - n
Applications
— Tree bank grammar learning
— Program synthesis

e Shapiro’s MIS poses queries in order

a(pl,
to reconstruct trace or _u—.OO_"
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& Use of different Settings ;

Different settings
provide different
levels of information
about target program

(cf. De Raedt, AlJ 97) A

Information
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Inductive Logic Programming (ILP)
Logic
Learning setting, cover relation

Learning from entailment, interpretations, and
traces/proofs

Probabilistic ILP
Learning setting, probabilistic cover relation

Probabillistic Learning from
Interpretations, entailment, and traces/proofs

Discriminative ILP
Conclusions
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 Clauses annotated with probabllity labels
— E.g. In Sato’s Prism, Eisele and Muggleton’s SLPs, Kersting

and De Raedt's BLPs, ...
 Prob. covers relation covers(e,H U B) = P(e | H,B)

— Probability of example given background and hypothesis

— Probability distribution P over the different values e can
take; so far only (true,false)

- Impossible examples have probability O

 Knowledge representation issue

- Define probability distribution on examples / individuals
- What are these examples / individuals?

- 16th ﬁ_CML, 9th PKDD, Porto, Portugal, Oct. 7th, 2005 «.¢y.,
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ety ._._G-.ray.vp. : : : : : : : : : : : : : : : : : : : :

Given 4

—a set of examples E

— a background theory B

—a language Le to represent examples

—a language Lh to represent hypotheses

—a probabilistic covers P relation on Le x LLh
Find

— hypothesis h* maximizing some score based

on the probabilistic covers relation
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e Defining Lh and P
— Clauses + Probability Labels

e Learning Methods
— Parameter Estimation
» Learning probabillity labels for fixed clauses
— Structure learning
e Learning both components
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« Generative Learning
— Estimate joint probability distribution
— E.g., likelihood + iid
* = arg max,, P(e|h,B)
= arg max,, [ |, P(e;|h,B)

Example space

e Discriminative Learning

— Estimate conditional prob. distribution over
some predicates given evidence for the others

T L

=7
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e Generative Learning
— Estimate joint probability o__m:__ocz_o:
_E.g., likelihood

h* = arg max_h P(e|h,B)

e Discriminative Learning

— Estimate conditional prob. distribution over
some predicates given evidence for the others
E.g., conditional likelihood

c* = arg max_c P(e]c,h\c,B)
= arg max. [ ]i P(ej|c,h\c,B)

2\

iugal, Oct. 7th , 2005 =«
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* Probabillistic learning from entaillment

— Eichele and Muggleton’s Stochastic Logic
Programs, Sato’s Prism, Poole’s ICL

* Probabillistic learning from proofs

— Learning the structure of SLPs; a tree-bank
grammar based approach, Logical HMMSs,
Anderson’s RMMs

e Probabillistic learning from interpretations

— Bayesian logic programs, Koller's PRMs,
Domingos’ MLNs, Vennekens’ LPADs, Taskar’s
RMNs
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2. Inductive Logic Programming (ILP)
. Logic
. Learning setting, cover relation

. Learning from entailment, interpretations, and
traces/proofs

3. Probabilistic ILP

e T
gal, Oct. 7th ;2005 < ¢y,

T a

. Learning setting, probabilistic cover relation Wﬂ
4.  Probabilistic Learning from m“
. Interpretations, «niolment anc aces/prools B2
5. Discriminative ILP m.

6. Conclusions
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Lk fﬂ Blood Type / Genetics/ Breeding
>.e_‘5__< .._ﬁ_.ﬁ,.ve

1
08
08
04
02

X,

AA AA Aa Aa aa

AA aa aa
Prior for founders _ JI
0,6 £ O
0.4 mAA yalln

B Aa

0,2 Daa

0

Q
Q
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“wace™ illustration inspired by Kevin Mirphy]
Compact representation of joint probability distributions

{ ) Bayesian Networks [Pearl]

P(E,B,A,M,J)
E B|P(A|B,E)
Qualitative part: - e blog o1
Directed acyclic graph e blo2 os
« Nodes - random vars. e bloo o1
e Edges - direct influence e b lo.0o1 099

é JohnCalls

Quantitative part:

Together: Set of conditional probability

Define a unique distribution distributions

In a compact, factored form
P(E,B,A,M,J)=P(E) * P(B) * P(A|JE,B) * P(M|A) * P(J|A)
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T

P(AIBE) | .
Earthquake ,.

09 0.1 :

0.2 0.8

09 0.1

0.01 0.99

e

JohnCalls

PG) = P(la) * P(m|a) * P(ale,b) * P(e) * P(b)
+ P(jla) * P(m|a) * P(ale,b) * P(e) * P(b)

v

+ P(j|a) * P(mla) * P(ale,b) * P(e) * P(b)

-
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- - Bayesian nets: Parameter Estimation |;
:.s.a._;.. .,._a_fa.%

complete data set

simply counting
Al | A2 | A3 | A4 | A5 | A6
true | true |false | true |false|false x1
false | true | true | true |false |false X2
true |false |false |false | true | true XM

o,
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- ;. Bayesian nets: Parameter Estimation |;
~ = Incomplete data set »
= [ Real-world data: states of some “
m © random variables are missing ;
— E.g. medical n,
Al | A2 | AS| A4 | A | A6 diagnose: not all g
patient are subjects | ¢
to all test =
true | true | 2 | true |false | false 18
— Parameter reduction, | _
e.g. clustering, ... |2
? | true | 7 ? |false| false g
5
2
true |false| 2 |false| true o =
missing value =
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Expectation-Maximization (EM): Idea

* In the case of complete data, ML
parameter estimation Is easy:

— simply counting (1 iteration)

Incomplete data ?
1. Complete data (Imputation)
 most probable?, average?, ... value
2. Count
3. lterate

.

o,
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{ ) ~ EM Idea: Complete the data |
: iIncomplete data xw
A B
true true

\ mu?w = NE\RTA = :\:mv =0.6

complete _tue | ?
false | true
true | false

L\ mqu = :\:.WTA = \&wmv =0.2

false ?

complete data expected counts

<

AN N ) count + it
true true 1.6
true | false | 1.4 H .@
_n o ., = =0.54
alse | true | 1.2 B=truelA=true 1 6 41 .4
false | false | 0.8 H . N

mmwnmﬁm_mn\&wm = H.N +O% — O.@

P )
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,@ f Blood Type / Genetics/ Breeding | .
e 2 Alleles: A and a
* Probability of Genotypes AA, Aa, aa ?

| | u
I
I

>

]
b
>
&
4

08
06
04
02

AA AA Aa Aa aa
AA aa aa
Prior for founders _ JI T
0.6 aln
0,4 BAA aall L]
0.2 B Aa
’ O aa
0 (aa )

CEPH Family 1333
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« Entity-Relationship
Models

— Attributes = RVs

Database >

Earthquake

MaryCalls

- [Getoor, Koller, Pleffer]

E B|PA]|B,E)
e blo9g 01
e blo2 08
e bl09 01
e b loo1 0.99

JohnCalls

7

Table

alarm system

Attribute

-

.

r
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(Father), €= Binary Relation

—
=
=Q

o=t
Ly
"D

=

Person

Person

Table

Person

v
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(Father)

Person

Probabilistic Relational Models (PRMs)

- [Getoor Koller, Pfeffer]

(Mother) 30ﬁ:m1ﬁZOH:m1.ﬂm«moswh.:.:.

Person

bt(Person,BT).
pc(Person,PC).

mc(Person,MC).

Person

Dependencies (CPDs associated with):

bt(Person,BT) :- pc(Person,

pc(Person,PC) :- pc_father(Father,

View :
pc_father(Person,

) |

father(Father,Person),pc(Father,

), mc(Person,C).

)., mc_Ffather(Father,!/CT).

).
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father(rex, fred). mother(ann, fred). .
father(brian,doro). mother(utta, doro). aﬁ%
father(fred, henry). mother(doro,henry).

pc_father(Person,FCl) | Tfather(Father,Person),pc(Father, C).
mc(Person,MC) | pc_mother(Person,~Cm1), pc_mother(Person,Cm).
pc(Person,PC) | pc_father(Person,~Ct), mc_father(Person,CT).
bt(Person,BT) | pc(Person,FC), mc(Person,lC).

N -
RV State

o

~

, Oct. 7th , 2005

[Rtmh

ugal

mc(ann) pc(ann) mc(rex) pc(rex) mc(utta) pc(utta) mc(brian) pc(brian)

mc(fred) pc(fred) mc(doro) pc(doro)

bt(rex) bt(utta) bt(brian)

, 9th PKDD, Porto, Por}

pc(henry) mc(henry)

bt(fred) bt(doro)

51@E§pM£

bt(henry)
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& [segaetan Gene Regulation ;
System Biology &

Gene expression: two-phase process
1. Gene is transcribed into MRNA Weasuree oo
2. mMRNA is translated Protein

Genes that are similar expressed are often
coregulated and involved in the same
cellular processes

Clustering: identification of clusters of
genes and/or experiments that share
similar expression patterns

.o}*
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e System Biology: heterogenous data

 Limitations of Clustering:
— Similarities over all measurements

— Difficult to incorporate readily
background knowledge such as clinical
data or experimental details
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PRM Application: Gene Regulation

[Segal et al., simplified representation]
Gene Cluster Array Cluster

i
s

A

GeneCluster/1 ArrayPhase/1

Gene Features, such as
function, localization, ... ArrayCluster/1

AminoAcid o
GCN4/1 Metabolism/1 Lipid/1 inArray/2

Relational context

Cytoplasm/1

ofGene/2

Relational context

- 16th ElCML, 9th PKDD, Porto, Porfugal, Oct. 7th , 2005 «.vy.,



N L )
.l.ﬂ. - ]

P
r .

Synthatic data: 1000 genes, 90 arrays (= 90.000
measurements), each gene 15 functions and 30

transcription factors.

Cluster recovery

Naive Bayes PRMs
Simulated data 90.8+0.42 98.4+£1.07
Noisy simluated data 76.7x1.42 88.1+1.52
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o User cqmdﬂmqm:om qm_mﬁ_o:m:_cm for _oBQch
/ Information.

« Traditionally: single dyactic relationship
between the objects.

A

classPers1 classPers2 GEEN classPersN classProd1 classProd2 YEEN classProdM
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PRM Application:

3 T s i i L
5, (A

Collaborative Filtering

[Getoor, Sahami; simplified representation]

A\

Relational Naive Bayes

i

topicPage/1

reputationCompany/1

L "

classProd/1 |

visits/2 classPers/1 manufactures

subscribes/2

topicPeriodical/1 incomePers/1 colorProd/1 costProd/1

v
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- @; Probabilistic Relational Models (PRMs) | .
[Koller, Pfeffer, Getoor]
Database View ﬁw

Unique Probability Distribution over finite
Herbrand interpretations

— No self-dependency
Discrete and continuous RV
BN used to do inference
Graphical Representation

BNs + extenstions: hierarchical PRMS, dynamic
PRMSs, relational uncertainty types
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E B|P(A|B,E) kw
Earthquake
e bloo o1
e blo2 08
e blo9 01
Rule Graph

earthquake/0 burglary/0

earthquake burglary P(A | B.E)

alarm/0 09 0.1

0.2 0.8
1l 09 0.1

maryCalls/0 johnCalis/0 0.01 0.99

alarm -- earthquake, burglary.

T
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father ;
)

mc(Person) | mother(Vother,Person)

pc(Person) | father(Father

Person)

bt(Person) | pc(Person),mc(Person)

pc(Mother)
pc(Father)

mc(Vother).
mc(Father).

fg.

“ =
s

A\

S

~
-

005

ugal, Oct. 7th i

4
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father(rex, fred). mother(ann, fred).
father(brian,doro). mother(utta, doro).
father(fred, henry). mother(doro,henry).

- i‘

mc(Person) | mother(Vother,Person), pc(VMother),mc(Mother).
pc(Person) | father(Father,Person), pc(Father),mc(Father).

o

~

, Oct. 7th , 2005

bt(Person) | pc(Person),mc(Person).

. ®

- O
mc(ann) pc(ann) mc(rex) pc(rex) mc(utta) pc(utta) mc(brian) pc(brian) Em:
o

g

mc(fred) pc(fred) mc(doro) pc(doro) o
a

bt(rex) bt(utta) bt(brian) =

o

&

pc(henry) mc(henry) T

bt(fred) bt(doro) w
g

- 16th

bt(henry)



P(bt (ann)) ?

—

ugal, Oct. 7th, _-20,()5":%,{,,

(as- vl

Lo

mc(ann) pc(ann) mc(utta) pc(utta) mc(brian) pc(brian)

mc(fred) mc(doro) pc(doro)

bt(rex) bt(utta) bt(brian)

mc(henry)

pc(henry)
bt(fred) bt(doro)

bt(henry)
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Bayes' rule d .»M

P(bt (ann)| bt (fred)) =
P(bt (ann), bt (fred)) .

P(bt (ann), bt (fred))? P(bt (fred)) i

2005 =

[t

Lo

ugal, Oct. 7th

mc(ann) pc(ann) mc(utta) pc(utta) mc(brian) pc(brian)

mc(fred) mc(doro) pc(doro)

bt(rex) bt(utta) bt(brian)

mc(henry)

pc(henry)
bt(fred) bt(doro)

bt(henry)
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Book discusses

discusses/2 read/1
— \ prepared

®
read
‘|

prepared(Student,Topic) | read(Student,Book),
discusses(Book,Topic).

prepared/2
-v\\\\_ooa
prepared

passes
passes/1

prepared

A—

passes(Student) | prepared(Student,bn),
prepared(Student, logic).

—

2005 =

[t

Lo

ugal, Oct. 7th

Por}

[
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discusses(b2,bn) ®
discusses(b1,bn) 3:mmmm V

prepared

A g

prepared( ,bn) prepared(=~,bn)

e variable # of parents for prepared/2
due to read/2

— whether a student prepared a topic depends
on the books she read

 CPD only for one book-topic pair

CML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =
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o
Book discusses V

prepared

= Any algorithm which
= has an empty output if and only if the input is empty
= combines a set of CPDs into a single (combined) CPD

= E.g. noisy-or, regression,

T
o B i

ugal, Oct. 7th, 2005 «.vy.,
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< . Aggregates

Map multisets of values to
: summary values (e.g., sum,
registration_gradel2 average, max, cardinality)

registered/2

A\

student_ranking/1
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Map multisets of values to
: summary values (e.g., sum,
average, max, cardinality)

registered/2

registration_grade grade_avg

grade_avg

student_ranking/1

student_ranking

2\

ugal, Oct. 7th, 2005 = vy,
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{ )} Bayesian Logic Programs (BLPs) .

Mty v Bev

e Unique probability distribution over Herbrand
Interpretations

— Finite branching factor, finite proofs, no self-
dependency

 Highlight

o,

e Graphical Representation

e Discrete and continuous RV

« BNs, DBNs, HMMs, SCFGs, Prolog ...
e Subsume PRMs

e Learning
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Database

Person

e Parameter Estimation
—Numerical Optimization Problem

e Model Selection
— Combinatorical Search
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- What is the data about? | .

RVs + States = (partial) Herbrand interpretation
Probabilistic learning from interpretations

Background

Family(2)

m(ann,dorothy), bt(cecily)=ab

f(brian,dorothy), pc(henry)=a

Family(1) m(cecily,fred),
. mc(fred)="2,
pc(brian)=b, f(henry,fred), .
bt(kim)=a,
bt(ann)=a, f(fred,bob), o
. Family(3) pc(bob)=b
bt(brian)=", m(kim,bob),
pc(rex)=b, :
bt(dorothy)=a
bt(doro)=a,
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Model(1)
pc(brian)=b,
bt(ann)=a. .
bit( Model(2) i ”“a&‘ ‘
d),
. bt(cecily)=ab,
i s b), ‘ ‘ .

bt(henry)=a,

m(ann,dorothy), &

Backgroun 1
ckground " \w
f(brian,dorothy),

bt(fred)=?, Model(3) P

bt(kim)=a,  pc(rex)=b, ‘
bt(bob)=b  bt(doro)=a,

bt(brian)=?

. Father ‘ ‘
Mother ‘
= m ”' = ” ‘
Person
| ]

Person

l ‘ ‘
I
Person . ‘

T e

Parameter tying
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Logic Program L

ggggg

sy Lt AT Yodo Vs Upd  yai -~ s (0 TR,
.-_t;au.mw _.uh...q..}._n* 4.\.r N T .th.ari.ﬂ..d H q&..ﬁn..“n:.-. ...._.: : J,. S ﬂ\ p.: ..f = i
e N $15 31 ¢ - L .
#
Expectation Maximization

EM-algorithm:
iterate until convergence

uuuuuu

Expectation

aaaaaa

Inference

(M,0K)

=

Ground Instance DataCase

Background
Model(1) m(ann,dorothy),
”o?_mauu_ f(brian,dorothy),
oMoty 1%
bt b(cecily)=ab, E
bt(henry)=a, J,oS..
bt(fred)=?, Model(3)
bt(kim)=a,  pc(rex)=b,
bt(bob)=b  bt(doro)=a,

bt(brian)=7

Expected counts of a clause

Gl DC
> =S P(head(Gl), body(Gl) | DC )
Ground Instance DataCase . . .
G DC Maximization
M M P( body(Gl) | DC ) Update parameters
Ground Instance DataCase A_/\__l_ _<_>_Uv

Gl DC

|

M P( head(Gl), body(Gl) | DC )
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Model Selection

Combination of ILP and BN learning
Combinatorical search for hypo M* s.t.

M* logically covers the data D

M* Is optimal w.r.t. some scoring function
score, I.e., M* = argmax,, score(M,D).

Again, the prob. ILP approach highlights

Refinement operators
Background knowledge
Language bias

Search bias
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Example .
%, 3 G

.e__.a.____.. .aa-rﬁi

4

Original program

mc(X) | m(M,X), mc(M), pc(M).
pc(X) | F(F,X), mc(F), pc(F).
bt(X) | mc(X), pc(X).

Initial hypothesis
mc(X) | m(M,X).

pc(X) | F(F.X).
bt(X) | mc(X).-

12005 vy,

M |

: N
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Example | .
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A

Original program

mc(X) | m(M,X), mc(M), pc(M).
pc(X) | F(F,X), mc(F), pc(F).
bt(X) | mc(X), pc(X).

Initial hypothesis
mc(X) | m(M,X).

pc(X) | F(F.X).
bt(X) | mc(X).-

12005 vy,

M |

; : A
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2 hr..\u_u.... .\.__.\mh. »—Ir&ﬁ&.ﬂ— r\ p f h_. ) A,... A ‘ : . Lo _..._!. ..hw...wqﬁ."rhmr]
k . . <A, T
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- - i) ‘ : ®
e —__;.__:.0 "
S .
$ A
{ ) Example |
“ \wru -1
2 & £k

.e__.n..:_ v 5 o

Original program

mc(X) | mM,X), mc(M), pc(M). KO
UOAXV — .—nA_H , Xv , BOA_HV , UOA_HV _ ....... ........................................................ 7.
bt(X) | mc(X), pc(X). : T

12005 vy,

Initial hypothesis
mc(X) | m(M,X).

pc(X) | F(F.X).
bt(X) | mc(X).-

e

Reflnement

mc(X) | m(M,X).

pc(X) | F(F.X).

bt(X) | mc(X), pc(X).

M |

: -8 g
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:

Original program
mc(X) | m(M,X), mc(M), pc(M).

bt(X) | mc(X), pc(X).

Initial hypothesis

mcCO) | mM,X). K
200 | FF0. | LoD

bt(X) | mc(X).-

e

Reflnement

mc(X) | m(M,X).

pc(X) | F(F.X).

bt(X) | mc(X), pc(X).

UOAXV — .—nA_H u Xv u BOA_HV u UOA_HV - ........... B a

12005 vy,

-8 g
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{ ¥ Example .
.. P
Original program *
BOAXV — BA_/\_uXVu BOA_/\_Vu —UOA_/\_Vu ................... "
e I L
bt(X) | mcCX), pcCX)- 5 7
Lo
........... @ @ S

Initial hypothesis
mc(X) | m(M,X).

pc(X) | F(F.X).
bt(X) | mc(X).-

e

Refinement

mc(X) | m(M,X).
pc(X) | F(F,X).
bt(X) | mc(X), pc(X).

(F(eric,john

mm_n_.m.WBm:ﬁ

mc(X) | m(M,X),pc(X).
pc(X) | F(F.X).
bt(X) | mc(X), pc(X).

: AN
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{ ¥ Example .
.. P
Original program *
BOAXV — BA_/\_uXVu BOA_/\_Vu —UOA_/\_Vu ................... "
L L
bt(X) | mc(X), pc(X). L : -
el [p)
........... @ @ S

Initial hypothesis
mc(X) | m(M,X). o
pc) | FF.O. Caamn.jormy>

bt(X) | mc(X).-

e

Refinement

mc(X) | m(M,X).
pc(X) | F(F,X).

bt(X) | mc(X), pc(X). NHHMV

Refinement

mc(X) | m(M,X),pc(X).
pc(X) | F(F,X).

bt(X) | mc(X), pc(X).

: AN
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Undirected Eo_om_o___m:o _um_m:osm_
N 4 Models

e So far, directed graphical models only
* Impose acyclicity constraint

. graphical models do not
Impose the acyclicity constraint

o,
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Undirected Probabilistic Relational |
N Models
» Two approaches »
— Relational Markov Networks ( ) “
e (Taskar et al.) ¢

— Markov Logic Networks (MLNSs)
 (Anderson et al.)

e |dea

— Semantics defined in terms of Markov Networks
(undirected graphical models)

— More natural for certain applications
* RMNSs ~ undirected PRM

e MLNSs ~ undirected BLP
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® W irected Graphical Models/
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« To each clique c, a potential ¢.is associated

Given the values v of all nodes in the
Markov Zmﬁ<<o_‘x

P =—TJev0  2=3 J]e.v)
v &C(G)

NmeQv

log P(v) = MSQ f (v.)-logZ =w-f(v)-logZ

-

S5\
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FROM docl,doc2,Link link
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1.1

Vx Smokes(x) = Cancer(x)

Vx,y Friends(x,y) = @:\5\&23 < Smokes( Ev

Suppose we have two constants: Anna (A) and Bob (B)

slides by Pedro Domingos
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1.1 |Vx,y Friends(x,y) = @:8\%%3 < Smokes( Ev

Suppose we have two constants: Anna (A) and Bob (B)

slides by Pedro Domingos

1.5 |Vx Smokes(x) = Cancer(x) :
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1.5 |Vx Smokes(x) = Cancer(x)
1.1 |Vx,y Friends(x,y)= @§c\«%@v < Smokes( Ev

Suppose we have two constants: Anna (A) and Bob (B)

slides by Pedro Domingos
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1.5 |Vx Smokes(x) = Cancer(x) :

1.1 |Vx,y Friends(x,y) = @:8»%@& < Smokes( Ev

Suppose we have two constants: Anna (A) and Bob (B)

slides by Pedro Domingos
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Learning Undirected Probabilistic
& Relational Models

5
e
D

e Parameter estimation
—discriminative (gradient, max-margin)

—generative setting using pseudo-
likelihood

e Structure learning

—Similar to (Probabillistic) Inductive
Logic Programming
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 Computer Vision (Taskar et al.)
— Collective classification of 3D scan data

« Citation Analysis (Taskar et al.,
Singla&Domingos)

 Activity Recognition (Liao et al.)
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@ Interpretations

g

o,

e Data cases are herbrand interpretations

 Most prob. ILP approaches incorporates
objects and relations among the objects
iInto Bayesian and Markov networks

e Learning includes principles from

— Inductive logic programming / multi-relational
data mining

* Refinement operators, Background knowledge, Bias

— Statistical learning
 Likelihood, Independencies, Priors
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Inductive Logic Programming (ILP)
Logic
Learning setting, cover relation

Learning from entailment, interpretations, and
traces/proofs

Probabilistic ILP
Learning setting, probabilistic cover relation

Probabillistic Learning from
nlerpretations, entallment, and traces/proofs

Discriminative ILP
Conclusions
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Learning from m:ﬁm__Smsﬁ m:q 203
proofs

» Stochastic Logic Programs

—Derived from Probabilistic Context Free
Grammars by Eisele and Muggleton

—Closely related to Sato’s PRISM and
Poole’s ICL

Learning from entailment
— Parameter estimation (Cussens’ FAM)

Learning from proofs
— Structure learning

®
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1.0:
1.0:

S -> NP, VP
NP -> Art, Noun

0.6 : Art->a

0.4 : Art -> the

0.1 : Noun -> turtle
0.1 : Noun -> turtles
0.5:VP ->Verb
0.5: VP ->Verb, NP

0.05 : Verb -> sleep
0.05 : Verb -> sleeps

S

zn\/ VP
/AN X

Art Noun Verb
0.4 0.1 0.05
The turtle sleeps

P(parse tree) = 1x1x.5x.1x.4x.05

o,
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P(parsetree) = | | p° 4
where p isthelabel of rulei
and ¢ the number of times it was applied

P( sentence) = M P(tree)

| isaparse tree for sentence

Obsarve: al derivation/rewriting steps succeed
.e. S>T,Q

T->R,U
always gives

S>R,U,Q )
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- | e Taes = 0200 0 |

NP(Num)
0.05 Verb(sing) -> sleep
0.05 Verb(plur) -> sleeps

P(derivation tree) = 1x1x.5x.1x .2 x.05

S RLY S P J T — g i Rt
-A:#Hlﬂ. s \.HT . Sne Al EL NV, w..u, Py i T &) i ...'

Probabilistic : nite O_mcmm
@ Grammar
S _A
1.0 : S -> NP(Num), VP(Num) 4

1.0 NP(Num) -> Art(Num), 1

Noun(Num) 5
! NP VP !
0.6 Art(sing) -> a () (5) o
0.2 Art(sing) -> the 1 oﬁ S
0.2 Art(plur) -> the m
0.1 Noun(sing) -> turtle Art(s) Noun(s)  Verb(s) S
0.1 Noun(plur) -> turtles o 01 0.05 W
0.5 VP(Num) -> Verb(Num) g
0.5 VP(Num) -> Verb(Num), The turtle sleeps m
X




Oy Lt SO Yoda Ve Uad  vai i e ol i b e -,
) oA GRA LA N TR AT T2 Ay & et FA i
..._m._.kmh. = - ﬂ._I__ f ks : ’
y In SLP notation |
sentence(A, B) :- noun_phrase(C, A, D), verb_phrase(C, D, B). |
1 | noun_phrase(A, B, C) :- article(A, B, D), noun(A, D, C). &%
verb_phrase(A, B, C) :- intransitive_verb(A, B, C).
article(singular, A, B) :- terminal(A, a, B). %
1/3 | article(singular, A, B) :- terminal(A, the, B). '
article(plural, A, B) :— terminal (A, the, B). S
noun(singular, A, B) :- terminal (A, turtle, B). M
1/2 noun(plural, A, B) :— terminal (A, turtles, B). m
intransitive_verb(singular, A, B) :- terminal (A, sleeps, B). S
intransitive_verb(plural, A, B) :- terminal(A, sleep, B). x
1 terminal([A|B],A,B). m
o
P(s([the,turtles,sleep],[])=1/6 1 Gdrenestoreres s1eeps, (1) g
S
n_u np(pl, [the,turtles,sleep], [sleep]) vp(pl, [sleep],[]) n_u DDM
@)
“_u\w a(pl,[the,turtles,sleep],[turtles,sleep]) v\ n(pl,[turtles,sleep],[sleep]) iv(pl,[sleep],[1) “_u\N W
e
/ 8
t([the,turtles,sleep],the, Hﬁ@ t([turtles,sleep],turtles, [sleep]) t([sleep],sleep,[]) W_,
. 1 _ 1 =
L
=
(o]
—




- " = - n._ [ W O Ty )

What about “A turtles sleeps™ ?

o.m V
0.5 VP(Num) -> Verb(Num), NP(Num)  The turtle sleeps
0.05 Verb(sing) -> sleep

0.05 Verb(plur) -> sleeps P(derivation tree) = 1x1x.5x.1x .2 x.05
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G Probabilistic Definite Clause
Grammar =
m i
1.0 : S -> NP(Num), VP(Num) 4
1.0 NP(Num) -> Art(Num), 1
Noun(Num) NP(s) VP(s)
0.6 Art(sing) -> a
0.2 Art(sing) -> the 1 &m
0.2 Art(sing) -> the
0.1 Noun(sing) -> turtle Art(s) Noun(s)  Verb(s)
0.1 Nc



P, ( derivation for god g(X,,..., X,)) = — — pé

Observe: some derivations/resolution steps fall
e.g. NP(Num)->Art(Num), Noun(Num)
and Art(sing)-> aand Noun(plur)->turtles
NP(NumM,S1,S2).- art(Num,S1,S3),noun(Num,S3,S2)
and art(sing,[alS],S) and noun(plur,[turtlesS],S)
Interest in successful derivations/proofs/refutations
-> normalization necessary
P, ( proof )

> Py ( proof, )

P;( proof ) =

P,( ground atom g(X,,..., X )0 ) = P (treg)

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =y, ,

o P <Lt S Y da Vs Uabd Ve - Sel g~ {0~ TR -
sall]l  HRIARYBD{OLPVS LN N T @ N T W Ty o e B P - L |
R Sy St ot v y@ wreeie A
- F.X Lad L _ : @'
M _:n,.:.b.
.”na% - \mw “““““““““““““““““““““““““““““““““““““““““““““““““
L ¥ SLPs .
“, g Ex



department(cs,nebel) denotes the page of cs
following the link to nebel
Rules applied would be of the form
department(cs,nebel) :-
prof(nebel), in(cs), co(al), lecturer(nebel,ai).
pagetypel(tl,t2) :-
typel(tl), type2(t2), type3(t3), pagetype2(t2,t3)
SLP models probabilities over traces / proofs / web logs

department(cs,nebel), lecturer(nebel,ai007),
course(aiO07,burgard), ...

This is actually a Logical Markov Model

— Logical Hidden Markov Model (cf. Kersting et al. JAIR)
— Includes also structured observations and abstraction
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L K Example Application |
e Consider traversing a university website .
e Pages are characterized by predicates q
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{ ) Logical Markov Model .:
0.5 0.25 department(D,L) :-
prof(L), ¢
0.95 in(D), ]
co(C),
0.1 lecturer(L,C).
0.1
0.05 0.1 prof(nebel). %
0.05 prof(burgard).



~ A logic program in which probability labels are
attached to facts;

Clauses carry no probability _m_um_ (or equiv. P =1)
disjoint(hy : p1;...,hn @ Pn)
statements, facts h;; M pi =1
— Disjoint(head(C) : 0.5; tail(C): 0.5)
Probabillity distributions can be defined in a
related/similar fashion on proofs
- on explanations

- on atoms
- though some differences with SLP
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e PRISM (Sato) / ICL (Poole) .
_.oa_om_ >_um_co:o: 4
mortal(X) :- human(X) and mortal(X) :- animal(X)
From mortal(socrates) infer human(socrates) ._ﬁ

OR
Infer animal(socrates)
Probabllistic Abduction (ICL Poole)
From moral(socrates) infer
probabilities for human(socrates)
and animal(socrates)

Backword reasoning

T
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,@ ICL / PRISM example

Mty v 3 o

btype('A’) : - (gtype(a,a); gtype(a,0); gtype(o,a)).
btype('B’) : - (gtype(b,b); gtype(b,0); gtype(o,b)).
btype(‘O’) : - gtype(0,0).

btype('AB’) : - (gtype(a,b); gtype(b, a)).

gtype(X,Y) :- gene(father,X), gene(mother,Y).
gene(P,G) :- msw(gene,P,G). probabilistic switch

disjoint(p1: msw(gene,P,0),
p2: msw(gene,P,a),
p3: msw(gene,P,b)) outcomes + prob switch

Infer e.g. P(btype(*‘A’)) from probabilities of proofs - facts
Infer e.g. explanations and prob.

P(gene(father,a), gene(mother,a)) = p2 * p2

P(gene(father,a), gene(mother,a) | btype(‘A’)) : normalize

.
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. @: Parameter Estimation for CFGs .

e Given

— A set of sentences for the startsymbol
* E.g. the, turtles, sleep

— The structure of the CFG
 (i.e. the rules - not the probability labels)

e Find
— The maximum likelihood parameters of the CFG

e Approach

— Inside - Outside Algorithm
» Parse trees are unobserved
* |Instance of EM
« dynamic programming (using CYK)
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1 I Parameter Estimation for SLPs
e Given
— A set of ground facts for a predicate g

* E.g. s([the, turtles, sleep],[])
— The structure of the stochastic logic program
 (i.e. the logic part - not the probability labels)
e Find
— The maximum likelihood parameters of the SLP
e Approach

— Failure Adjusted Maximisation Algorithm (Cussens)
Parse trees and failures are unobserved

Instance of EM

Ako dynamic programming using tabling (Sato)

Very efficient

- 16th E_CML, 9th PKDD, Porto, Portugal, Oct. 7th, 2005 «.¢y.,



et ed i el Yorba Xobb Yk yay, - R Lot
=l — — My y y@ w1 'eh
. @: Structure Learning |
 From entailment : Muggleton ILP 02 4

— Learns a single clause at a time from facts only
— Hard problem, requires one to solve the full inductive 5

logic programming problem

 From proof trees : De Raedt et al AAAI 05
— Learn from proof-trees instead of from ground facts
— Proof-trees carry much more information
— Upgrade idea of tree bank grammars

e Given
— A set of proof trees
 Find
— An SLP that maximizes the likelihood

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =
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Initial Rule Set DCG | .
%, & b
Bt
S

/N
S -> Z_UAmv_ <_UAmv NP(s) VP(s)
NP(s) -> Art(s), Noun(s) > %
MM" low to get the variables back ?
Noun(s) -> turtle

<®_\UAMV -S> m_mm_Om The turtle sleeps

P(derivation tree) = 1x1x.5x.1x.4x.05
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1 Learning SLPs from Proof Trees ;
 Based on Tree-Bank Grammar idea, e.g. Penn 4

Tree Bank

e Key algorithm
— Let S be the set of all (instantiated) rules that occur
In an example proof tree
— Initialize parameters
— repeat as long as the score of S improves
 Generalize S

« Estimate the parameters of S using Cussens’ FAM
— (which can be simplified - proofs are now observed)

— Output S

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th, 2005 «.¢y.,
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* Generalization in ILP 4

— Take two clauses for same predicate and
replace them by the Igg under ¢ -
subsumption (Plotkin)

— Example
department(cs,nebel) :-
prof(nebel), in(cs), course(al), lect(nebel,al).
department(cs,burgard) :-
prof(burgard), in(cs),course(ai), lect(burgard,ai)
— Induce
department(cs,P) :-
prof(P), in(cs),course(ai), lect(P,al)

- 16th E_CML, 9th PKDD, Porto, Portugal, Oct. 7th, 2005 «.¢y.,
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{ ) Strong logical constraints | ;
* Replacing the rules rl1 and r2 by the lgg should \w

preserve the proofs !
e So, two rules rl and r2 should only be
generalized when

— There is a one to one mapping (with corresponding
substitutions) between literals in rl, r2 and

lgg(rl,r2)
e Exclude
father(j,a) :- m(j),f(a),parent(j,a)
father(j,t) :- m(),m(t), parent(j,t)
e Glves
father(j,P) :- m(j),m(X),parent(j,P)

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 <.,



e (o T TR

By Lt S Y oda Vet Uatd vai > 3
wa¥]  LORIARFDY BTN L L A 0 ot e A o B | L 7 L Ay
..lh-.l.__ul._l - ﬂu. g = a...f 2] ’ i - g i
ST - i ¢ ®
me [Anderson et al.] />\®U _IOQ Data

e Log data of web sides
« KDDCup 200 (www.gazelle.com)

e RMM

over

Home()

Boutique()

Departments()

Legcare_vendor()

Lifestyles()

Vendor()

AssortmentDefault()

Assortment(Assortment)
ProductDetailLegcareDefault()
ProductDetaillLegcare(Product)
ProductDetailLegwearDefault()
ProductDetaillLegwearProduct(Product)
ProductDetailLegwearAssortment(Assortment)
ProductDetailLegwearProdCollect(Product, Collection)
ProductDetailLegwearProdAssort(Product, Assortment)
ProductDetailLegwear(Product, Collection, Assortment)

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 = TP
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Protein Fold Recognition | ;

[Kersting et al.; Kersting, Gaertner]

« Comparison of protein structure is
fundamental to biology, e.g.
function prediction

e Two proteins show sufficient
sequence similarity = essentially
adopt the same structure.

 |f one of the two similar proteins has a known
structure, can build a rough model of the protein of
unknown structure.

16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =



helix

strand

Protein Secondary Structure

[Kersting et al.; Kersting, Gaertner]

type of helix . .
guantized number of acids

[helix(h(right,3t010),5),
helix(h(right,alpha),b13),
strand(null,7),
strand(minus,7), length

strand(minus,5),
helix(h(right,3to010),5),..]

orientation

-

.-..‘}.
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@ Model

w " [Kersting et al.]

~120 parameters
VS.
over 62000 parameters

Secondary structure of domains of proteins
(from PDB and SCOP)

fold1: TIM beta/alpha barrel fold, fold2: NAD(P)-binding Rossman-fold fold23:
Ribosomal protein L4, fold37: glucosamine 6-phosphate deaminase/isomerase old
fold55: leucine aminopeptidas fold. 3187 logical sequences (> 30000 ground atoms)

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 = TP
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| Conclusions Learning from
Entailment and Proofs

SLPs extend PCFGs as a representation
Proof-trees for SLPs correspond to parse-trees in PCFGs

Upgrading the learning from tree-banks setting for use Iin
SLPs

Learning from proof trees is a new setting for inductive
logic programming/statistical relational learning

— Generalizes learning from traces
Strong logical constraints at structure level

Allows one also to elegantly model and study RMMs and
LOHMMs

— Sequential relational / logical traces.
A lot of further research questions
— Most of all : experiments on real data

o (o e
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Inductive Logic Programming (ILP)
Logic
Learning setting, cover relation

Learning from entailment, interpretations, and
traces/proofs

Probabilistic ILP
Learning setting, probabilistic cover relation

Probabillistic Learning from
Interpretations, entailment, and traces/proofs

Discriminative ILP
Conclusions
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e Clause set + simple probabilistic model
* |dea: Clauses are independent

e Success/failure of a query Is random variable in a
Nalve Bayes model
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L The nFOIL model |
 Nalve Bayes assumption translates into 2
P(p6 | H,B) = P(po | q,6....,0,0) 3

_ P(q,6,...,,0 | pd) * P(p6)

P(q,9,...,9,0)
_ 11 P(ai0 | pt) " P(pb)
P(q,9,...,9,0)

 Model consists of clauses q;,..,q, and parameters
P | pB), P(p8)
o Classify positive If P(p6 | H,B) > 0.5

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =
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& Learning: nFOIL
 Modified FOIL: search guided by cond. likelihood |
. FOIL ;

— a clause is scored by its coverage
— Covered positive examples are removed

where  P(0]p6) = count(po)

« NFOIL m
— score a set of clauses {qy,...,q,} by conditional | m
likelihood: o 016 * Pl <

_UA_m _ I.Wv — _—m_:m_—_ AQ_ __u v AU v m,

P(q,9,...,9,0) e

count(q;0,p0) M
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L I Learning (Example) .
- atom(X,A,c) Q %

P(q6 [pB) = [0.3 ...] - atom(X,A,n),bond(A,B) | ,_,.

= &

log P(E | H,B) = -50 P(g0 | po) =[0.25 .. ] )

log P(E | H,B) = -45 <

.- atom(X,A,n)

P(g6 | pd) =[0.4 ...]
log P(E | H,B) =-40

.- atom(X,A,n),charge(A,0.82) Q

P(g6 | p6) =[0.15 ...]
log P(E | H,B) =-35

- atom(X,A,f) Q

P(q6 | p6) =[0.7 ...] mutagenic(X)
log P(E | H,B) =-60

16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th




.- atom(X,A,C) Q

P(q6 [p6) =[0.3...]
log P(E | H,B) =-50

.- atom(X,A,n),bond(A,B) Q

P(q0 | po) = [0.25 ...]
log P(E | H,B) = -45

P(g6 | pb) =[0.4 ...]
log P(E | H,B) =-40

P(g6 | po) =[0.15 ..]
log P(E | H,B) =-35

.- atom(X,A,f) Q

P(g6 | p6) =[0.7 ...]
log P(E | H,B) =-60
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Learning (Example) |

- atom(X,A,C) .- atom(X,A,c),bond(A,B) y V
P(a0 pe) =[0.3 .. P(g0 | p6) = [0.25 ..
log P(E[H,B) =-35 log P(E | H,B) = -32 o

.- atom(X,A,n) Q

P8 | pb) =[0.4..]

log P(E | H,B) =-45 P(q0 | po) = [0.15 ...]
log P(E | H,B) =-33

.- atom(X,A,c),charge(A,0.82) y

- atom(X,A,f) y

P(g6 | p8) =[0.7 ...]
log P(E | H,B) = -55

mutagenic(X)

atom(X,A,n),charge(A,0.82)

16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th ,



R o : \nr i 3!%.!1
L 7. R a._qﬁr..”:a.. w..._.

__E_ T T A,

r—
0
- Q
S
:_5
=
Q
%
o
3
'C_5
(D
\-/
i‘ ! ;m

P(q6 [p6) =[0.3 .. ] P(g0 | po) = [0.25 ...]
log P(E | H,B) =-35 log P(E | H,B) = -32 1

- atom(X,A,n) w

P(g6 | p6) =[0.4 ..]

log P(E | H,B) =-45 P(g6 | p6) =[0.15 ...]
log P(E | H,B) =-33

.- atom(X,A,c),charge(A,0.82) Q

e

- '
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,@ Fisher Kernels | .
el [Jaakkola, Haussler NIPS'99] | “*

o Kernels based on probability models

 |dea: capture the change in parameters to
accommodate new data point

Fisher score of observed data x

Qalﬂiommuﬁa_mﬂaélh 96, e 96,

Fisher information matrix Jp = ma_QHQM_
Fisher kernel k(x,2") =ULJ U,

In practice: k(x,2") =UTU,

dlog P(x | 6%, M) dlog P(x | %LSVA

=

[N
o
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SVMs in a Nutshell

[Boser,Guyon,Vapnik COLT'92]

With an appropriate mapping ¢ to a
sufficiently high dimension, data
from 2 classes can always be
separated by a hyperplane

Find optimal separating hyperplane
by maximizing the margin of
separation

Computationally effective algorithm
exist to solve this optimization
problem (in higher dimensional
feature space).

.

=

[N
o
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Protein Fold Recognition | ;

[Kersting et al.; Kersting, Gaertner]

« Comparison of protein structure is
fundamental to biology, e.g.
function prediction

e Two proteins show sufficient
sequence similarity = essentially
adopt the same structure.

 |f one of the two similar proteins has a known
structure, can build a rough model of the protein of
unknown structure.

16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 =



@ Model

w " [Kersting et al.]

~120 parameters
VS.
over 62000 parameters

Secondary structure of domains of proteins
(from PDB and SCOP)

fold1: TIM beta/alpha barrel fold, fold2: NAD(P)-binding Rossman-fold fold23:
Ribosomal protein L4, fold37: glucosamine 6-phosphate deaminase/isomerase old
fold55: leucine aminopeptidas fold. 3187 logical sequences (> 30000 ground atoms)

- 16th ECML, 9th PKDD, Porto, Portugal, Oct. 7th , 2005 = TP



[T 0 |

g i s Lt ST Y oda, Vet U abd o -~ S L e (o TR,
Nl OR{ArD )] QI {n gt LE4 L. S Ao sy A e A AR e i | L - _ 7 P . 1
s N L FJ e s [ . #Jq ] _m.._._, i . i . 5 _.1 i |
i s o] ¢ 1 ®
e _:.r:.o.__. ’
{ ) Results

[Kersting et al.; Kersting, Gaertner]

e Accuracy: 74% vs. 82.7% (1622 vs. 1809 / 2187)
e Majority vote: 43%

=

o,

foldl fold2 fold23 fold37 fold55
precision | 0.86/0.89 | 0.69/0.86 | 0.56/0.82 | 0.72/0.70 | 0.66/0.74

recall 0.78/0.87 | 0.67/0.81 | 0.71/0.85 | 0.66/0.72 | 0.96/0.86

New class of probabilistic relational Kernels
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‘S ... | mMRNA
=& s [Kersting et al.; Kersting, Gaertner] Ch

fefdy ._._G-rﬁ

 |dentifying subsequences in mRNA that are
responsible for biological functions.

o,

.._v",‘_*

e Secondary structures of mMRNAs form tree
structures: not easily for HMMs
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MRNA |

[Kersting et al.; Kersting, Gaertner] th

nucleotide-pair((c, muv |m§mummmmmmmmmmmmmmodva., s(s(s(s(s(0))))). .

nucleotide_pair{(c, g)). u | []. hairpin, n(n(n(0)))).

nucleotide-pair((c, g)). a :cnuwoﬂammmu. .
helical(s(s(s(s(s(0))))) s(0))), [c], stem, n(n(n(0)) 5 | r c—g :cnuwoﬂamm&. @.
nucleotide(a). c—g | nucleotide(u). Y

nucleotide(a). | c—g m

nucleotide(g). |_[ a o)

single(s(s(s(s(0)))), s(s(s(0))), [], bulge5, n(n(n(0)))).1 | 4 =
nucleotide_pair((c, mi g single(s(s(s(s(s(s(s(0))))))). s(s(s(0))), m

nucleotide-pair((c, g)). - ¢ — | [], bulge3, n(0)). @)

helical(s(s(s(0))), s(0), [c, c. ¢, stem, n(n(0)) u — o — g nucleotide(a). .. E
nucleotide(a).] 8 .mv

single(s(s(0)), s(0), [], bulge5, n(0)). |n Nm— —a 0 m
nucleotide-_pair((a, a)). _ &

nucleotide-pair((u, a)). “H M 5(0) ..nhu

nucleotide_pair{(u, g)). — U—a SN D.,

nucleotide-pair{(u, a)). c —a s(s(0)) s(s(s(0))) m

nucleotide_pair{(c, a)). U—a VA N W

nucleotide-pair((u, a)). 9 —u s(s(s(s(0)))) s(s(s(s(s(s(s(0))))))) %

nucleotide-pair{(u, u)). B s(s(s(s(s(0)))) o

helical(s(0), 0, [c, c], stem, n(n(n(n(n(n(n(0))))))) v _ PMV
oat (0. root. <)) s(s(s(s(s(s(0)))))) )
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Jm [Kersting et al.; Kersting, Gaertner] m _NZ> ch
93 logical sequences (in total 3122 ground atoms) 4

— 15 and 5 SECIS (Selenocysteine Insertion Sequence),
— 27 IRE (Iron Responsive Element),

— 36 TAR (Trans Activating Region) and

— 10 histone stemloops.

L eave-one-out crossvalidation:
Plug-In Estimates: 4.3 % error
Fisher kernels SVM: 2.2 % error
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Motivation / Introudction
Inductive Logic Programming (ILP)

Logic

Learning setting, cover relation

Learning from entailment, interpretations, and

traces/proofs

Probabilistic ILP
Learning setting, probabilistic cover relation

Probabillistic Learning from

Interpretations
Discriminative
Conclusions

. entallment
ILP

and traces/proofs
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{ ¥ Conclusions

g

o A flavor of Probabllistic ILP or Statistical Relational
Learning from a logical perspective

e A definition of Probabilistic ILP
— based on a probabilistic coverage notion and annotated
logic programs
« Different Probabilistic ILP settings (as for ILP)
— Learning from entailment: Parameter Est. SLPs/Prism
— Learning from interpretations: BLPs, PRMs, RMNs, MLNs
. SLPs, RMMs, LOHMMs

o,

— Discriminative ILP: nFOIL
« Different settings have different complexities
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Probabilistic Learning from ...

... Entailment

SLPs, PRISM

... Interpretations

PRMs, BLPs, RMNSs,
MLNs

... Proofs/Traces

RMMs,
LOHMMS,
SLPs

I
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Many interesting problems left !

___“___:____ rsowrate)

Pleass join PILP [ SRL !

J
http://www. informatik.uni-freiburg.de/~

tp://www.aprill.org

kersting/plmr

| I
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JApplication of Probabilistic ILP*

University of Helsinkif
Insitute of Information Heikki Mannila

3 years EU project and Teshneisgy (HID
m _—Jm.ﬁ_.ﬁc.ﬁmm Imperial Colleg of Science, mﬁmbjms _/\_C@@_mﬁos.

] ._Hmﬂ.__ﬁm__,ﬂ._aw and Medicine | Mike Sternberg
WW\W. Q.U—._ __ . O_,Q Subcontractor: James Cussens

Albert-Ludwigs University
FREIBURG Luc De Raedt

_—
nl..l‘mq Subcontractor: Manfred Jaeger
= INRIA
o ROCQUENCOURT
F 4 .
&) U S Francois Fages University of Florence
Thformation Soc _mJ‘ FLOREMNCE

Technologics|

Paolo Frasconi
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