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Etzioni’s Rorschach Test for Computer Scientists
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Moore’s Law?
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Storage Capacity?
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Number of Facebook Users?
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Number of Scientific Publications?
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Number of Web Pages?
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Number of Actions?
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Computing 2020: Science in an Exponential World

3 THIC: THE FCRRARTI A ENPLOS10M

“The amount of scientific data is doubling every year”
[Szalay,Gray; Nature 440, 413-414 (23 March 2006) ]

/How to deal with millions of images ? \

How to deal with millions of inter-related
research papers ?

How to accumulate general knowledge
automatically from the Web ?

How to deal with billions of shared users’
perceptions stored at massive scale ?

kHow to realize the vision of social search? /
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Machine Learning in an Exponential World

ML = Structured Data + Model + Reasoning

- Real world is structured in terms of objects and relations

-Relational knowledge can reveal additional correlations between
variables of interest . Abstraction allows one to compactly model
general knowledge and to move to complex inference

4 [Fergus et al. PAMI 30(11) 2008; Halevy et al., IEEE Intelligent Systems, 24 200@
- Most effort has gone into the modeling part
{How much can the data itself help us to solve a problem? y
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[Etzioni et al. ACLO8] http://www.cs.washington.edu/research/textrunner/

=

v~ TextRunner Search
Object Relation Uncertainty Object

TextRunner took 3 seconds.
Retrieved 256 results for paper s

Search again:
paper §iscusses (65), covers (5 : Argument 1
paper discusses (34), covers (30), contains (7 ), 0 more... the following topics paper
paper focuses on (9), discusses (5), addresses (5), 6 more... two topics Predicate
paper focuses on (9), discusses (6), will discuss (4), 4 more... three topics e
paper provides (11), presents (7), 1s provides (2), 2 more... an overview of the topic iopii:

paper covers (§), addresses (3), considers (2) a wide range of topics
paper discusses (3), examines (2), will cover (2), 2 more... four topics

paper was (&) part of the third topic

paper describes clustering (2), discusses (2), and choose (2) related topics Jump to:
paper covers (3), addresses (Z) a number of topics paper (81}

research paper (4)

paper will cover (5), explores (2) a variety of topics o sies

Pa i - : :
ra Programs will consume, combine, and correlate everything in the

- universe of structured information and help users reason over it.”
Pa [S. Parastatidis et al., Communications of the ACM Vol. 52(12):33-37 ]
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So, the Real World is Complex and Uncertain

Information overload

Incomplete and contradictory information

Many sources and modalities

Variable number of objects and relations among them

Rapid change

{ How can computer systems handle these ? J
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Al and ML: State-of-the-Art
‘ Learning

Decision trees, Optimization, SVMs, ...

@) Logic

Resolution, WalkSat, Prolog, description logics, ...

‘ Probability

Bayesian networks, Markov networks, Gaussian Processes...

. Logic + Learning

Inductive Logic Programming (ILP)
- Learning + Probability MLSS10 Uther, Johnson, Buntine, Warmuth,

EM, Dynamic Programming, Active Learning, ...

@@ Logic + Probability
Nillson, Halpern, Bacchus, KBMC, ICL, ...

MLSS10 Sunehag, Bartlett, ...

MLSS10 Sanner, Bonilla, ...
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(First-order) Logic handles Complexity

E.g., rules of chess (which is a tiny problem):

1 page in first-order logic,
~100000 pages in propositional logic,
~100000000000000000000000000000000000000 pages as atomic-state model

S J
- Many types of entities
- Relations between them
Explicit enumeration . Arbitrary knowledge
Logic 5th C B.C. 19th C
true/false . , S
atomic propositional first-order/relational
| K. K.er.sting _ _ P 15
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Probability

LA

17t C 20th C

. Sensor noise
- Human error
- Inconsistencies

- Unpredictability

Explicit enumeration

- Many types of entities

- Relations between them

- Arbitrary knowledge

Logic 5t C B.C. 19th C
true/false 3
>
atomic propositional first-order/relational
| K. K.er.sting . | 16
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Will Traditional Al Scale ?

Probability

LA

17t C 20th C

. Sensor noise
- Human error
- Inconsistencies

- Unpredictability

“Scaling up the environment will
inevitably overtax the

resources of the current Al
architecture.”

- Many types of entities

- Relations between them

Explicit enumeration

- Arbitrary knowledge

Logic 5th C B.C. 19th C
true/false 5
atomic propositional
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Statistical Relational Learning / Al (StarAl*)

Let's deal with uncertainty, objects, and

Natural domain modelina
relations jointly

objects, properties,
relations

Compact, natural models

Properties of entities can
depend on properties of
related entities

Generalization over a
variety of situations

Ghe study and design of N
intelligent agents that act in
-

... unifies logical and statistical Al, noisy worlds composed of
... solid formal foundations, objects and relations among

... is of interest to many communities. \the objects )

(*)First StarAl workshop at AAAI10;co-chaired with S. R_ussell, L. Kaelbling, A.Halevy, S. Natarajan, and L. Milhalkova

D B A €
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Today we can ...

... learn probabilistic relational models automatically from
millions of inter-related objects

... generate optimal plans and learn to act optimally in uncertain
environments involving millions of objects and relations among
them

... perform lifted probabilistic inference avoiding explicit state
enumeration by manipulating first-order state representations
directly

... exploit shared factors to speed up message-passing
algorithms for relational inference but also for classical
propositional inference such as solving SAT problems

| K. Kersting S 19
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Today’s Menu f Disclaimer \

- Not a complete survey of
SRL/StarAl or of foundational

areas

- Appetizer — More Motivation | | .
- Focus is overview and providing

. Fish Course - SR Frameworks SO Il se

. - Assumes basic background in
- Logic, MLNs, ProbLog, and Co logic, probability and statistics, etc.

. Salad Course - SR Learning \P'ease Rl /

- (Vanilla) SRL, Boosting, Reinforcement Learning,
Relational Topic Models

- Main Course - Lifted Probabilistic inference
- Lifted Variable Elimination, Lifted Belief Propagation

- Dessert - Conclusions and Outlook

, K. Kersting 20
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Let’s consider a simple example: Reviewing Papers

- The grade of a paper at a conference depends on the
paper’s quality and the difficulty of the conference.

- Good papers may get A’s at easy conferences

Good papers may get D’s at top conference

Weak papers may get B’s at good conferences

21
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Propositional Logic

Good papers get A’s at easy conferences

good (pl) nconference (cl,easy) =>grade(pl,cl,a)
good (p2) nconference (cl,easy) =>grade (p2,cl,a)

good (p3) Aconference (c3,easy) =>grade (p3,¢c3,a)

e _ N
- Number of statements explodes with the number of papers
and conferences
& No generalities, thus no generalization >
, K. Kersting P 22
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First Order Logic

- The grade of a paper at a conference depends on
the paper’'s quality and the difficulty of the

conference.

- Good papers get A’s at easy conferences

VP,C [good(P)Aconference (C,easy)—=grade(P,C,a)]

C .
. Many ‘all universals’ are (almost) false B
« Even good papers can get either A, B, C
. True universals are rarely useful
€ 4
| K. Kersting . 23
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Modeling the Uncertainty Explicitely

Bayesian Networks: Directed Acyclic Graphs

Random Variabl Associate a conditional
andom Yariables R probability distribution
| P(X;|pa(X;))

to each node

Compact representation of the joint probability distribution

P(Xi,...,X,) = || P(X;|pa(X;)

1=1
, K. Kersting 24
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(Reviewing) Bayesian Network ...

P(Qual) P(Diff)
low | middle | high low | middle | high
0.3 0.5 0.2 0.2 0.3 0.5
P(Grade)
Qual Diff C b a
low low 0.2 | 0.5 | 03
low middle | 0.1 | 0.7 | 0.2
, K. Kersting p— 25
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(Reviewing) Bayesian Network ...

P( Qual = low, Diff = middle, Grade = a) = 0.3 -0.3 - 0.2 = 0.018

P(Diff)
low | middle | high
0.2 0.3 0.5

P(Qual)
low | middle | high
0.3 0.5 0.2

P(Grade)
Qual Diff C b a
low low 0.2 | 0.5 | 0.3
low middle | 0.1 | 0.7 | 0.2
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The real world, however, has inter-related objects

{ These ‘instance’ are not independent ! }

27

, K. Kersting -
Statistical Relational Learning —+, =2 "
Machine Learning Summer School (MLSS) % FraunhOfﬁE universitétgn‘

ANU, Canberra, Australia, Oct. 4, 2010




Information Extraction

Parag Singla and Pedro Domingos, “Memory-Efficient Inference in Relational
Domains” (AAAI-06).

Singla, P., & Domingos, P. (2006). Memory-efficent inference in relatonal
domains. In Proceedings of the Twenty-First National Conference on Atrtificial
Intelligence (pp. 500-505). Boston, MA: AAAI Press.

H. Poon & P. Domingos, Sound and Efficient Inference with Probabilistic and
Deterministic Dependencies”, in Proc. AAAI-06, Boston, MA, 2006.

P. Hoifung (2006). Efficent inference. In Proceedings of the Twenty-First National
Conference on Artificial Intelligence.

28
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Information Extraction

Paper

Parag Singla and Pedro Domingos, “Memory-Efficient Inference in Relational
Domains” (AAAI-06).

Singla, P., & Domingos, P. (2006). Memory-efficent inference in relatonal
domains. In Proceedings of the Twenty-First National Conference on Atrtificial
Intelligence (pp. 500-505). Boston, MA: AAAI Press.

H. Poon & P. Domingos, Sound and Efficient Inference with Probabilistic and
Deterministic Dependencies”, in Proc. AAAI-06, Boston, MA, 2006.

P. Hoifung (2006). Efficent inference. In Proceedings of the Twenty-First Nationa
Conference on Artificial Intelligence.
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Author

Segmentation

Paper

Title

Parag Singla and| Pedro Domingos, |

‘Memory-Efficient Inference in Relatlonal|

Venue

Domains”| (AAAI-06).

Singla, P., & Domingos, P.|(2006). Memory-efficent inference in relatonal

domains. In|Proceedings of the Twenty-First National Conference on Atrtificial

Intelligence (pp. 500-505). Boston, MA: AAAT Press]

H. Poon & |P. Domingos,|Sound and Efficient Inference with Probabilistic and

Deterministic Dependenciesf, in|Proc. AAAI-06, Boston, MA, 2006.

P. Hoifung|(2006). |[Efficent inference.

Conference on Artificial Intelligence.

In

Proceedings of the Twenty-First Nationa

I
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Author

Entity Resolution

Paper

Title

Venue

Parag Sing

la and|

Pedro Domingos, |

‘Memory-Efficient Inference in Relatlonal|

Domain

T(AAAI-06).

Singla, P., «

R|Da

domains. In

ingos,\gK2006). Memory-efficent inference in relatonal

M\ Twenty-First National Conference on Artificial

Intelligence (pp.

. B n, MA AAAI Press]|

H. Poon

P. Domingos,

Sound an'C|e t
Determfhistic Dependencies], ff|ProaqAAA

rence with Probabilistic and

-06, Boston, MA, 2006.

P. Hoifung

(2008).

Efficent inference|

Conference on Artificial Intelligence.

In

Proceedings of the Twenty-First Nationa

31

Again, ‘instance’ are not independent ! J "
; ( > | _ersitatbonnd



Topic Models

SearchMews | Searchihe Web |

G O L‘)gle Search and browse 4,500 news sources updated confinuously,

News

Standard Version | Text Version | Image Vierakon

Mews archive search "% | Advanced news search

Top Stories |Personalized News =| Go |

Aulo-generated

High court eases limit on election ‘issue ads’
Philadalphia Inguirer - 2 hours age

The McCain-Feingold faw's ban on using a candidale’s name in
such ads days before a election iz unconstitutional, it ruled. By
Robam Bames Sen. John McCain, left, 3 GOP presidantial
hapeful who wiote the 2002 law with Democratic Sen. ...
related images »

Israel announces release of 250 Fatah prisoners
CTV ca - T hours ago

Rice Breaks lce With France's New Leaders
Wiashingtan Pest - 4 hours ago

US Emvoy Says North Korea Disarmament Process
'‘Back on Track'

Voice of Amanca - 10 hours ago

Will iPhone change evervthing — or fall fiat?
Gipbe znd Mail - E hours ago

Gooole escalates antitrust batile with Microsoit
Seattie Times - 1 hour-ago

K. Kersting

Statistical Relational Learning
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[Etzioni et al. ACLO8] http://www.cs.washington.edu/research/textrunner/

=

% TextRunner Search
Object Relation Uncertainty Object

TextRunner took 3 seconds.
Retrieved 256 results for paperd

Daper - -
sses {G5), covers (54)] addresses

paper discusses (34), covers (30), contans (/ ), © more... the following to

paper focuses on (9), discusses (5), addresses (5), 6 more... fwo topics TeXtRunner: (Turing born in London)

paper focuses on (9), discusses (6), will discuss (4), 4 more... three topid

paper provides (11), presents (7), 15 provides (2), 2 more... an overview g + WordNet: (London, part Of, England)

paper covers (§), addresses (3), considers (2) a wide range of topics
paper discusses (3), examines (2), will cover (2), 2 more... four topics

digument 1 and topic ig

No complex inference (yet) ! )

paper was (2) part of the third topic + Rule: ‘born in’ is transitive thru ‘part of’
paper describes clustering (2), discusses (2), and choose (2) related top

paper covers (5), addresses (?) a number of topics bonclusion: (Turing, born in, Englanch
paper will cover (5), explores (2) a variety of topics -

Pa ) - o : | :
ra Programs will consume, combine, and correlate everything in the

- universe of structured information and help users reason over it.”
Pal [S. Parastatidis et al., Communications of the ACM Vol. 52(12):33-37 ]
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Relations are everywhere .

Hyperlinks in web pages
References in scientific publications

Social networks

- Ontologies

. _G;:fic@;?ass@ig# [ ey

and connectivity is important

- PageRank
, K. Kersting 3
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Objects + Relations + Uncertainty are everywhere

Activity

Planning
Recognition

o B
Biolnformatics Eﬂ &;

Natural L:
.V "",', V‘° Processir
o //
TV DET Apl) ;’ N
| K. Kersting
Statistical Relational Learning
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Robotics

Data Cleaning

Social Networks

Web data (web)
» Biological data (bio)

= Social Network Analysis (soc)

= Bibliographic data (cite)
= Epidimiological data (epi)

» Communication data (comm)
= Customer networks (cust)

= Collaborative filtering
problems (cf)

* Trust networks (trust)

B
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Costs and Benefits of SRL / StarAl

Relations can reveal additional
correlations. Abstraction allows for
generalization.

. Benefits

- Better predictive accuracy

- Better understanding of domains

- Growth path for machine learning
and artificial intelligence

. Costs

. - Learning is much harder

SRL/StarAl techniques
have the potential to lay
the foundations of next
generation Al systems

- Inference becomes a crucial issue

Greater complexity for user

(8
, K. Kersting i ] ) 37
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So far

- The world is complex and uncertain
- Reviewing papers
- Joint segmentation and entity resolution

- Topic models

Now
- Let's get started!

- From logic to statistical relational frameworks

, K. Kersting T ”
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Main StarAl / SRL Key Dimensions

Logical language
First-order logic, Horn clauses, frame systems

Probabilistic language
Bayesian networks, Markov networks, PCFGs

Type of learning

Generative / Discriminative

Structure / Parameters

Knowledge-rich / Knowledge-poor

MAP / Marginal
Full grounding / Partial grounding / Lifted

'.'
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(Propositional) LP — Some Notations

/ Fact burglary. atom
head  earthquake.
Program Clause alarm :- burglary, earthquake.
marycalls :- alarm.
K johncalls :- alarm. \

body
Herbrand Base (HB) = all atoms in the program

burglary, earthquake, alarm, marycalls, johncalls

Clauses: IF burglary and earthquake are true THEN alarmis true
Two closely related ways to define semantics
N 1. Model-theoretic 0
v 3 2. Proof-theoretic er5|tatbou[1nl



Model Theoretic: Restrictions on Possible Worlds

- Herbrand Interpretation
- Truth assigments 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

E B| P(A|BE)
burglary. " e b|09 01
earthquake. e E 02 0.8
alarm :- burglary, earthquake. 5 bl109 0.1
marycalls :- alarm. = b 10.01 0.99
johncalls :- alarm. °

Marycaﬁy JohnCall
, K. K_er_sting _ _ p, mmE -
P fﬂtaaélr?;[rll(:ea:_Saegi;[lrmogngluanerirer]rlnSgchooI (MLSS) ._L :%‘=f; Fraunhofer
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Proof Theoretic: Restrictions on Possible Derivations

- A set of clauses can be used to prove that atoms are entailed by the
set of clauses.

Goal

:- johncalls. burgaatiquake.
earthquake.
alarm :- burglapt] S3Fthepialequake
marycalls :- alarm.
johncalls :- alarm

:- alarm.
, K. Kersting -~ .
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Stochastic Grammars

Upgrade HMMs (regular Weighted Rewrite Rules
languages) to more complex
languages such as

context-free languages.

1.0 : Det —» the

: N > man

AP

5
5 : N > telescope
1 / NP\ P /NP \ 5 : R — V, NP
D|et N ‘ [|)et l\|l 0.5 :—> VP, PP
i saw the man with the telescope 1.0 : PP > P, NP
1.0 : V > saw
1.0* 1/3* 0.5* 05* 1.0 .. 1.0 : P > with
= 0.00231
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Upgrading to First-Order Logic

father (rex, fred) . mother (ann, fred) .
father (brian, doro). mother (utta, doro).
father (fred, henry) . mother (doro, henry) .
pchrom(rex,a). mchorm(rex,a).

(

pchrom(ann,a). mchrom(ann,b).

The maternal information mchrom/2 depends on the maternal and
paternal pchrom/2 information of the mother mother/2:

mchrom(fred,a) . mchrom(fred,b), ...
or better
mchrom(P,a) :- mother (M,P), pchrom(M,a), mchrom(M, a) .
mchrom(P,a) :—- mother (M,P), pchrom(M,a), mchrom(M,Db).
mchrom(P,b) :- mother (M,P), pchrom(M,a), mchrom(M,Db).
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Upgrading - continued

Propositional Clausal Logic
Expressions can be true or

false
head jody
clause alarm :- burglary, earthquake.
, K. Kersting 4
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Upgrading - continued

Substitution: Maps variables to terms: {M / ann}:

Relational Clausal Logic
Constants and variables refer mc (P,a) :- mother (ann,P),pc(ann,a),mc(ann,a).

to objects
Herbrand base: set of ground atoms (no variables):

{mc (fred, fred) ,mc (rex, fred), ..}

Propositional Clausal Logic
Expressions can be true or

false
head b°d<<
clause mc (P,a) :- mother (ann,P),pc(ann,a) , mc(ann,a).
_ \ constant
variable (placeholder) atom
G

— terms



Upgrading - continued

-Substitution: Maps variables to terms: {M / ann}:

Full Clausal Logic
Functors aggregate objects -« mc(P,a) :- mother (ann,P),pc(ann,a),mc(ann,a).

: : -Herbrand base: set of ground atoms (no variables):
Relational Clausal Logic

Constants and variables refer to

objects . {mc (fred, fred) ,mc (rex, fred), ..}
Propositional Clausal Logic
Expressions can be true or
[ false ]
constant
x body
head
nat (0) .
clause nat( (X)) :- nat(¥X).
/ / Interpretations can be infinite !

4

term nat (succ (succ (0))),

atom



Inference in First-Order Logic

Traditionally done by theorem proving (e.g.: Prolog)

Main approach within SRL: Propositionalization followed by “model
checking”

- Propositionalization:
Create all ground atoms and clauses

- Model checking: Inference in graphical models, weighted
Satisfiability testing

, K. Kersting 48

Statistical Relational Learning | t *ﬁ .
Yok Machine Learning Summer School (MLSS) == 7 Fraunhofer universitstbonn
ANU, Canberra, AUStralia, OCt 4, 2010 3 IAIS BMEDMISONE FRIEDRIOH-SIILHEL ML

l



Forward Chaining

father (rex, fred) . mother (ann, fred) .
father (brian, doro) . mother (utta, doro).
father (fred, henry) . mother (doro, henry) .
pc (rex,a). mc(rex,a).

pc(ann,a) . mc(ann,b).

Set of derivable ground atoms = least Herbrand model
mc(fred,a)

. {M/ann, P/fred}
. / \ mc(P,a):- mother(M,P), pc(M,a), mc(M,b).

mother(ann,fred).  pc(ann,a) mc(ann,b) father(rex,fred). -

49
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Backward Chaining

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

father (fred, henry) . mother (doro, henry) .

pc (rex,a). mc(rex,a).

mc(fred,a)

.- mother(M,P), pc(M,a), mc(M,a).
mc(P,a):- mother(M,P), pc(M,a), mc(M,Db).

{P/fred}
{P/fred}
mother(M,fred),pc(M,a),mc(M,a) mother(M,fred),pc(M,a),mc(M,b)
mother(ann,fred). mother(ann,fred).

{M/ann} {M/ann}

pc(ann,a),mc(ann,a) pc(ann,a),mc(ann,b)

I pc(ann,a). I pc(ann,a).
mc(ann,a) mc(ann,b)

fail success



So far

- Motivation

- Brief review of logic

Now
. Let's see some actual SRL frameworks
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Alphabetic Soup of SRL

Knowledge-based model construction
[Wellman et al., 1992]

PRISM [Sato & Kameya 1997] | IWIEEEEE%E[HE%‘E’?E\ -

Stochastic logic programs [Muggleton, 1996]

Probabilistic relational models [Friedman et al., 1999]

Bayesian logic programs [Kersting & De Raedt, 2001]

Bayesian logic [Milch et al., 2005]

Markov logic [Richardson & Domingos, 2006]

Relational dependency networks [Neville & Jensen 2007]

ProblLog [De Raedt et al., 2007] And many others!
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[Friedman et al., 1999]

Probabilistic Relational Models

Logical language: Frame systems

Probabilistic language: Bayes nets

- Bayes net template for each class of objects

- Object’s attributes can depend on attributes of related objects

- >1 related objects of same type: aggregate functions avg, min, ...
- Only binary relations

- No dependencies of relations on relations

Learning:

- Parameters: Closed form (EM/Gradient if missing data)
- Structure: “Tiered” Bayesian network structure search

Inference: Full grounding + Belief propagation

53
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[Sato & Kameya 1997]

PRISM

Logical language: Prolog / Horn clauses

Probabilistic language:

Probabilistic context-free grammars

- Attach probabilities to clauses using probability switsches

- 2 Probs. of switch = 1

Learning: EM-BDD

Inference: Do all proofs, add probabilities, use BDDs for

efficient computation

'.'
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[Muggleton, 19906]

Stochastic Logic Programs

- Logical language: Horn clauses

- Probabilistic language:
Probabilistic context-free grammars

- Attach probabilities to clauses

- 2 Probs. of clauses w/ same head = 1

- Learning: ILP + “Failure-adjusted” EM

- Inference: Do all proofs, add probabilities

| K. Kersting
Statistical Relational Learning
et Machine Learning Summer School (MLSS)
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[Neville & Jensen 2007]

Relational Dependency Networks

Logical language: SQL queries

Probabilistic language: Dependency networks

Conditional probability template for each predicate

Atoms depend on related atoms

>1 clause w/ head: aggregate functions

Cyclic dependencies
Learning:

- Parameters: EM based on Gibbs sampling
- Structure: relational probability trees, boosting

Inference: Gibbs sampling

56
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[Kersting & De Raedt, 2001]

Bayesian Logic Programs

- Logical language: Prolog / Horn clauses

- Probabilistic language: Bayesian networks

Ground atom — Node

Head of clause — Child node

Body of clause — Parent nodes

>1 clause w/ same head — Combining functions noise-or, ...

- Learning: Tight integration of ILP + EM/Gradient

- Inference: Grounding + Belief propagation

'.'
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(Reviewing) Bayesian Logic Programs

Rule Graph

1
D

!
-3

_

grade (P, C)

placeholder

quality (P), difficulty(C) .

P(grade(Paper,Conference))

quality(Paper) Difficulty(Conference) C b a
low low 0.2 0.5 0.3
low middle 0.1 0.7 0.2

'.'
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(Reviewing) Bayesian Logic Programs

. grade(paperz, . "




(Reviewing) Bayesian Logic Programs

:-ﬁiﬂiculty{uai)_ _

=
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(Reviewing) Bayesian Logic Programs




(Reviewing) Bayesian Logic Programs

huaﬁt}l{papefz}j ' _ ;-ﬂiﬁiculty{uai)_“

(ﬁrﬂ;e(papeﬂ uai).

oo

" grade(paper2,aaalii)




(Reviewing) Bayesian Logic Programs

quality(paper2)

difficulty(aaal) '.

o

__arade a1zl

{ quality(paper1)

L o

Model holds for a variable
number of objects and
) _relations among objects

Same procedure for different
(numbers of) papers and
_conference

J




[Milch et al., 2005]

Bayesian Logic

Logical language: First-order logic like

Probabilistic language: Bayesian networks

BLOG program specifies how to generate relational world
Parameters defined separately in Java functions

Allows unknown objects

May create Bayesian networkds with directed cycles

Learning: None to date

Inference:

- MCMC with user-supplied proposal distribution

- Partial grounding

'.'
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[Richardson & Domingos, 2006]

Markov Logic

Logical language: “First-order” logic

Probabilistic language: Markov networks

- Syntax: First-order formulas with weights
- Semantics: Templates for Markov net features

Learning:

- Parameters: Generative or discriminative
- Structure: ILP with arbitrary clauses and MAP score

Inference:

- MAP: Weighted satisfiability
- Marginal: MCMC with moves proposed by SAT solver
- Partial grounding + Lazy inference

'.'
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Markov Logic

- A Markov Logic Network (MLN) is a set
of pairs (F, w) where

- F is a formula in first-order logic

- W IS a real number
# true groundings

1
P(X) = - CXPp Z Wini('x) of ith clause

Z il
/ ™~
Normalization constant lterate over all first-order MLN formulas

- Together with a finite set of constants, it defines a
Markov network with

. Kind of undirected BLPs
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Example of First-Order KB

-High quality papers get accepted
-Co-authors are either both smart or both not
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Example of First-Order KB

Vx high quality(p) = accepted(p)
Vx,y co author(x,y)= (Smart(x) <> smart( y))

68
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Markov Logic

Suppose we have constants: alice, bob and p1

1.5 |‘v’x author (x, p) A smart (x) = high quality (p)

1.1 || Vx high _ quality (p) = accepted (p)

1.2 |‘v’x, y co _author (x,y) = (Smart (x) < smart (y))

0 Vx,y dp author (x, p) A author (v, p) = co author (x, y)

co_author(bob,alice) co_author(alice,bob)

co_author(alice,alice) co_author(bob,bob)

smart(alice) - smart(bob) author(p1,bob)

high_quality(p1)

accepted(p1)

'Same procedure for different (Model holds for a variable
(numbers of) papers and =il number of objects and

SS . .
conference T relations among objects

———
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[De Raedt et al., 2007]

ProblLog

Logical language: Prolog / Horn clauses

Probabilistic language:
“Naive Bayes”

- Attach probabilities to clauses

Learning: ILP + EM-BDD, Least-squares

Inference:

- Do all proofs, add probabilities, use BDDs for efficient
inference, Abduction, Explanation-based

70
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ProblLog

- Prolog Clauses + Probabilitiy Labels {p;:ci,...,p, 1 cn}

- Label of a clause/fact ¢ indicates the probability that ¢ belongs
to the target program

- Each fact/clause independent of other clauses

L C{ecyyonyent

P(L|Program) = ][ »i [] (1 - p)) .
C‘i'. E L Cj QL P I//Palhw Yy \ \.\__(j;_ene //‘
/ Tissue ‘\‘ expressed \—., _ -// / ! 7T"7
@« ,.,\/ /o |
‘I-“ e // : refers t
P(q|Prog'ram) = E P(q|L) X P(L|P'rog7“am) ‘.‘ des// | e
LC{c1,...,cn '} e / S
" refers t ‘.‘ e
/ Cellular |’:> 7t /\\ ‘I“.
PgL) = 1ifLl=q & - f o~ GRS —a
N X T / icle
. ‘SP rt of Is found m\ \\\\ I‘:\./inieracts th \—\,_T
= (0 otherwise S\ o e
- ///h/a/s \\ \_l_ _
| K. Ke rstlng ‘/‘7 encion >J—<;o:1:|t1em FamE*’\ MeSH t rm\/
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ProblLog

path(x,y) :- edge(x,y)
path(x,y) :- edge(x,z), path(y,z)

Z Fraunhofer "

IAIS UHI‘u-"Er'Sitétbonn



Most common approach to semantics and inference
/ D
- Propositionalization followed by graphical model
iInference respectively (probabilistic) model checking
< 4

- Propositionalization:
Create all ground atoms and clauses using essentially
forward or backward chaining. Can be query directed.
There even exists first-order Bayes’ ball variants

- Variable elimination, Belief Propagation, Gibbs
Sampling, Weighted (MAX)-SAT, BDD-based, ...
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Recent Advances in SR Inference

Preprocessing for Inference: FROG - Shavlik & Natarajan (2009)

Lifted Exact Inference

- Lifted Variable Elimination — Poole (2003), Braz et al. (2005), Milch et al. (2008)
- Lifted VE + Aggregation — Kisynski & Poole (2009)

Sampling Methods

- MCMC techniques — Milch & Russell (2006)
- Logical Particle Filter — Natarajan et al. (2008), Zettlemoyer et al. (2007)
- Lazy Inference — Poon et al. (2008)

- MC-SAT - Poon & Domingos (2006)

Approximate Methods

- Bi-simulated Lifted Variable Elimination — Sen et al. (2008, 2009)

- Lifted First-Order Belief Propagation — Singla & Domingos (2008), Kersting et al. (2009, 2010)
- MAP Inference — Riedel (2008)

- Formula based — Gogate & Domingos (2010)

Bounds Propagation: Anytime Lifted Belief Propagation — Braz et al. (2009)
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Costs and Benefits of the SRL soup

Benefits

- Rich pool of different languages

- Very likely that there is a language that fits your task at hand
well

- A lot research remains to be done, ;-)
Costs

- “Learning” SRL is much harder

- Not all frameworks support all kinds of inference and
learning settings

Quite similar to propositional ones!

[How do we actually learn relational models from data?}

)




E,B,A
<Y,N,N>
<Y,N,Y>
<N,N,Y>
<N,Y,Y>
<N,Y,Y>

E B| PAAJEB)
e p| 2
e b| ?
e bl ?
e b| ?

Excurse: BN Learning
Known Structure, Complete Data

Learning

algorithm

Network structure is specified

Learner needs to estimate
parameters

Data does not contain missing
values

CED 8D
(A
E B| PAA/EB)
e p| 9 .1
e Z 7 3
e b| 8 -2
~ 7| .99 .01




ML Parameter Estimation

LL(O|X) = log P(X1, X2, . ..

= log Hi:l P(X;|©)

=3 logP(Xil0) =3 log P(a},a?,...,

_Zj_ ZE l]DgP(:{ﬂpa(ﬂ:j)

Each factor

individually !!

Al A2 A3 A4 A5 A6
r X T | 8} true true false true false false
false true true true false false
true false false false true true
il
z;"|O)

P (7 | pa(a)), 9)) (BN semantics)

Only local

(7

parameters
of family of
Aj involved



ML Parameter Estimation

Al A2 A3 A4 A5 A6

LL(B|X) =log P(X1, X2,...,Xn|O)

true true false true false false

false true true true false false

Decomposability

- Z::;L log (H:il P(z]| pa(z), 9)) (BN semantics)

log | | n m . . Only local
= Z-Zl Z _, log P(z;| pa(z;), ©) parameters
E log : d )
of family of

_ Z;n: Z?leﬂg P(lﬂ pﬂ(ﬂ?g), A] involved

— Zm ﬁﬁ(("‘)j ) Each factor
7=1 individually !!

-/8



Decomposability of Likelihood
If data set is complete/fully observed (i.e. no “?7)

. we can maximize each local likelihood function
independently, and

- then combine the solutions to get an MLE solution

- This decomposition of the global problem to
independent, local sub-problems allows us to come
up with efficient solutions to the MLE problem
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Likelihood for Multinominals

Random variable V with 1,... K values

K
P(V =k) = b D . _ =1

/\
{This constraint implies that the choice on Oi}

influences the choice on 6; (i<>j)

K
Ny _
_ log = Zk:l Ny, - log 0%
where Nk denotes the number of times we observe
state k in the data (the counts)

LL(O,|X) = ZK
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Likelihood for Binominals (2 states only)

Compute partial derivative

0, 0

891_55(@)14)() = %0, (N1 log 81 + Nolog(l — 61))
N, N
9, 1-6,

Set partial derivative zero

N N
az:z:(c-)vw):o@el -2 =0
1

00;
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Likelihood for Multinomials

Compute partial derivative

%, %,
50, v|X) = 50, log 81 + N2 log(1 — 64))
6, 1—6,
Set partial derivative zero
19, N1 No
v X — i —
50, X) =0+ 15 =0
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Likelihood for Conditional Multinominals

P(V = k| pa(V) = pa) multinomial for each joint state pa of
the parents of V:

P(k|1,1), P(k|1,2), P(k|2,1), P(k|2,2)
LL(O,|X)
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Known Structure, Incomplete Data

E,B,A

<Y,?,N>

<Y,N,?>

<N,N,Y>

<N,Y,Y> o

<?,Y,Y>
E B| P(A/EB)
e p| 2 p)
e p| ? 2
e b| 2 ?
- =1 92 2
e b y

Learning

algorithm

Network structure is specified

Data contains missing values

Need to consider
assignments to missing
values

CED B

4D
E B| PAJEB)
e p| 9 .1
e Z 7 3
e b| 8 -2
~ 7| .99 .01
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EM Idea
If , ML parameter estimation is easy:
simple counting (1 iteration)

But what if there are missing values, i.e., we are facing
incomplete data?

1. Complete data (Imputation)
— most probable?, average?, ... value

2. Count

3. lterate
, K. K.er.sting _ _ ‘L pannn >
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EM Idea: complete the data

1
0 A—true = )

4] — 1
B=true|A=true — 3

incomplete data

HB:true|A=:Ealse — % A B
com pIEte true | true
true ?
P(B = true|A = true) = 0.5 false | true
P({B = true|A = false) = 0.5 true | false
false ?
complete dat‘a/xpected counts
Al B ] N iterate
true | true | 1.5 HA:true — 1..E—|—1.E-
true | false | 1.5 R e
false | true | 15 ‘ OB—true| A=true = L54+L5
false | false | 0.5 m_a_Xj_m_ize_HB:trua|A:false — 1_5_i_[]_5
, K. Kersting
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EM Idea: complete the data

EA: true — 0.6

EB:trua?A:tru& = 0.5
EB:truei.A:falsE _— ﬂ-E‘?E’

P(B = true|A = true) = 0.5

incomplete data

complete

P(B = true|A = false) = (.875

complete datAa/xpected counts

A B N

true | true 1.5
true | false 1.5
false | true 1.875

l falselqrstign125

—)

Xl

Statistical Relational Learning

EA trua —

HE—trumA =true

—
true | true
true ?
false | true
true | false
false ?

EE:trumA::Ealaa —

iterate
1.5+1.5 —
1.5+1.5+1. E'.p:-+|'_|l 125 — 0.6
= -5+11. §T"_ 0.9
ad
e = 0. 9375

1Z
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EM Algorithm Principle

PYIE)

new function Q(6,0%)

Current point 6

|
|
|
|
|
|
: Maximum 6k*!

— >

Expectation Maximization (EM):

Construct an new function based on the “current point” (which “behaves well”)

Property: The maximum of the new function has a better scoring then the current point.
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EM for Multinominals

Random variable V with 1,... K values

K
P(V =k) =0 Zk_:l 0, = 1
Q(©,,0") = Zk log ;7 Zk:l log EN}, - 0y,
where EN, are the expected counts of state k in
the data, i.e. m
EN, = )  P(k|X;)
i=1
ool (MLSS) 5= Fraunhofer

. 4. 2010 iais Universitatbonn{
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EM for Conditional Multinominals

P(V = k| pa(V) = pa)wultinomial for each joint state pa
of the parents of V:
P(k[1,1), P(k[1,2), P(k|2,1), P(k|2,2)

Q(6,,0")

K K
B Zpa Z:'s:=1 log gflirwa - Zpa Zk:l ENgpa * Orlpa

90
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Non-decomposable likelihood (missing value, hidden nodes)

\@
N> X DCB

< 010 1>
<1120 1>
<0 00?2 2>

Initial parameters :
xpectation

Inference:

P(S|X=0,D=1,C=0,B=1)

Current model

Expected
counts

SXDCB
10101
11101
000O0O
10001

> P(kpalXi)_

91

Maximization
Update parameters

L, MAP

EM-algorithm:

iterate until convergence

K Karetina

| OK, but how do we finally do relational PE? J




Relational Parameter Estimation

Background
Model(1 m(ann,dorothy),

B = f(brian,dorothy),
bt(ann)=a.

by Model(2) y.fred).
. Jfred),
bt bt(cecily)=ab, -
0D),
Ll bt(henry)=a,

bt(fred)=?, Model(3)
bt(kim)=a,  pc(rex)=b,
bt(bob)=b  bt(doro)=a,
bt(brian)="2

 Person >

92
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Relational Parameter Estimation

Background

Model(1 m(ann,dorothy),
pc(brian)=b, f(brian,dorothy),
bt(ann)=a. ily, fred)
bt Model(2 c
e Jfred),
bi( bt(cecily)=ab,
ob),

= bt(henry)=a, -
bt(fred)=?, Model(3)
bt(kim)=a,  pc(rex)=b,
bt(bob)=b bt(doro)=a,

bt(brian)="2

Parameter tighting

93
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So, apply ,,standard“ EM oy Bacang

m(ann,dorothy),

pe(brian)=b, ¢ 1 rian. dorothy),
Logic Program L : i Pllamnra | ivred)
bt( Model(2)
‘‘‘‘‘‘‘‘‘‘‘‘ iterate until convergence " ececymap, |10
T oo ) ob),
- » - W - bt(henry)=a,
FFFFF R bi(fred)=?, ~Model(3)
o O EXpeCtatlon bt(kim)=a,  pc(rex)=b,
. bt(bob)=b bt(doro)=a,
mmmmm — bt(brian)=?

Initial Parameters 00

g Inference
. Current Model
(ML,0K) Expected counts of a clause
> =S P( head(GI), body(Gl) | DC )
Ground Instance DataCase DC
> =S P(head(Gl), body(Gl) | DC ) ol
Ground Instance DataCase DC MaX|mlzat|0n
GIE E Update parameters (ML, MAP)
P( body(Gl) | DC)
Ground Instance DataCase DC [ BUt hOW do We SeleCt a mOdeI ?

\ J -

{Variants exists! Combining Rules, Generative, discriminative, max-margin, ...




Relational Model Selection / Structure Learning

ILP= Machine Learning + Logic Programming
[Muggleton, De Raedt JLP96]

Examples E

Find set of general rules pos(mutagenic(m,))

mutagenic(X) :- atom(X,A,c),charge(X,A,0.82) neg(mutagenic(m,))
2

mutagenic(X) :- atom(X,A,n),... pos(mutagenic(m,))

O\ Background Knowledge B
n molecule(m,) molecule(m,)
/ atom(m,,a,4,c) atom(m,,a,4,0)
//c \ atom(m,,a,,,n) atom(m,,a,,,n)
c bond(m,,a;,a1,) bond(m,,a,1,a5)
i / charge(m,,a4,,0.82)  charge(m,,a,;,0.82)
c—¢C
, K. Kersting %
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Example ILP Algorithm: FOIL [Quinlan MLJ 5:239-266, 1990]

[ mutagenic(X) :- atom(X,A,n),charge(A,0.82) ] 0

1l
b

mutagenic(X) :- atom(X,A,c),bond(A,B)] v

.- atom(X,A,c) ]\
0.7 .- atom(X,A,c),bond(A,B)

Coverage = 0.5,

Coverage = 0.8

, |
- atom(X,A,n) | { - atom(X,A,n),charge(A,0.82)]

- atom(X,A,f) J Some objective function, e.g.

Coverage = 0.4,06 ———— B
; percentage of covered positive examples

96
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Vanilla SRL
mutagenic(X) :- atom(X,A,n),charge(A,0.82) ]

=0.882

mutagenic(X) :- atom(X,A,c),bond(A,B)

Traverses the hypotheses space a la ILP

Replaces ILP’s 0-1 covers relation by a “smooth”,
probabilistic one [0,1]

cover(e, H, B) = P(e|H,B)
cover(E,H,B) = | I cover(e, H, B)
eck
, K. Kersting T "
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So, essentially like in the propositional case !
SO &

CE

If data is complete:
To update score after local change,
only re-score (counting) families that

ey O
changed PSS

If data is incomplete: CED
To update score after local change,
reran parameter estimation algorithm o
| K. Kersting | P ”
L S ss) [ A Fraunhofer Y

ANU, Canberra, Australia, Oct. 4, 2010 :



Stru Ctu ral E M [Friedman et al. 98]

Reiterate

Score &
Parameterize

X
-t

Computation

}K_.
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[Landwehr, K, De Raedt JMLR 8(Mar):481-507, 2007]

nFOIL = FOIL + Naive Bayes

100,00 ¢

80,00

- Clauses are independent features

80,00

B nFOIL
B mFOIL
1 Aleph
B 1BC2

- Likelihood for parameter estimation

70,00

Predictive Accuracy

60,00

- Conditional likelihood for scoring clauses

50’00 L — s L

[ atom(X,A,n),charge(A,0.82) ]\
mutagenic(X)

[ atom(X,A,c),bond(A,B) ]<7

r.f.
memory
Diterpene [

r.u
Alzheimer |
Alzheimer |

toxic |
Alzheimer |
Alzheimer §

Mutagenesis
Mutagenesis

P(truth value clausesi|truth value target predicate) x P(truth value target predicate)

Let's have a look at bottom-up, i.e. data-driven approaches
’ S
Several variants exists! Top-down, bottom-up, boosting, transfer
. learning, among others >




Relational Pathfinding (richaras & mooney, Aaaroz;

Find paths of linked ground atoms —formulas
Path = conjunction that is true at least once

Exponential search space of paths

Restricted to short paths

51) A TAs(Sam, GS1)

IAS
| K. Kersting Pe 101
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Learning via Hypergraph Lifting<: voringes. icmiog)

o T o o

Advises Teac
Pete | Sam || Pete | C
Pete | Sau Pete | C
 Paul | Sara || Paul | CS2 |
| _TAs |
Sam | CS1
Sam | CS2
Sara | CS1

" O S S S S S S S S S e e e e

e o o o e e e e o .

Relational DB can be viewed as hypergraph

- Nodes = Constants
- Hyperedges = True ground atoms

'.'

K. Kersting
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Learning via Hypergraph Lifting<: voringes. icmiog)

o T o o

— e o = o o
e o o o e e e e o .

" O S S S S S S S S S e e e e

Using “2"9"-order MLNs

- Jointly clusters nodes
into higher-level Agvises
concepts

- Clusters hyperedges

Studen



Learning via Hypergraph Lifting<: voringes. icmiog)

/| _Advises | Teach

e o o o e e e e o .

\

\ | B

" O S S S S S S S S S e e e e

convert paths to

first-order clauses
Advises

Studen



FindPaths

Paths Found

/Advises( '®) \

Aavises(C ), Q)),
Teaches (), Q)

Advises(( ), Q).
Teaches (). O,

\ TAs( O, Oy /

105
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Clause Creation

2 AN, )

Teaches CS5”CSB

ARNSERE: ) A ToRGaRg

CS3 CS4
csf css )
CS7 CS8

106
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LHL vs. BUSL vs. MSL
Area under Prec-Recall Curve

08 - IMDB 023 UW-CSE
06 -
0,21 -
04 -
02 0,19 -
0 - 0,17 -
|- Cora
08 -
0,6 -
04 -
0,2 -
O _

, K. Kersting . 107
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0,12 -
0,13 -
0,14
0,15
-0,16 -
0,17 -
-0,18 -

LHL vs. BUSL vs. MSL
Conditional Log-likelihood

IMDB

-0,28 -

-0

32 -

-0,36 -

04 -

0,1 -
02 -
03 -
04 -
05 -
0,6 -

UW-CSE

MSL

108
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min

LHL vs. BUSL vs. MSL
Runtime

16 - IMDB UW-CSE
12 -
12 -
8 - A
4 - 4 -
L
0 0 -
Cora
60 -
40 -
|
=
K_ K 20 ) 109
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Boosted Statistical Relational Learning

(I\/Iost SRL approaches seek to find models A

with a finite set of parameters ...
.. but we deal within infinite domains!)

\
[ Idea: drop the finite model assumption }
, K. Kersting P 10
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Gradient (Tree) Boosting

Models = weighted combination of a large number of small trees (models)

- Intuition: Generate an additive model by sequentially fitting small trees to
pseudo-residuals from a regression at each iteration...

o=

-- \

Loss fct S
:

Initial Model \_ J

lterate
Final AR
Model = S
+
, K. Kersting "
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Gradient (Tree) Boosting

Main step: estimate a relational regression model

Relational linear-chain CRFs [Gutmann, K. ECMLO6]
Policy Gradients [K., Driessens ICMLO8]
Aligning relational sequences [Karwath et al. ICDMO08]

Learning Relational Dependency Networks [Natarajan et al. I[LP10]
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Relational Dependency Network-Example




To predict Fine(X)

Relational Probability Trees

- Each conditional
probability distribution
can be learned as a tree

- Leaves are probabilities

. The final RDN is the set @
of these RPTs

0.98

yes no
G

K. Kersting 114
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Essentially [Blockeel & De Raedt '98]




Gradient Tree Boosting

Find ML parameters, i.e. maximize log P(Y | X) without fixing the
model structure/features

Functional Gradient

m—1
, K. Kersting P s
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Boosting RDNs

O
o
Generate ‘

Example ... -

K. Kersting 116
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Boosting RDNs@, @ @ ©
0000

Generate ‘
Example . m [Other preds] [other preds] [Other preds

[Other preds] [Other preds] amm

® F
‘ 0

—

... [T ) (o) () () ..
000 00

logP(y;|xi) = ¥(yi; %) — log Y, eV ')

OlogP(yilxi) _ 7/ 1.0 e (yi—1lizy)
(“)l[:(ylz]_bci ) - I(yl - ‘I‘? ‘L?-',) Zu, euf;(y/;:.vi]

Am(yi, %) = 1(y; = 1,%3) — Pom1(y; = 1, x3)
“Weight” of each example
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Boosting RDNs

" XK

"
Generate ‘
Example ...

00 0 0
900 00
900 0 0

K. Kersting
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Boosting RDNs

Generate

Example ... -

. ==

6|

90000

o
N

(e

® 0

Induce 1 B ,:,",_‘:;_,. T Ea:,y |:8F ]Og P(yl&:; Fm_l)j|
Regression > SESIRA m
Tree |

119
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Boosting RDNs

o0
®¢o
k
_|_
P

00O

"R K X

Generate ‘ ‘
Example ... - -
[pres ]

| emene

Update Model

o
N

(e

Induce I ke Ea:,y |:3F ]OgP(ylm; Fm—l)j|
Regression > m—1
Tree
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Boosting RDNs‘

Generate
Example ...

_|_
e

Regression
Tree

Ey

Update Model

log P(y|z; le)}

K. Kersting
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UW-CSE Results

Task: Entity Relationship prediction

- Predict advisedBy relation
- Trainin 4 areas and testin 1
- Used RDN with Regression Tree Learner

0.888 0.781 0.805
Alchemy 0.535 0.621 0.731 93 hrs

122
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OMOP Results

Task: Predict Adverse-drug events
- Input: Drugs and conditions (side-effects)
- Goal: Predict if a patient is on a given drug (onDrug(D,P))
- Learning “in reverse”
- Averaged over 5 train-test sets
Each set is a different drug

0.738 0.736 0.697 394 s
ILP + N0|Sy-Or 0.420 0.582 0.687 2400 s

123
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Direct Policy Learning

- Value functions can often be much more complex to represent than the
corresponding policy

Goal: cl(a)

X, | k=34,..,10

Xa
Xy Xy X
L\a/\l a F; FE- i a F Fa a Fy Fa:
™™ Tt gl ™™
10 84 7.82 7.05, 6.28, 559, 497,439, 3.73, 272, 1.22

- When policies have much simpler representations than the
corresponding value functions, direct search in policy space can be

a good idea

Policy: put each block on top of a on the floor

'.'
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Non-Parametric Policy Gradients [k, Driessens IcvL0g]

Assume policy to be expressed using an arbitray potential function

e‘P(S,a)

Z . e‘P(s,b)

Do functional gradient search w.r.t. world-value

w(s,a,¥V) =

compute

sample jqj_p = % Z 5.0 dﬂ (S)ﬂ'(S, a)Qﬂ(y/locally

S 0 D

, K.Kerstng 125
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Local Evaluation

Q 4 ( S, Cl) ‘ Monte-Carlo estimate or actor critic

o

n(s,a) _ (s,a)(1— 7 (s,a))

M (s,a)

e ——

, K. Kersting . 126
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— Some Experimental Results

C
o8

Oniab) - 10 blocks
T T T

RRL-TG
REL-RIB
RL-Trendi  —

TreeNPPG s

SD -TG
sD RIB
SDR endi  —
SD-T PG
Iterati
) h T ———————
1000 1500 2000

0.4

- 03

0.05

-

T

Allows us to treat propositional, continuous and
relational features in a unified way!

~




Networks of Continuous Values

Gaussian Processes [Rasmussen and Williams 2006] ... are effective tools
to deal with continuous variables

(Not-so-Formal) Definition of Gaussian Processes

® |tis a generalization of multivariate Gaussian distribu-
tions over finite dimensional vectors to infinite dimen-
sionality .

® Each draw from a Gaussian process is a function .

, , ..
ha - [==] - [3% ]
g L

0 1 2 3 4 5
X

Most existing SRL approaches do NOT deal with
continuous values

T\/Iany Al/ML tasks can be elegantly solved using continuous
values: terrain mapping, water quality prediction, preference
learning, topic models...

\ y
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Statistical Relational Learning = :
Yo Machine Learning Summer School (MLSS) <  Fraunhofer bn'nrﬂ

ANU, Canberra, Australia, Oct. 4, 2010 IAIS unwersﬂc:it



[Mimno, McCallum, UAIOS]
Dirichlet-Multinomial Regression Topic Model

Condition LDA models on arbitrary document metadata

- Log-linear prior on document-topic distributions that is a
function of observed features of the document,

- author, publication venue, references, dates, ....

author(Mimno) | author(McCallum) author(Blei) venue(UAI) venue(NIPS) year
1 1 0 1 0 2008 24
author(Mimno) | author(McCallum) author(Blei) venue(UAI) venue(NIPS) year
0.22 0.31 0.14 0.57 0.23 0.99 0.3
, K. Kersting P 129
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[Mimno, McCallum, UAIOS]

Dirichlet-Multinomial Regression Topic Model

-

4

09

(
0.23

P author(Mimno) | author(McCallum) | author(Blei) venue({UAI) venue(NIPS) year * 5
< — g |9

e X p 1 1 0 1 0 2008 | 24 g

>

057
S

0.14

< ,

0 :

—

I=

0 \ log-linear prior | /

&

8 G

®)

ke p

o

\= D _/
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[Mimno, McCallum, UAIO8]

Dirichlet-Multinomial Regression Topic Model

1. For each topic t,

: ) Draw A, w[ N (0, 521)]7
[

fa Lack of dependencies

(1 ) Draw ¢, ~ D(3) . y

2. For each document d.
I a) For each topic f let ag = e}{p(m:{)\ﬁ).

N

manifested in diagonal
covariance matrix

(a)
(b) Draw 84 ~ D(ag).
(c) For each word 1,
1. Draw z; ~ M(8g).
ii. Draw w; ~ M(¢z,).

[ ldea: Plug-in SRL approach ]

| K. Kersting
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Gaussian Processes [rRasmussen and Williams 2006] . . .

... are effective tools to deal with continuous variables
- Prior distribution of actual value:

/16, ~GP(0, k,(x,x)) i =
k(x,x') : covariance functions.”The more o y
I[?elational knowledge can further A D ——
reveal additional pairwise matrix, computed
correlations between variables of O
@ter?st . y o
Correlation between entities is often
modelled via a kernel function using
input attributes of the entities only | 0K+ 0?1k (. XY
| K. Kersting | e 132
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Relational Gaussian Process Models

Relational GPs
(Chu, Ghahramani NIPS06)

- - Single relation modeled as random variable 0 )
: . G GP'
- Known relations d-separate entities %
XGPs @RGP ’ \

(Silva, Chu, Ghahramani NIPS07) () (%)
Gr” GP

- - Single relation modeled via covariance matrix

- No “link” prediction possible % -
- Multi-Relational GPs LRI P 6
(Xu, K, Tresp IJCAI09) o 0
I I - Multiple relations (multiple colors) modeled: :
(&) (&)

- Combining RGPs and XGPs

(c) MRGP

133

| K. Kersting
Statistical Relational Learning - ‘EE? .
et Machine Learning Summer School (MLSS) . Fraunhofﬁlrﬁ unwermtatlm'nr!

ANU, Canberra, Australia, Oct. 4, 2010



GPs with Hidden Common Cause Relations siiva et al. nipso7]

-
Essentially, a GP with graph kernels

\_

J

Me get the prior distribution as

GPO, &'k (x,x')+ak (r,r"))

\tributes

X3

'

Ji

i

Yi

Optional relational
knoweldge

Gi

graph kernels,
e.g. regularized
Laplacian kernel

K, =[B(D-W + 1"
T

| K. Kersting
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[Wahabzada, Xu, K. ECML-PKDD 2010]

XLDA — Topic Model
Relational Gaussian Process

Relations are modeled as hidden per-document rolaional - lstent
common causes of topic concentrations

A X
DxF DxD K

Graph-kernels provide an efficient tool to
capture the information in relations

The model is easy to implement

- weighted sum of covariance matrixes

Can be extented to also estimate latent
topic metadata X

6 @ Attribute-wise GP D
@ G Relation-wise GP

@ Topic concentration GP
1, = o f(y;)+0,8(r)
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Comparison to Markov (Logic) Network / CRF
XGPs employ mixed-graph models

0 @ o e Information from Y, passesto Y,
Information from Y, does not passesto Y,

Information from Y, does not passesto Y,
Information from Y, passesto Y,

Markov network would ignore all training documents in a chain
besides the endpoints due to the Markov assumption

136
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Cora
D-E‘ 1 1 1
v r
o +s DA
5 0.5 [ wimiaw DMR id xl*
L — xLDA =
= 0.4}
—
Q
-
= 0.3+
J
-
o
o 0.2
=
S
0.1

5 10 15 20 25 30
number of topics

(c) Hellinger distance (the lower, the bet-

ter) of linked documents for different

number of topics.

Wikipedia

_150 .
v LDA
o a+= DMR id
Q ~200r
2 |e~ RTM
E
= —250r +
on &
o - . +
i Lut
© —300 . i U * DR
+
—3H0— 10 15 20 25 30

number of topics
(d) Average link log likelihood (the
higher, the better) for different number
of topics.
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So far

- Motivation

- Several SR frameworks
. Semantics

- Inference

- Learning

a8

So, essentially we are done ! }
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But wait ...

- Inference in first-order logic is not ,ground"”
- ... Iitislifted, i.e., it never ,touches” the ground

- Can we do similar things?

( Yes, we can. Resulting lifted approaches are often \

. Faster
. More compact

. More intuitive

K - Higher level — more information/structure available for optimization /

, K. Kersting 199
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Why does it work? Typically tons of redundancies
Vx,y,z GradStudent(x) A Prof(y) A Prof(z) A TA(x,z) A SameGroup(y, z)
—> AdvisedBy(x, y)

10,000 People at some school The Evidence
2000 Graduate students
1000 Professors
1000 TAs

500 Pairs of professors in the same group

Total Num of Groundings = |x| x |y| x |z| = 1012

, K. Kersting
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GradStudent(x)

[ FROG keeps only
these X values

GradStudent(x)

All these values for X satisfy the
clause, regardless of ¥ and Z

[ Instead of 10% values for X, )

have 2 x 103 ,
U, Canbrra, usralia, Oct. ,200 ' erbistene Tuiconion rLueL-




GradStudent(x) A Prof(y)

9000
Others

K. Kersting
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GradStudent(x) A Prof(y) A Prof(z)

K. Kersting

Statistical Relational Learning
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-GradStudent(x) A Prof(y) A Prof(z) A SameGroup(y,z)

SameGroup(y, z)

only

1000 Y:Z combinations

K. Kersting _—
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GradStudent(x) A Prof(y) A Prof(z) A TA(x,z) A SameGroup(y,z)

Original number of
groundings = 1012

Final number of
groundings < 106¢
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Sambple Results: UWash-CSE

10.000.000.000 -

1.000.000.000 - —
N—— Fully Grounded
“ Net,
‘éﬂ 10.000.000 -
= FROG’s Reduced
c 1.000.000 A
- ”Et
2 100.000 -
E - //”'—‘*
o FROG’s Reduced Net without One
O S Challenging Rule
-g 100
E " advisedBy(x,y) A advisedBy(x,z) —

samePerson(y,z)

1

OK, thls IS preprocessmg Can we epr0|t ' 800
redundancies also at inference time?

ay



Bayesian Networks (directed)

P(epidemic)

P(sick_john | epidemic) P(sick_bob | epidemic)

P(sick_mary | epidemic)

P(sick john, sick_mary, sick bob, epidemic)

= P(sick_john | epidemic) * P(sick_mary | epidemic)
* P(sick_bob | epidemic) * P(epidemic)

| K. Kersting

Statistical Relational Learning
A Machine Learning Summer School (MLSS)
ANU, Canberra, Australia, Oct. 4, 2010
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Distributions can naturally be represented as
factor graphs

Each circle denotes a (random) variable, each box denotes a
factor (potential)

X1 X I3

p(x) = falx1, x2) fo(x1, 22) felaa, x3) fa(as)

p0) = [ £ ]

unnormalized !

fa fb fc fd

There is an edge between a circle and a box if the variable is in
the domain/scope of the factor

148
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Factor Networks (undirected)

b,

O,

epidemic_belgium
Oy

P(epi_france, epi_belgium, epi_uk, epi_germany)
< ¢,(epi_france, epi_belgium) * ¢,(epi_france, epi_uk)
* (;(epi_france, epi_germany) * ¢,(epi_belgium, epi_germany)

| K. Kersting 149
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Bayesian Nets as Factor Networks

P(epidemic)

P(sick_john | epidemic) P(sick_bob | epidemic)

P(sick_mary | epidemic)

P(sick john, sick_mary, sick bob, epidemic)
X P(sick_john | epidemic) * P(sick_mary | epidemic)
* P(sick_bob | epidemic) * P(epidemic)

, K. Kersting 150
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Factor Graphs from Graphical Models

Je
fa fb
p(x) = p(x1)p(w2) f(z1, 22, 73) fa(z1) = p(a1)
p(xs|Ty, 22) p(xl)p(@) (31, 22)
fo(r2) = p(a2)
fc(x17x27x3) — p(x3|$1,ﬂf2)
T HEy) T Xo Ty £
f Jfa
o
X3 T3 Z3
(1,22, 23) f(x1, 22, 13) fa(@1, w2, 23) fo (22, 23)
= (21, 72,73) = Y(x1,22,73)
, K. Kersting I 191
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Inference: Marginalization

P(epidemic)

epidemic

P(sick_john | epidemic) P(sick_bob | epidemic)

P(sick_mary | epidemic)

P(SiCk_jOhn) X Zepidemic Zsick_mary Z sick_bob
P(sick_john | epidemic)

* P(sick_mary | epidemic) * P(sick_bob | epidemic)

* P(epidemic)

| K. Kersting
Statistical Relational Learning
et Machine Learning Summer School (MLSS)
ANU, Canberra, Australia, Oct. 4, 2010
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Inference: Variable Elimination (VE)

P(epidemi

P(sick_john | epidemic)

| K. Kersting

Statistical Relational Learning
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Inference: Variable Elimination (VE)
P(epidemic)

P(sick_john | epidemic)
¢, (epidemic)

P(sick_mary | epidemic)

P(sick_john) Zepidemic P(sick john | epidemic) * P(epidemic)
* Zsick_mary P(sick_mary | epidemic)
* ¢, (epidemic)
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| K. Kersting o
Statistical Relational Learning =
Yol Machine Learning Summer School (MLSS) :i} ~Z Fraunhofer universitétlm'nrﬂ
ANU, Canberra, Australia, Oct. 4, 2010 LS. cosszcue mscomson-uniuei.



Inference: Variable Elimination (VE)
P(epidemic)

P(sick_john | epidemic) b, (epidemic)
epidemic)
P(sick_john) o Zepidemic P( n | epidemic) * P(epidemic)
¢, (epidemi
* Zsick_mary P(sick_mary | epidemic)
| g K_er.s’[ir;gR S | e 155
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ination (VE)

P(epidemic

d,(epidemic)

Inference:

P(sick_john | epidemic)

epidemic (SICK_john | epidemic) * P(epidemic)
* ¢, (epidemic)
= 0, (epidemic)

P(sick_john) o
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Inference: Variable Elimination (VE)

d5(sick_john)

P(sick_john) o< @5 (sick_john)

, K. Kersting P 157
Statistical Relational Learning B = .
et Machine Learning Summer School (MLSS) iﬂ Fraunhofﬁrﬁ universitétbn'n-r!

ANU, Canberra, Australia, Oct. 4, 2010157



A Factor Network

epidemic(measles) epidemic(flu)

EEN
sick(mary,measles) ) ... . sick(bob,measles) sick(bob, flu)
EEN
hospital(mary) nmn hospital(bob)

| W . 198
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First-order Representation
Logical Variables

Parfactors

epidemic(D)

P # john

hospital(P)

K. Kersting -
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Semantics

epidemic(measles) mun epidemic(flu)

(I)(sick(mary,measles), epidemic(measles))

N/ \

hospital(mary) nmn hospital(bob)
W 160
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Inversion Elimination (IE)

D # measles

epidemic(D)

D = measles

D # measles

epidemic(D)

D # measles

=~
=<

~
_______

Gr¢
pidemic(D) S|ck(P D))

smkPD d(e
epldemlc(rubella)

sick(john, flu) ___(sick(mary, rubella)

-(_epidemic(rubella)

S~o S~o

" sick(iohn, flu) . {sick(mary, rubella)’

Grounding does not exploit symmetries encoded in the structure of the model




Inversion Elimination - Limitations

Requires eliminated RVs to occur in separate instances of parfactor

epidemic(D)

Inversion
'(epidemic(D))" D | i j
¢'(ep (D) om- T Elimination
_sick(mary, D) correct

EExploits symmetries encoded in the structure of the model }



Inversion Elimination - Limitations

Requires eliminated RVs to occur in separate instances of parfactor

, K. Kersting P 163
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Counting Elimination
- Need to consider joint assignments;
- Exponential number of those;

- But actually, potential depends on histogram of values in
assignment only: 00101 the same as 11000;

- Polynomial number of assignments instead.

Y

epidemic(flu)
epidemic(measles) i .

D1 = D2

epidemic(D2)

164
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A simpler Example: Inviting n people to a workshop

Sum out non-query variables
one by one

attend{_|,)

Time iIs linear In
number of invitees n

Z ¢4(pop, att(p,)) ¢o(att(p,), ser)
\att(p1) |

|
¢'(pop, ser)

EDoes not exploit symmetries encoded in the structure of the model}



First-Order Variable Elimination

[Poole 2003; de Salvo Braz et al. 2005]

v X. ¢4(popular, attends(X))

attend{_|,)

VX. ¢,(attends(X), series)

~

v X. ¢'(popular, series)

~

Sum out all attends(X)
variables at once

Time is constantin n o'(popular, series)”
, K. Kersting 166
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Symmetry Within Factors

[Milch,Zettlemoyer, Haims,K, Kaelbling AAAIO8]

attends(p,) attends(p,,)

/ d(overflow, #,[attends(X)])

\ l
Size of naive factor © \
overflow -
representation: 2 x 2" counting
formula

attends(p,)

- Values of counting formula are histograms counting how
many objects X yield each possible value of attends(X)

- Only n+1 histograms, e.g., [50, 0], [49, 1], ..., [0, 50]
- Factor size now 2 x (n+1): linearin n

, K. Kersting P 167
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Example: Competing Workshops

YW vX. d(hot(W), att(X
@ < #,[hot(W)] >

w R
start series
Can’t sum out attends(X) without Create counting formula on hot(W),

joining all the hot(\W) variables
then sum out attends(X) at lifted level

Conversion to counting formulas creates new
opportunities for lifted elimination

K‘f Machine Learning Summer School (MLSS) o -T68
ii" 5;\‘ ANU, Canberra, Australia, Oct. 4, 2010 ii IAIS unwemtqjtbnupn




Results: Competing Workshops

What about approximate inference approaches?

-These exact inference approaches are
rather complex

M
£
e 100
=

. so far do not easily scale to realistic
domains,

- and hence have only been applied to
@ther small artificial problems /
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How do you spend your spare time? =
(111 Tube

@Tube like media portals have changed the way\
users access media content in the Internet

Every day, millions of people visit social media sites
such as Flickr, YouTube, and Jumpcut, among
others, to share their photos and videos, ...

while others enjoy themselves by searching,
watching, commenting, and rating the photos and
videos; what your friends like will bear great

@nificance for you. /

, K. Kersting 170
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How do you efficiently broadcast information?

facebook (T1Tube

Gougle““

BitTorrent

, K. Kersting 17
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Content Distribution using Stochastic Policies
[Bickson et al. WDASO04]

(a)

Add an edge potential between any
two nodes which can take a part

| YBB(XB) | 3from A | I1from C | 3from C | 3 from D |
Uniform policy | 1/4 1/4 1/4 1/4
Rarest part first | 1/6 1/2 1/6 1/6

Table 2. Possible actions for the node B in the example graph shown
in Figure 1

| Yep(Xeg.Xp) | 3 from A | 2 from C | 3 from C | 3 from D |

1 from B 1/8 1/8 1/8 1/8
(b) 2 from C 1/2 ¢ £ 1/2
3 from C 1/2 ¥ F 1/2

Table 3. Example of the edge potentials for the edge BD for the graph
shown in Figure 2. The matrix rows arve then normalized.

from a common neighboring node.

Large (distributed) networks, so Bickson et al.
propose to use (loopy) belief propagation

'.'
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The Sum-Product Algorithm aka Belief Propagation
- lterative process in which neighboring variables “talk” to each
other, passing messages such as:

“| (variable x3) think that you (variable x2) belong in these states
with various likelihoods...”

True True 1.2

True False 1.4
False True 2.0
False False 0.4

True True 1.2

True False 1.4
False True 2.0 ;Uff—>X('T) — Z (f(X) H ﬂbg;ﬁf(y))

False False 0.4 —~{z} yenb(f)\{X}

px—px) = 1] m-x(@

henb(X)\{f}




Loopy Belief Propagation

After enough iterations, this series of conversations is likely to
converge to a consensus that determines the marginal
probabilities of all the variables.

Sum-Product/BP

- (1) update messages until convergence
- (2) compute single node marginals

Variants exist for solving
- SAT problems,

- systems of linear equations,

- matching problems and

A lot of shared factors, so use lifted belief propagation

MINU, uUdlivTIlTa, AAuolirdiiad, UUL. =, U TU

Peam—"



http://www-kd.iai.uni-bonn.de/index.php?page=software_ details&id=16

Lifted Belief Propagation
[Singla, Domingos AAAIO8, K, Ahmadi, Natarajan UAIQ9]

g )
True True 1.2
True False 1.4
False True 2.0
False False 0.4

Counting shared factors can result in
great efficiency gains for (loopy) belief
propagation

C B f,
True True 1.2
True False 1.4
False True 2.0

\ False False 04 /

Identical

Shared factors appear more often than you
think in relevant real world problems
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Social Network Analysis
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ocial Network Analysis
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)
sz e e 0

K. Kersting 177

Statistical Relational Learning == »
Machine Learning Summer School (MLSS) 74 FraunhOfer universititbonn
ANU, Canberra, Australia, Oct. 4, 2010 LS bntene rricammmmtoneins-

UNIVERSITAT




Social Network Analysis
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http://www-kd.iai.uni-bonn.de/index.php?page=software_ details&id=16

Step 1: Compression
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http://www-kd.iai.uni-bonn.de/index.php?page=software_ details&id=16

Step 2: Modified Belief Propagation
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Lifted Factored Frontier

Apriori most people do not smoke

—Smokes(x, 0)

Apriori most people do not have cancer | ~Cancer(x,0)
Apriori most people are not friends —Friends(x,y,0)

Smoking causes cancer

Smokes(x,t) = Cancer(x,t)

Friends have similar smoking habits Friends(x,y,t) = (Smokes(x,

Most friends stay friends
Most smokers stay smokers

Friends(x,y,t) < Friends(x,
Smokes(x,t) < Smokes(x, suc

Cc

t) <=> Smokes(y,t))

y, succ(t))
(t))

20 people over 10 time steps. Max number of friends 5. Cancer never observed.
Time step randomly selected.
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Lower Bound on Model Counts of CNF

-  BPCount [Kroc et al 08]

- BP used to estimate marginals e.g. SAT Problem: Factor Graph:
- Provable bound (v y)A(~xv 2) :'|> W
: ; 4T

= |dentify a “balanced” row split or
column split (roughly equal number
of solutions on each side)

L « Use marginals for estimate
» Pick one side at random
= Count on that side recursively

=  Multiply result by 2

[similar to decimation]
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Ratio (CBP/BP) of Cumulative Sum

Model Counting
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Satisfied by Lifted Message Passing?
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Messages sent

Lifted Satisfiability [Hadiji, K, Ahmadi StarAl10]

- Warning and survey propagation can also be lifted

- Enables lifted treatment of both prob. and det. knowledge
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[O. Shental, et al ISIT-08]

[Bayati et al. Trans. on Information Theory 54(3): 1241-1251, 2008,

[Ongoing work]

Lifted Linear Equations

time (seconds)

Gaussian Belief Propagation can also
be lifted

Enables lifted page rank, HITS,
Kalman filters, ...
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Lifted Matching

Bayati et al. ICDMO09]

NetAlignBP, Min-Sum, ... can also be

lifted

Library of Congress
vs. Wikipedia
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Content Distribution (Gnutella): Lifted BP vs. BP

Max—norm of Belief Estimates
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Message Errors to the Rescue!

(Ihler et al. 05: BP message errors decay along paths A

- LBP may spuriously assume some nodes send and
receive different messages and, hence, produce
@essimistic lifted network J

Make use of decaying message errors already at lifting time
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Informed Lifted Belief Propagation

[El Massaoudi, K, Ahmadi, Hadiji AAAI10]

A]gﬂrithm 1: iLBP - informed Lifted BP. We use b;(z;)
resp. m;(z;) to denote the unnormalized beliefs resp.
messages Df both variable node X; and variable nodes
cm'ered by supernodes X;.

Data: A factor graph G with variable nodes X and
factors f, Evidence E
Result: Unnormalized marginals b;(x;) for all
supernodes and, hence, for all variable nodes
1 Colorize X and f w.rt. E;
2 & «— one iteration CP:
3 Initialize messages for &;
1 (bi(z;), mi(z; ]I} + one iteration MBP on &
s_Colorize all X:s according to m.(x:):

Iterate 6 _while b. (s hgve not converged do
" 1+ 7 G — one iteration CP based on new colors
Refine Lifting 7 | P.: f %

Modrﬂed BP 9 (b;(x;).m(x;)) «— one iteration DfMBP on Gﬁ’;
10 foreach supernode X in ® do
1 if the m(x;)s of the X;s in X differ then
12 | Colorize all X; in X according to m(x;)
13

15 Return b;(x; ) for all supernodes
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Social Networks
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Lifted Content Distribution

6

1 file, Gnutella snapshort 10°F e ey

- 10876 nodes
- 39994 edges

ILBP 4.272.164 mess.
<BP 5.761.952 mess.
< LBP 6.381.516 mess.

total # messages sent
o

5 10 15 20 25
iterations

On a different network:
- iLBP 1.972.662 < LBP 2.962.311 < BP 5.761.952
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Conclusions
StarAl > Objects&Relations + Probabilities + Machine Learning

It covers the whole Al spectrum

- Lifted SAT, Relational Topic Models, Relational (PO)MDPs, ...
Lifted/efficient reasoning crucial to StarAl

- Exploit symmetries revealed by (relational) model

More tasks and applications! NLP, Compter Vision, Robotics?
Relational linear/quadratic programs?

Relational combinatorial problems and solvers?

Lifted junction trees? The Cortex of Al?

Lifted inference for arbitrary distributions?
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The Big Picture

Commonsense Natural Language Planning Vision
reasoning Processing




