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About the Tutorial

A The tutorial is about
I deep connections between Al and DBs
I a unified view on probabillistic reasoning
I a logical approach to Lifted Inference

A The tutorial is NOT an exhaustive
overview of lifted algorithms for graphical
models (see references at the end)
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Part 1: Motivation

A Why do we need relational representations
of uncertainty?

A Why do we need lifted inference
algorithms?



Why Relational Data?

A Our data is already relationall

I Companies run relational databases

I Scientific data iIs relational:

ALarge Hadron Collider generated 25PB in 2012
ALSST Telescope will produce 30TB per night

A Big data is big business:
I Oracle: $7.1BN in sales

I IBM: $3.2BN in sales OOQ f
i Microsoft: $2.6BN in sales '

[ Gartner 606 ]



Why Probabillistic Relational Data?

A Relational data is increasingly probabilistic
I NELL machine reading (>50M tuples)
I Google Knowledge Vault (>2BN tuples)
i DeepDive (>7M tuples)

A Data is inferred from unstructured
iInformation using statistical models

I Learned from the web, large text corpora,
ontologies, etc.

I The learned/extracted data is relational

[Carl sond610, Dong614, NuAWGL A 2 ]



Representation:
Probabilistic Databases

A Tuple-independent probabilistic databases

Actor: WorkedFor:

Name Prob Actor Director Prob
Brando 0.9 Brando Coppola 0.9
Cruise 0.8 Coppola Brando 0.2

Coppola 0.1 Cruise Coppola 0.1

A Query: SQL or First Order Logic

SELECT Actor.name Q(x) = my Actor(x)>XWorkedFor(x,y)
FROM Actor, WorkedFor — - —

WHERE Actor.name = W orkedFor.actor




Summary

Statistical

Logical Databases

Propositional Relational



Representations in Al and ML

Cloudy | Rain | P(Rain|Cloudy)

Statistical

Logical Raint Cloudy ' w

Propositional Relational

10



Relational Representations

Example: First-Order Logic

Formula
A
/ N
I'x,y, Smokes(x) = Friends(x,y) + Smokes(y)
— /
Atom Logical Variable

Logical variables have domain of constants
X,y range over domain People = {Alice,Bob}

Ground formula has no logical variables
Smokes(Alice)” Friends(Alice,Bob)t Smokes(Bob)



Representations in Al and ML

Cloudy | Rain | P(Rain|Cloudy)

0.80
Statistical 0.20 w
0.01

0.99

. : I'x,!y, Smokes(x)” Friends(x,y)
Logical [ Rain:_Ciouy | _Smokes(y) I

Propositional Relational

12



Why Statistical Relational Models?

- Probabillistic graphical models

v Quantify uncertainty and noise

« NoOt very expressive
Rules of chess in ~100,000 pages

~ First-order logic

v Very expressive
Rules of chess in 1 page

+ Good match for abundant relational data
« Hard to express uncertainty and noise



Example: Markov Logic

Weighted First-Order Logic

_ N FOL Formula
Weight or Probability A

\( :
3.14 Smokes(x)~ Friends(x,y) + Smokes(y)

Ground atom/tuple = random variable in {true,false}
e.g., Smokes(Alice), Friends(Alice,Bob), etc.

Ground formula = factor in propositional factor graph

f3 Smokes(Alice) Smokes(Bob) f,

e

@S(Alice@ f, f, Friends(Bob,Bob)
Friends(Alice,Bob) Friends(Bob,Alice)

[Ri chardsond06]



Representations in Al and ML

Cloudy | Rain | P(Rain|Cloudy)

0.80

o _ —
Statistical 0.20 3.14 Sr?ose;(ox')(e;yn)ends(x,y> I
0.01

0.99

. : I'x,}y, Smokes(x)” Friends(x,y)
Logical [ Rain:_Ciouy | _Smokes(y) I

Propositional Relational
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Representations in Al and ML

Cloudy | Rain | P(Rain|Cloudy)

0.80
o _ pPrvE————
Statistical 0.20 3.14 Sr?ogrjgl)(e;yr;en s(xy) I
0.01

0.99

. : I'x,}y, Smokes(x)” Friends(x,y)
Logical [ Rain:_Ciouy | _Smokes(y) I

Propositional Relational
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Summary

SiclSN(=Y B Uncertainty in Al

Logical

Propositional Relational
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Summary
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Lifted Inference

A Main idea: exploit high level relational
representation to speed up reasoning

ALet 0s see an exampl e



Imple Reasoning Problem

- 52 playing cards

5

Let us ask some simple questions

Tutorial UAI 2014
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A Simple Reasoning Problem
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A Simple Reasoning Problem
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A Simple Reasoning Problem
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A Simple Reasoning Problem
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A Simple Reasonin

roblem

Probability that Card52 is Spades
given that Cardl is QH?

Tutorial UAI 2014
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A Simple Reasoning Problem
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Probability that Card52 is Spades
given that Cardl is QH? 13/51
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Automated Reasoning

Let us automate this

factor graph)

| model (e.g
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Reasoning In Propositional Models

Tree Sparse Graph Dense Graph
A key result: Treewidth ~ Why?
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Reasoning In Propositional Models

Tree Sparse Graph Dense Graph

A key result: Treewidth ~ Why? Conditional Independence!

P(A|C,E) = P(A|C) P(AIB,E,F) = P(A|B,E) P(A|B,E,F) | P(A|B,E)

25



Is There Conditional Independence?
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Is There Conditional Independence?
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Is There Conditional Independence?

Ve

P(Card52 | Cardl) | P(Card52 | Cardl, Card2)

13/51 1 12/50

P(Card52 | Cardl, Card2) K P(Card52 | Cardl, Card2, Card3)

26



Is There Conditional Independence?
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| O~
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P(Card52 | Cardl) | P(Card52 | Cardl, Card2)
13/511 12/50
P(Card52 | Cardl, Card2) | P(Card52 | Cardl, Card2, Card3)
12/50 1 12/49
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Automated Reasoning
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What's Going On Here?

Probability that Card52 is Spades
given that Cardl is QH?

Tutorial UAI 2014
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given that Cardl is QH? 13/51
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Going On Here?
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What's Going On Here?

Probability that Card52 is Spades
given that Card2 is QH? 13/51
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What's Going On Here?

Probability that Card52 is Spades
given that Card3 is QH?

Tutorial UAI 2014
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What's Going On Here?

Probability that Card52 is Spades
given that Card3 is QH? 13/51

Tutorial UAI 2014
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Tractable Probabillistic Inference

Which property makes inference tractable?
- Traditional belief: Independence (conditional/contextual)
- What's going on here?

[ Ni eperto614] st



Tractable Probabillistic Inference
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Tractable Probabillistic Inference

Which property makes inference tractable?
- Traditional belief: Independence (conditional/contextual)

- What's going on here?
High-level reasoning

Symmetry
Exchangeability See AAAI talk on Tuesday!

t Lifted Inference

5

[ Ni eperto614] st



Automated Reasoning

Let us automate this:
- Relational model

I'p, mc, Card(p,c)
I'¢c, mp, Card(p,c)
Ip,tc,tc 6, @wear@hd(pcdd) ¢ =

- Lifted probabilistic inference algorithm



Other Examples of Lifted Inference

~ First-order resolution

I'x, Human(x) + Mortal(x)
I x, Greek(X) + Human(x)

implies

I'x, Greek(x) + Mortal(x)




Other Examples of Lifted Inference

First-order resolution
Reasoning about populations

We are investigating a rare disease. The disease is more rare in
women, presenting only in one in every two billion women
and onein every billion men. Then, assuming there are 3.4
billion men and 3.6 billion women in the world, the probability
that more than five people have the disease is

9 109 :
1 Z 3 <36 10 > (1-05- 10—9)3'( o (0.5-10—9)f

n=0 f=0

y (:?j_lf(??) (1_10 )34109 (n—f) (10_9>(’11—f)



Lifted Inference in SRL

Statistical relational model (e.g., MLN)

3.14 FacultyPage(x) = Linked(x,y) + CoursePage(y)

- L

As a probabilistic graphical model: —
- 26 pages; 728 variables; 676 factors |

- 1000 pages; 1,002,000 variables; ,,'
1,000,000 factors A

Highly intractable?
i Lifted inference in milliseconds! e adh

Tutorial UAI 2014 35



Summary of Motivation

A Relational data is everywhere:
| Databases in industry
| Databases in sciences
I Knowledge bases

A Lifted inference:
I Use relational structure during reasoning
I Very efficient where traditional methods break

This tutorial: Lifted Inference in Relational Models




Outline

Part 1: Motivation

Part 2: Probabilistic Databases J
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Part 3: Weighted Model Counting
Part 4: Lifted Inference for WFOMC
Part 5: The Power of Lifted Inference

Part 6: Conclusion/Open Problems



What Everyone Should Know about
Databases

A Database = several relations (a.k.a. tables)
A SQL Query = FO Formula

A Boolean Query = FO Sentence



What Everyone Should Know about

Databases
Database: relations (= tables) Smoker Friend
D = X Y X z
Alice 2009 Alice Bob
Alice 2010 Alice Carol
Bob 2009 Bob Carol
Carol 2010 Carol Bob
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What Everyone Should Know about

Database: relations (= tables) Smoker Friend
D = X Y X z
Alice 2009 Alice Bob
Alice 2010 Alice Carol
Bob 2009 Bob Carol
Carol 2010 Carol Bob
Query: First Order Formula Q@) =mx( Smo k er (XFriéna(®9)9 b
Find friends of smokers in 2009 Z
Query answer: Q(D) = Bob
Carol
Conjunctive Queries CQ =FO(M,”)

Union of Conjunctive Queries UCQ = FO(M,” ,”)

Boolean Query: FO Sentence

Q=mx (Smoke r)?'Kinen@(zQ (b (88) &

Query answer: Q(D) = TRUE



What Everyone Should Know about
Databases

Declarative Query A Query Plan
A w hoa t A Ahowo
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What Everyone Should Know about
Databases

Declarative Query A Query Plan
A w hoa t A Ahowo

Q@)=mx( Smoker (X Friead(x2)p 6|)

Y,

(]
Uy=6200095

VAN

Smoker(x,y) Friend(x,z)

Logical Query Plan




What Everyone Should Know about
Databases

Declarative Query A Query Plan
A w hoa t A Ahowo

Q@) =™x ( Smo k er (X Friedd(x@)p o))

Y,

Uy- 62000906 -
Y Optimize )

— —>
/a‘ X\ Uy=620090
|

Smoker(x,y) Friend(x,z) Smoker(x,y) Friend(x,z)
Logical Query Plan Logical Query Plan




What Everyone Should Know about

Databases
Declarative Query A Query Plan
A w hoa t A Ahowo
1 Q@)="x( Smo k er ( % Frieddx@)p o)) .
Y, H‘;

| e 2
Optimize ) 5O
a .

o

> ) >
/a X\ lcjoy:|c52009©

Smoker(x,y) Friend(x,z) Smoker(x,y) Friend(x,z)
Logical Query Plan Logical Query Plan [ Physical Query Plan]




What Every Researcher Should
Know about Databases

Problem: compute Q(D) Moshe Vardi [ Var H i _6 8_ 2
2008 ACM SIGMOD Contribution Award

A Tutorial UAI 2014 41
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What Every Researcher Should
Know about Databases

Problem: Compute Q(D) Moshe Vardi [ Var H i _6 8. 2
2008 ACM SIGMOD Contribution Award

A Data complexity:
fix Q, complexity = (D)

Query complexity: (expression complexity)
fix D, complexity = f(Q)

A Combined complexity:
complexity = f(D,Q)

A Tutorial UAI 2014 41
[ Var di 68 2]



Probabilistic Databases

A A probabilistic database = relational
database where each tuple has an
associlated probabillity

A Semantics = probability distribution over
possible worlds (deterministic databases)

A In this talk: tuples are independent events

[ Suci udol11]



Probabilistic database D:

Example

Friend

Tutorial UAI 2014
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Probabilistic database D:

Possible worlds semantics:

P1P2P3

W|>|> X

OO0 ||

Example

Friend

Tutorial UAI 2014
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Probabilistic database D:

Possible worlds semantics:

P1P2P3,

0O |I<

w:(>><:

X
1%
A
B

O

(1-py)

02P3

E

Example

Friend

Tutorial UAI 2014
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Probabilistic database D:

Possible worlds semantics:

Example

Friend

X y P
A B P4
A C P
B | C | ps

X (1-p1)(1-p;)(1-ps)
A/ A A X \/ — /
A A X 7 |
P1P2Pz, 1 B| A A X
- [~ BL—~ A X y
(1-P1)P2P3 BTCT

Tutorial UAI 2014
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Query Semantics

Fix a Boolean query Q
Fix a probabilistic database D:

P (Q | D) = marginal probability of Q
on possible words of D



Q = mxmy Smoker(x)>KFriend(x,y)

An Example
P(Q|D)=
Friend
Xy | P
Al D]laqg
Smoker| x | P Al E]| q
A | Py B|F | Qs
B | P, B| G| g,
C | Ps B|H| Os




Q = mxmy Smoker(x)>KFriend(x,y)

An Example
P(Q[D) = 1-(1-9,)*(1-9,)
Friend

Xy | P
| A| D] g
Smoker| x | P 11A|E]| q
A | Py "B | F| qg
B | P, B| G| g,
C | Ps B| H| Qs




Q = mxmy Smoker(x)>KFriend(x,y)

An Example
P(Q| D)= p.*[ 1-(1-9.)*(1-0,) ]
Friend

Xy | P
" |A|D| q
Smoker| x | P /‘ Al E]| q
A | Py | B|F|
B | P B| G| g
C [ Ps B | H| Qs




Q = mxmy Smoker(x)>XFriend(x,y)

An Example

P(Q| D)= p.*[ 1-(1-q.)*(1-q,) ]
1-(1-95)*(1-94)*(1-05)

Friend
Xy | P
|A|D| g
Smoker| x | P /‘ Al E]| q
A | Py C B F| g
B | P ~ B| G| q
C | Ps | B H| G




Q = mxmy Smoker(x)>XFriend(x,y)

An Example

P(Q| D)= p.*[ 1-(1-q.)*(1-q,) ]
P, 1-(1-05)*(1-94)*(1-g5) ]

Friend
Xy | P
|A|D| g
Smoker| x | P /‘ Al E]| q
A | Py C B F| g
B | P B| G| q
C | Ps | B H| G




Q = mxmy Smoker(X)>X Friend(x,y)

An Example

PQID)= 1-{1-p,*[ 1-(1-q)*(1-ay) |}~

Smoker

- po*l 1-(1-095)*(1-0,)*(1-05) ] }

Friend
Xy | P
|A|D| g
X | P /AEq2
A | Py [ | B|F | a
B | P B| G| q
C | Ps | B H| G




Q = mxmy Smoker(X)>X Friend(x,y)

An Example

PQID)= 1-{1-p,*[ 1-(1-q)*(1-q;) ]}~
- "l 1-(1-05)*(1-04)*(1-0s) | }

One can compute P(Q | D) in PTIME

in the size of the database D Friend
X |y | P
" |A|D|q
Smoker| x | P /‘ Al E]| q,
A | Py (| B|F 03
B | P B| G| q
C | ps | B|H]| gs




Q= R Smoker(x))KFrlend(x y)

An Example
Y

Use the SQL engine
to compute the query!

)
Aggregate on probabillities. a\

X |y P

S Al D| g

X | Al E| g
APy B|F | g
B |p, | Smoker(x) Friend(x,y) T o :
Q4

= 1P B [ H | g




Q= R Smoker(x))KFrlend(x y)

An Example
Yy
X P
Use the SQL engine ) A 1-(1-01)(1-0,)
to compute the query!

. a B 1-(1-94)(1-0s) (1-06)
Aggregate on probabillities.
\ :
Y

X1y
Al Dl ag
X | P | Al E|q
ALD B| F| g
B |p, | Smoker(x) Friend(X,y) TG q3
4
= 1P B|H]| O




Q= R Smoker(x))KFrlend(x y)

An Example

1-{1-p,[1-(1-g,)(1-g,)]}*
{1-po[1-(1-a.)(L-as) (-0} | B

X P

Use the SQL engine A 1-(1-01)(1-0,)

to compute the query!

. a B 1-(1-94)(1-0s) (1-06)
Aggregate on probabillities.
\ :
Y

X1y
Al Dl ag
X | P | Al E|q
ALD B| F| g
B |p, | Smoker(x) Friend(X,y) TG q3
4
= 1P B|H]| O




Problem Statement

Given: probabillistic database D, query Q

Compute: P(Q | D)

Data complexity: fix Q, complexity = (|D|)

Tutorial UAI 2014
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Approaches to Compute P(Q | D)

A Propositional inference:
I Ground the query Q A Fqp, compute P(Fq p)
i This is Weighted Model Counting ( | at er €)
I Works for every query Q
I But: may be exponential in |D| (data complexity)

A Lifted inference:
I Compute a query plan for Q, execute plan on D
I Always polynomial time in |D| (data complexity)
I But: does not work for all queries Q

Ol teanud08, Jbalbwido 1l DaioVivs a4,
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The Lifted Inference Rules

A 1f Q,, Q, are independent:

AND-rule:  P(Q;  Q;) = P(Q)P(Qy)
OR-rule: PQ:" Q) =11 (1T P(Q))AT P(Qy))

AIfQ[C,/X,Q[C,/ x], €é are independen
} -Rule: I:)(l z Q) = HCNDomain P(Q[C/Z])
m-Rule: P(mZ Q) =11 HCNDomain (1]. P(Q[C/Z])

A Inclusion/Exclusion formula:

P(Q,” Q) =P(Q,) +P(Q,)-P(Q, Q)
P(Q,” Q,)=P(Qy) +P(Q,)-P(Q;” Q)

A Negation: P(-Q) =11 P(Q)



Example

Q=!x y(Smoker(x)~ Friend(x,y)) =l x (Smoker(X)” | y Friend(x,y))

w T

©)

P(Q) :A N Domﬁn P(SmOker(A)~ ‘l yF”end(A,y)) ) CheCkigcriﬁeglfgrc(izlri]g:):ﬁ( Iy Friend(Alice,y)
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