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What we can do already...

GO; )816 Larry Page )

Web Images Maps Shopping

> 570 million entities

> 18 billion tuples

Ubergizmo - 3 days ago
Android 4.4 KitkKat marks a milestone for Google as they have named
their mobile operating system after a branded chocolate — although ...

Larry Page - Forbes

www forbes.com/profile/larry-page/ ~
Larry Page on Forbes - #20 Billionaires, #20 Powerful People, #13 Forbes 400

- le+

https//plus google com/+LarryPage ~
by Larry Page - in 6,606,272 Google+ circles
Dear Google users— You may be aware of press reports alleging that

Internet companies have joined 3 secret U.S, government program called
PRISM to give ...

Management team — Company — Google

www.google com/about/company/facts/management/ ~

Larry Page and Sergey Brin founded Google in September 1998. Since then, the
company has grown to more than 20,000 employees worldwide, with a ...

Larry Page Biography - Facts_Birthday. Life Story - Biography com
www.biography.com » People ~

You dont need a search engine to find out all there is to know about Larry Page, co-
founder of Google. Just come to Biography.com!

Larry Page | CrunchBase Profile

www.crunchbase.com » People ~
Larry Page was Google's founding CEO and grew the company to more than 200
employees and profitability before moving into

; & MoTe images
Larry Page

Lawrence “Larry” Page is an American computer scientist and Internet
entrepreneur who is the co-founder of Google, alongside Sergey Brin.

On April 4, 2011, Page succeeded Eric Schmidt as the chief executive

officer of Google

Born: March 26, 1973 (age 40), East Lansing, MI

Height: 5" 117 (1.80 m)

Spouse: Lucinda Southworth (m. 2007)

Siblings: Carl Victor Page, Jr

Education: East Lansing High School (1987-1991), More
Awards: Marconi Prize, TR100

Recent posts

Just opened the new Android release. KitKat!

People also search for

\l.




Google

What | want to do...

Which students of Luc De Raedt now work in Germany?

All News Images Videos Maps More = Search tools

About 18,700 results (0.33 seconds)

Luc De Raedt — Bernstein Center Freiburg

https:/fiwww .bcf.uni-freiburg.de/... ¥ Albert Ludwigs University of Freiburg ~

Luc De Raedt: About Knowledge and Inference in Logical and Relational Learning. ...
und Forschungszentrum fuer Informatik (IBFI), Schloss Dagstuhl, Germany 2008 ..... ILP
Work-in-progress reports 2000; 60 no EE pubzone.org CiteSeerX ...

Probabilistic (Logic) Programming: Concepts & Applications ...
www.utdallas.edu/calendar/event.php?id... ¥ University of Texas at Dallas ~
Luc De Raedt has been working in the areas of artificial intelligence and computer
science, especially on computational logic, machine learning and data mining ...

Principles of Data Mining and Knowledge Discovery: 5th ...
https://books.google.com/books?isbn=3540447946

Luc de Raedt, Arno Siebes - 2003 - Computers

... Germany, September 3-5, 2001 Proceedings Luc de Raedt, Arno Siebes ... Work.
Several innovative methods for automated document summarization have ... of the
machine learning community and many papers now deal with this subject.

[POFI Curriculum Vitae - People - MIT
people.csail.mit.edu/kersting/CVkersting.pdf «

Dr. Luc De Raedt, Albert-Ludwigs-Universitat, Freiburg, Germany. Reader: Prof. ... with
Bernd Gutmann was selected as the Best Student Paper at the 17th European.




Germany

Al News Maps Images Videos More v Search tools

About 1,610,000,000 results (1.00 seconds)

In the news

Stop refugees or we'll stop aid, Germany tells
Afghans

The Local.de - 11 hours ago

Germany's Interior Minister told Afghanistan on Tuesday that
Germany's security support to ..

Teenage girl admits making up migrant rape claim that outraged Germany
The Guardian - 3 days ago

German pensioners 'attacked by migrants after defending young woman'
Telegraph.co.uk - 14 hours ago

More news for Germany

Germany - Wikipedia, the free encyclopedia
https://fen.wikipedia.org/wiki/Germany ¥ Wikipedia

Germany was a founding member of the European Union in 1993. It is part of the
Schengen Area, and became a co-founder of the Eurozone in 1999. Germany ..
Nazi Germany - Deutschlandlied - States of Germany - Jeachim Gauck

Imaaes for Germanv Report imades

Google

(=

Ingredients

United  Denmerk
Kingdom jary
Poland

ermany
Agitria

i) Romania

Germany

Country in Europe

Germany is a Western European country with a terrain of vast forests,
rivers and mountain ranges, and 2 millennia of history. Berlin, its capital,
is home to thriving art and nightlife scenes, iconic Brandenburg Gate and
many sites relating to WWII. Munich is known for its Oktoberfest and
cavernous beer halls, including 16th-century Hofbréuhaus. Frankfurt, with
its skyscrapers, houses the European Central Bank.

Capital: Berlin

Dialing code: +49

Population: 80.62 million (2013) worid Bank

Chancellor: Angela Merkel

President: Joachim Gauck

Luc De Raedt

All News Images Videos Maps More «

About 61,500 results (0.48 seconds)

Luc De Raedt - KU Leuven

people.cs.kuleuven.be/~luc.deraedt/ *

Search tools

=

Luc De Raedt received his degree in Computer Science (Licentiaat Informatica) from the
Katholieke Universiteit Leuven (Belgium) in 1986 and his Ph.D. in ...
Logical and Relational Learning - Ph.D. Students and Alumni - Activities

Luc De Raedt - KU Leuven
people.cs.kuleuven.be/~luc.deraedt/pubs.html ~

Luc De Raedt (Ed.) Inductive Logic Programming. 19th International Conference, ILP
2009, Revised Papers. Springer.2010 [website]; Luc De Raedt. Logical and ...



Information Extraction

PhD Students Luc De Raedt

© Laura-Andrea Antanas(co-promotor Tinne Tuytelaars) H a SStu d ent

& Dries Van Daele (co-promotor Kathleen Marchal)

© Thanh Le Van (co-promotor Kathleen Marchal) X Y P
& Bogdan Maoldovan LUC Laura 07
© Davide Nitti (co-promotor Tinne De Laet)

@ José Antonio Oramas Mogrovejo (key supervisor Tinne Tuytelaars) LUC Hendl’ik 06

& Francesco Orsini (co-supervisor Paol Frasconi)

S — Luc Kathleen 0.3
© Joris Renkens Luc Paol 0.3
& Mathias Verbeke (with Bettina Berendt)

2 Jonas Viasselaer LUC PaOIO 01

Alumni Luc De Raedt

1. Hendrik Blockesl, Top-down induction of first order logical decision trees, Ph.D. thesis, Depariment of
Computer Science, K.U.Leuven, Leuven, Belgium, december 1998, 202+xv pages. {Co-promotor Maurice
Bruynooghe)

2. Luc Dehaspe, Freguent patfern discovery in first-order logic, Ph.D. thesis, Depariment of Computer




So noisy!

may Shop by - Search... All Categories v Search Advanced
category

€  Back to home page | Listed in category: Books, Magazines > Non-Fiction Books > See more Probabilistic Inductive Logic Programming by S...

n This is a private listing. Sign in to view your status or learn more about private listings.

Probabilistic Inductive Logic Programming De Raedt, Luc (Editor)/ Frasconi, Paol

ltem condition: Brand new 1 [ &) | Add to watch list

Time left: 18d 13h (22 Feb, 2016 04:40:52 AEDST) Seller information

Quantity: l 1 | 6 available roxy*books (236078 * )
99,1% Positive feedback

Price: AU $1 36.69 Buy It Now .....................................................................
4 Follow this seller
Add'to'cant Visit store: fi‘ books_music_supers...

Probabilistic Inductive

Logic Programming

Theory and Applcations




Desired Answer

Go gle Which students of Luc De Raedt now work in Germany? U n

FEICTCICIC
Kristian Kersting, Bjoern Bringmann, ...

TG
Ingo Thon, Niels Landwebhr, ...

FCICLTLCT
Paol Frasconi, ...

YAgRaRaReks
Justin Bieber, ...



Observations

f\-

Go gle Which students of Luc De Raedt now work in Germany?

* EXpose uncertainty

 Risk incorrect answers

e Cannot be labeled manually

* Join information extracted from many pages

Google, Microsoft, Amazon, Yahoo not ready?
How do we get there?



Siri, Alexa and Other Virtual Assistants Put to the Test

Tech Fix
By BRIAN X. CHEN JAN. 27, 2016

WHEN I asked Alexa earlier this week
who was playing in the Super Bowl,
she responded, somewhat
monotonously, “Super Bowl 49’s
winner is New England Patriots.”

o

%

“Come on, that’s last year’s Super
Bowl,” I said. “Even I can do better
than that.”

At the time, I was actually alone in my
G living room. I was talking to the virtual
companion inside Amazon’s wireless
‘\H‘am speaker, Echo, which was released last
June. Known as Alexa, she has gained
raves from Silicon Valley’s tech-
obsessed digerati and has become one

2.3
of the newest members of the virtual
assistants club.

All the so-called Frightful Five tech [NYTimes]

1N

Name: Alex

1.7 1




Probabilistic Databases

Probabilistic database X y P
al | bl | p;
al | b2 | p,
a2 | b2 | p;
Possible worlds semantics:
X \lI
X X \
L al al| a1 X -
/a{ al X X \ 7
P1P2P3 | az| a2 g X
(1-p;)p,P; ——1 al 102

(1-p,)(1-p,)(1-p5)




Knowledge Base Completion

Given:
- Locatedin
. 2 v WorksFor
Livesin Siemens German X Y
A Y Siemens Bel iumy Luc kU Leuven
Luc Belgium oA UiA Guy UCLA
Quy USA O D Kristian | TUDortmund
Kristian | Germany _ y Ingo Siemens
KU Leuven Belgium
Learn:

0.8::LiveslIn(x,y) :- WorksFor(x,z) A LocatedIn(z,x).

* Handle lots of noise, robust!
* Predict LivesIn(Ingo,Germany) with 80% prob.



How close are we?

* Do we have the technology available?
 NO! All of this stands on weak footing!

* Problems
1. Broken learning loop
2. Broken query semantics
3. The curse of superlinearity
4. How to measure success?



Problem 1: Broken Learning Loop

Bayesian view on learning:

— Prior belief:
Pr(HasStudent(Luc,Paol))=0.01

— Observe page
Pr(HasStudent(Luc,Paol) ||

— Observe page

)

Pr(HasStudent(Luc,Paol) |fm -

Principled and sound reasoning!

0.2

)

0.3



Problem 1: Broken Learning Loop

Current view on Knowledge Base Completion:

— Prior belief:
Pr(HasStudent(Luc,Paol))=0

— Observe page
Pr(HasStudent(Luc,Paol) ||

— Observe page

)

Pr(HasStudent(Luc,Paol) |fm -

0.2

)

0.3



Problem 1: Broken Learning Loop

Current view on Knowledge Base Completion:

— Prior belief:
Pr(HasStudent(Luc,Paol)) =0

— Observe page PR
PdHasStudent(Luc,Paol)|4;¢' )=0.2

— Observe page
Pr(HasStudent(Luc,Paol) |fm —

| =03




Problem 1: Broken Learning Loop

Current view on Knowledge Base Completion:

— Prior belief:
Pr(HasStudent(Luc,Paol)) =0

— Observe page F W
Pr(HasStudent(Luc,Paol) || ~ |)=0.2

— Observe page
Pr(HasStudent(Luc,Paol) |[[m -

| =03

This is mathematical nonsense!



Problem 2: Broken Query Semantics

Let’s play a new drinking game: higher or lower.

Q :- 3z HasStudent(Luc,z) A WorksiIn(z,DE)



Problem 2: Broken Query Semantics

Let’s play a new drinking game: higher or lower.

Q :- 3z HasStudent(Luc,z) A WorksiIn(z,DE)

(

Q :- HasStudent(Luc,Ingo) A WorksIn(Ingo,DE)



Problem 2: Broken Query Semantics

Let’s play a new drinking game: higher or lower.

Q :- 3z HasStudent(Luc,z) A WorksiIn(z,DE)

(

Q :- 3z HasStudent(Luc,z) A WorksIn(z,DE)
Q :- 3z HasStudent(Luc,z) A WorksIn(z,FR)



Problem 2: Broken Query Semantics

Let’s play a new drinking game: higher or lower.

Q :- 3z HasStudent(Luc,z) A WorksiIn(z,DE)

(

Q :- 3z HasStudent(Luc,z) A WorksIn(z,DE) A Scientologist(z)



Problem 2: Broken Query Semantics

Let’s play a new drinking game: higher or lower.

Q :- HasStudent(Luc,Ingo) A WorksiIn(Ingo,DE)

(

Q :- HasStudent(Luc,Kristian) A =HasStudent(Luc,Kristian)



Problem 2: Broken Query Semantics

Let’s play a new drinking game: higher or lower.

Q :- HasStudent(Luc,Ingo) A WorksiIn(Ingo,DE)

(

Q :- HasStudent(Luc,Kristian) A WorksIn(Kristian,DE)

HasStudent
X Y P
Luc Ingo 0.9
Luc Kristian 0.6




Problem 2: Broken Query Semantics

Let’s play a new drinking game: higher or lower.

Q :- 3z HasStudent(Luc,z) A WorksiIn(z,DE)

(

Q :- 3z HasStudent(Hendrik,z) A WorksIn(z,DE)

HasStudent
X Y P
Luc Ingo 0.9
Luc Kristian 0.6
Hendrik Nima 0.7




Problem 2: Broken Query Semantics

e Often probabilities will be identical
Example: P(Q)=0 if Worksln table empty

* Yet queries are clearly different..
... IF you assume that tuples are missing!

* Not captured by existing query semantics ®



Problem 3: Curse of Superlinearity

* Reality is worse!

* Tuples are
intentionally
missing!

* Every tuple
has 99% pr.

1.0

o

0.6}

=]

0.2}

0.0

B

4l

— \—v—‘
1
|
[
|
|
|
|
|
[
|
PR —
NELL(Movie) NELL PaleoDeepDive YAGO
(61939 tuples] (2467442 tuples] [44346078 tuples] [14723181 tuples]
1.2MB 3.22GB 8 GB no data




Problem 3: Curse of Superlinearity

“This is all true, Guy,
but it’s just a temporary issue”

“No it’s not!”



Problem 3: Curse of Superlinearity

Sibling
* Asingle table X Y P

* At the scale of facebook (billions of people)
* Real Bayesian belief about everyone

l.e., all non-zero probabilities

= 200 Exabytes of data



Problem 3: Curse of Superlinearity

FOUR BOXES OF PUNCH
CARDS OUGHT To BE
ENOUGH FOR ANYONE.

C

All Google storage is
a couple exabytes...

ing. In Proc. of AAAI'15. AAAI Press, 2015.

Randall Munroe. Google’s datacenters on punch cards,
2015.

James D Park and Adnan Darwiche. Complexity Results and

—

—— ———

PUNCH CARDS

ICE SHEET

Bom'oul I




Problem 3: Curse of Superlinearity

1.0

0.8
0.6

0.4}

We should be here! _,|

— I
R —
I
|
|
|
|
|
|
|
|
PR —
NELL(Movie) NELL PaleoDeepDive YAGO
(61939 tuples] (2467442 tuples] [44346078 tuples] [14723181 tuples]
1.2MB 3.22GB 8 GB no data




How to measure success?

Example: Knowledge base completion

WorksFor
X Y P
Luc KU Leuven | 0.7
Guy UCLA 0.6
Kristian | TUDortmund | 0.3
Ingo Siemens 0.3

LocatedIn
X Y P
Siemens | Germany | 0.7
Siemens Belgium | 0.5
UCLA USA 0.8
TUDortmund | Germany | 0.6
KU Leuven | Belgium | 0.7

0.8::LiveslIn(x,y) :- WorksFor(x,z) A LocatedIn(z,x).




How to measure success?

Example: Knowledge base completion

0.8::LivesIn(x,y) :- WorksFor(x,z) A LocatedIn(z,x).
or
0.5::Livesin(x,y) :- Bornin(x,y).

What is the likelihood, precision, accuracy, ...?

—_1 —_—
tnr; tny; 1 1 1

ProbFOIL: = o
o fn o o i T N, L "

p;::: U;
li
()

tPpr Dy ; L;
areet ) over T 0 0
(a)

under- target over-
estimate pl’Obﬂbﬂity estimate

0
(b)



How to measure success?

Example: Knowledge base completion

If the query semantics are off,
how can these score be right?

Example: Relational pattern mining

[Luis Antonio Galarraga, Christina Teflioudi, Katja Hose, and Fabian Suchanek.
Amie: association rule mining under incomplete evidence in ontological knowledge
bases. In Proceedings of the 22nd international conference on World Wide Web]

Learners and miners are led astray... ®



All of this to say...

... we need open-world semantics
for knowledge bases.



Open Probabilistic Databases

Intuition: What is missing from the database
has low probability.

Credal semantics:
OpenPDB represents set of distributions.

All closed-world databases extended with
tuples <t,p> where p < A.

Query semantics: upper and lower bounds.



OpenPDB Example

HasStudent

Q1 :- HasStudent(Luc,Ingo) A WorksIn(Ingo,DE)

Q2 :- HasStudent(Luc,Kristian) A WorksIn(Kristian,DE)

with A=0.1

Lower bound: Pr(Q1)=0
Upper bound: Pr(Q1)=0.09

X Y P
Luc Ingo 0.9
Luc Kristian 0.6

Pr(Q2) =0
Pr(Q2) = 0.06
Worksln
when X Y | P
Ingo | DE | 0.1
Kristian | DE | 0.1




HasStudent

OpenPDB Example X U i

Luc Ingo 0.9

Luc Kristian 0.6

Q :- HasStudent(Luc,Kristian) A =HasStudent(Luc,Kristian)
with A=0.1

e Lower bound: Pr(Q)=0
 Upper bound: Pr(Q)=0

In general:
Lower-higher relations observed in upper bound! ©




Algorithm for UCQ

Q :- 3z HasStudent(Luc,z) A WorkslIn(z,DE)
Q :- 3z HasStudent(Luc,z) A WorksIn(z,FR)

 Monotone sentence in logic
 More tuples is better
 More probability is better

= Lower bound: Assume closed world
= Upper bound: Add all tuples with prob A




Is this a good algorithm?

* Polynomial time reduction to classic setting ©

e Quadratic blowup of database ®
200 exabytes for Sibling!

Can we do open-world reasoning
with no overhead?



Probabilistic Database Inference

* P(EIZ Q) =1- I_Ia €Domain (1_ P(Q[ /Z]) Decomposable
P(VZ Q) = I_Ia €Domain P(Q[a/z] /v

* P(Q1 A Q2) = P(Q1)P(Q2) Decomposable
P(Q1 V Q2)=1-(1- P(Q1))(1-P(Q2)) NV

« P(Q1 A Q2) = P(Q1) + P(Q2)- P(Q1V Q2) Inclusion/
P(Q1V Q2) = P(Q1) + P(Q2)- P(Q1 A Q2) exclusion
Dalvi and Suciu’s dichotomy theorem:

If rules succeed, prob. database query eval is in PTIME;
else, PP-hard (in database size).

Linear € P ¢ NP c PP ¢ P** ¢ NP ¢ PSpace ¢ ExpTime



PTIME is not enough!

e We want linear-time!

* Theorem: Prob. database query eval is
LINEAR time for all PTIME queries.

 Theorem: Open prob. database query eval is
LINEAR time for all PTIME queries.

©



Algorithm 1 Lift2(Q, S, A\, D), abbreviated by L(Q, S)

Input: CNF Q, prob. tuples S, threshold A, and domain D.
Output The upper probability P{g ») (Q) over domain D.

bl AN A o s T

f— e e
W o= O

ot
A

[
=]

P = = =
S e xH

[ T
o =

: Step 0 Base of Recursion

if Q is a single ground atom ¢ then
if (¢ : p) € S then return p else return A

. Step 1 Rewriting of Query
Convert Q to unions of CNFs: Queng = Q1 Vv...vQ,,
Step 2 Decomposable Disjunction

if m > 1 and Queng = Q1 v Qg where Q1 L Qo then

g1 < L(Q1,S|g, ) and g2 < L(Q2,Sqg,)
return1— (1 -q) - (1 -¢q2)

Step 3 Inclusion-Exclusion
if m > 1 but Qucng has no independent Q; then

return ¥ (=1)- L(A;esQi, S|a.eqs)

. Step 4 Decomposable Conjunction

if Q =Q; A Qg where Q L Q- then
return L(Q;,S) - L(Q2,S)

. Step 5 Decomposable Universal Quantifier

if Q has a separator variable x then
let 7' be all constants as z-argument in S
e < [Tier L(Q[z/t], Sl2=¢)

7o < L(Q[z/t],2) forsome t e D\ T

|TJ\T|
return gq. -

: Step 6 Fuil




Algorithm 1 Lift2(Q, S, A\, D), abbreviated by L(Q, S)

Input: CNF Q, prob. tuples S, threshold A, and domain D.
Output The upper probability P{g ») (Q) over domain D.

bl AN A o s T

e T e e T ]
W o= O

TR

2}

o =
@ w A

[ T
o =

: Step 0 Base of Recursion

if Q is a single ground atom ¢ then
if (¢ : p) € S then return p else return A

Step 1 Rewriting of Query
Convert Q to unions of CNFs: Queng = Q1 Vv...vQ,,
Step 2 Decomposable Disjunction

if m > 1 and Queng = Q1 v Qg where Q1 L Qo then

g1 < L(Q1,S]|g,) and g2 < L(Q2,S|0,)
return1— (1 -q) - (1 -¢q2)

Step 3 Inclusion-Exclusion
if m > 1 but Qucng has no independent Q; then

return ¥ (=1)- L(A;esQi, S|a.eqs)

. Step 4 Decomposable Conjunction

if Q =Q; A Qg where Q L Q- then
return L(Q;,S) - L(Q2,S)

Step 5 Decomposable Universal Quantifier

if Q has a separator variable x then
let 7' be all constants as z-argument in S
de < Ilter L(Q[m/t]35|-‘r=t)

7o < L(Q[z/t],2) forsome t e D\ T

|TJ\T|
return gq. -

: Step 6 Fuil

—

Existing Rules
(see before)



Algorithm 1 Lift2(Q, S, A\, D), abbreviated by L(Q, S)

Input: CNF Q, prob. tuples S, threshold A, and domain D.
Output: The upper probability P{g ») (Q) over domain D.

10:
11:
12:
13:

14:
15:

16:

17:
18:
19:
20:

21:
22:

Step 0 Base of Recursion

if Q is a single ground atom ¢ then
if (¢ : p) € S then return p else return A

1:
2
3
4: Step 1 Rewriting of Query
5:
6
7
8
9

Convert Q to unions of CNFs: Queng = Q1 Vv...vQ,,

. Step 2 Decomposable Disjunction

if m > 1 and Queng = Q1 v Qg where Q1 L Qo then

g1 < L(Q1,S]|g,) and g2 < L(Q2,S|0,)
return1— (1 -q) - (1 -¢q2)

Step 3 Inclusion- Exclusion
if m > 1 but Qucng has no independent Q; then

return ngm(_1)|5| ! L("ﬂ'iEsQ'ia Slhisst‘,)
Step 4 Decomposable Conjunction

if Q = Q; A Q, where Q; L Q5 then Q :- 3z HasStudent(Luc,z) A Worksin(z,DE)

return L(Q;,S) - L(Q2,S)
Step 5 Decomposable Universal Quantifier

if Q has a separator variable x then
let 7' be all constants as z-argument in S
de < Ilter L(Q[m/t]35|-‘r=t)

7o < L(Q[z/t],2) forsome t e D\ T
JDT

return gq. -
Step 6 Fuil

HasStudent(L,I) A WorksIn(l,DE)
HasStudent(L,K) A WorksIn(K,DE)
HasStudent(L,A) A WorksIn(l,DE)

Recurse and multiply probs



Algorithm 1 Lift2(Q, S, A\, D), abbreviated by L(Q, S)

Input: CNF Q, prob. tuples S, threshold A, and domain D.
Output: The upper probability P{g ») (Q) over domain D.

10:
11:
12:
13:

14:
15:

16:

17:
18:
19:
20:

21:
22:

Step 0 Base of Recursion

if Q is a single ground atom ¢ then
if (¢ : p) € S then return p else return A

1:
2
3
4: Step 1 Rewriting of Query
5:
6
7
8
9

Convert Q to unions of CNFs: Queng = Q1 Vv...vQ,,

. Step 2 Decomposable Disjunction

if m > 1 and Queng = Q1 v Qg where Q1 L Qo then

g1 < L(Q1,S]|g,) and g2 < L(Q2,S|0,)
return1— (1 -q) - (1 -¢q2)

Step 3 Inclusion- Exclusion
if m > 1 but Qucng has no independent Q; then

return ngm(_1)|5| ! L("ﬂ'iEsQ'ia Slhisst‘,)
Step 4 Decomposable Conjunction

if Q = Q; A Q, where Q; L Q5 then Q :- 3z HasStudent(Luc,z) A Worksin(z,DE)

return L(Q;,S) - L(Q2,S)
Step 5 Decomposable Universal Quantifier

if Q has a separator variable x then
let 7' be all constants as z-argument in S
e < [Tier L(Q[z/t], Sl2=¢)

7o < L(Q[z/t],2) forsome t e D\ T
JDT

return gq. -
Step 6 Fuil

HasStudent(L,I) A WorksIn(l,DE)
HasStudent(L,K) A WorksIn(K,DE)
HasStudent(L,A) A WorksIn(l,DE)

Recurse and ‘multiply’ probs
Multiply by q,: open world correction



Algorithm 1 Lift2(Q, S, A\, D), abbreviated by L(Q, S)

Input: CNF Q, prob. tuples S, threshold A, and domain D.
Output: The upper probability P{g ») (Q) over domain D.

10:
11:
12:
13:

14:
15:

16:

17:
18:
19:
20:

21:
22:

Step 0 Base of Recursion

if Q is a single ground atom ¢ then
if (¢ : p) € S then return p else return A

1:
2
3
4: Step 1 Rewriting of Query
5:
6
7
8
9

Convert Q to unions of CNFs: Queng = Q1 Vv...vQ,,

. Step 2 Decomposable Disjunction

if m > 1 and Queng = Q1 v Qg where Q1 L Qo then

g1 < L(Q1,S]|g,) and g2 < L(Q2,S|0,)
return1— (1 -q) - (1 -¢q2)

Step 3 Inclusion- Exclusion
if m > 1 but Qucng has no independent Q; then

return ngm(_1)|5| ! L("ﬂ'iEsQ'ia Slhisst‘,)
Step 4 Decomposable Conjunction

q, s lifted
inference!
WFOMC/FOVE/...

if Q = Q; A Q, where Q; L Q5 then Q :- 3z HasStudent(Luc,z) A Worksin(z,DE)

return L(Q;,S) - L(Q2,S)
Step 5 Decomposable Universal Quantifier

if Q has a separator variable x then
let 7' be all constants as z-argument in S
e < [Tier L(Q[z/t], Sl2=¢)

7o < L(Q[z/t],2) forsome t e D\ T
JDT

return gq. -
Step 6 Fuil

HasStudent(L,I) A WorksIn(l,DE)
HasStudent(L,K) A WorksIn(K,DE)
HasStudent(L,A) A WorksIn(l,DE)

Recurse and ‘multiply’ probs
Multiply by q,: open world correction
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UCQ with negation

 Theorem:
Linear time queries on closed-world databases

can become NP-complete on OpenPDBs

e Theorem:
PP queries on closed-world databases can

become NPPP-complete on OpenPDBs
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Conclusions

Open-world semantics makes a lot of sense
Matches how these systems are employed
Open-world reasoning is FREE for UCQs
Beyond UCQs, can pay a hefty price

Future work

— More refined models of the open world
E.g., (types, MLNs, additional statistics)

— Efficient algorithms for hard case
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