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Outline? 

or 



What we can do already… 

 > 570 million entities 
 > 18 billion tuples 



What I want to do… 



Ingredients 

? 



Information Extraction 

X Y P 

Luc Laura 0.7 

Luc Hendrik 0.6 

Luc Kathleen 0.3 

Luc Paol 0.3 

Luc Paolo 0.1 

HasStudent 



So noisy! 



Desired Answer 

 

 Kristian Kersting, Bjoern Bringmann, … 

 

 Ingo Thon, Niels Landwehr, … 

 

 Paol Frasconi, … 

 

 Justin Bieber, … 



Observations 

 

  • Expose uncertainty 
• Risk incorrect answers 
• Cannot be labeled manually 
• Join information extracted from many pages 

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



[NYTimes] 



Probabilistic Databases 

x y P 
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a1 b2 p2 
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x y 
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Possible worlds semantics: 
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Probabilistic database D: 



Knowledge Base Completion 

X Y 

Luc KU Leuven 

Guy UCLA 

Kristian TUDortmund 

Ingo Siemens 

WorksFor 
X Y 

Siemens Germany 

Siemens Belgium 

UCLA USA 

TUDortmund Germany 

KU Leuven Belgium 

LocatedIn 

X Y 

Luc Belgium 

Guy USA 

Kristian Germany 

LivesIn 

Given:  
 
 
 
 
 
Learn: 
 
0.8::LivesIn(x,y) :- WorksFor(x,z) ∧ 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)|      ) = 0.2 

– Observe page 

Pr(HasStudent(Luc,Paol)|       ,      ) = 0.3 

 

Principled and sound reasoning! 



Problem 1: Broken Learning Loop 

Current view on Knowledge Base Completion: 

– Prior belief:   

Pr(HasStudent(Luc,Paol)) = 0 

– Observe page 

Pr(HasStudent(Luc,Paol)|      ) = 0.2 

– Observe page 

Pr(HasStudent(Luc,Paol)|       ,      ) = 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)|      ) = 0.2 

– Observe page 

Pr(HasStudent(Luc,Paol)|       ,      ) = 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)|      ) = 0.2 

– Observe page 

Pr(HasStudent(Luc,Paol)|       ,      ) = 0.3 

 

This is mathematical nonsense! 



Problem 2: Broken Query Semantics 

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

 

Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 



Problem 2: Broken Query Semantics 

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

 

Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 
 
 
Q :- HasStudent(Luc,Ingo) ∧ WorksIn(Ingo,DE) 



Problem 2: Broken Query Semantics 

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

 

Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 
 
 
Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 
Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,FR) 



Problem 2: Broken Query Semantics 

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

 

Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 
 
 
Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) ∧ Scientologist(z) 
 



Problem 2: Broken Query Semantics 

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

 

Q :- HasStudent(Luc,Ingo) ∧ WorksIn(Ingo,DE) 
 
 
Q :- HasStudent(Luc,Kristian) ∧ ¬HasStudent(Luc,Kristian) 
 



Problem 2: Broken Query Semantics 

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

 

Q :- HasStudent(Luc,Ingo) ∧ WorksIn(Ingo,DE) 
 
 
Q :- HasStudent(Luc,Kristian) ∧ WorksIn(Kristian,DE) 
 

X Y P 

Luc Ingo 0.9 

Luc Kristian 0.6 

HasStudent 



Problem 2: Broken Query Semantics 

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

 

Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 
 
 
Q :- ∃z HasStudent(Hendrik,z) ∧ WorksIn(z,DE) 
 

X Y P 

Luc Ingo 0.9 

Luc Kristian 0.6 

Hendrik Nima 0.7 

HasStudent 



Problem 2: Broken Query Semantics 

• Often probabilities will be identical 

Example: P(Q)=0 if WorksIn 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. 



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 

• A single table 

 

• At the scale of facebook (billions of people) 

• Real Bayesian belief about everyone 

I.e., all non-zero probabilities 

 

⇒ 200 Exabytes of data 
 

X Y P 

… … … 

Sibling 



Problem 3: Curse of Superlinearity 

All Google storage is  
a couple exabytes… 



Problem 3: Curse of Superlinearity 

We should be here! 



How to measure success? 

X Y P 

Luc KU Leuven 0.7 

Guy UCLA 0.6 

Kristian TUDortmund 0.3 

Ingo Siemens 0.3 

WorksFor 
X Y P 

Siemens Germany 0.7 

Siemens Belgium 0.5 

UCLA USA 0.8 

TUDortmund Germany 0.6 

KU Leuven Belgium 0.7 

LocatedIn 

0.8::LivesIn(x,y) :- WorksFor(x,z) ∧ LocatedIn(z,x). 

Example: Knowledge base completion 



How to measure success? 

0.8::LivesIn(x,y) :- WorksFor(x,z) ∧ LocatedIn(z,x). 
or 
0.5::LivesIn(x,y) :- BornIn(x,y). 
 

Example: Knowledge base completion 

What is the likelihood, precision, accuracy, …? 
 
        ProbFOIL:  



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 Galárraga, 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 < λ. 

• Query semantics: upper and lower bounds. 



OpenPDB Example 

Q1 :- HasStudent(Luc,Ingo) ∧ WorksIn(Ingo,DE) 
Q2 :- HasStudent(Luc,Kristian) ∧ WorksIn(Kristian,DE) 
 
with λ=0.1 
 
• Lower bound:  Pr(Q1) = 0              Pr(Q2) = 0 
• Upper bound:  Pr(Q1) = 0.09        Pr(Q2) = 0.06 
 
                                               

X Y P 

Luc Ingo 0.9 

Luc Kristian 0.6 

HasStudent 

X Y P 

Ingo DE 0.1 

Kristian DE 0.1 

WorksIn 

when 



OpenPDB Example 

Q :- HasStudent(Luc,Kristian) ∧ ¬HasStudent(Luc,Kristian) 
 
with λ=0.1 
 
• Lower bound:  Pr(Q) = 0 
• Upper bound:  Pr(Q) = 0 

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

X Y P 

Luc Ingo 0.9 

Luc Kristian 0.6 

HasStudent 



Algorithm for UCQ 

Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 

Q :- ∃z HasStudent(Luc,z) ∧ 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 λ 

 



Is this a good algorithm? 

• Polynomial time reduction to classic setting  

• Quadratic blowup of database  

200 exabytes for Sibling! 

 

 Can we do open-world reasoning  
  with no overhead? 

 



Probabilistic Database Inference 

• P(Q1 ∧ Q2) = P(Q1)P(Q2) 
P(Q1 ∨ Q2) =1 – (1 –  P(Q1))(1 – P(Q2)) 

 

• P(∃z Q) = 1 – Πa ∈Domain (1–  P(Q[a/z]) 
P(∀z Q) = Πa ∈Domain  P(Q[a/z] 

 

• P(Q1 ∧ Q2) = P(Q1) + P(Q2)- P(Q1 ∨ Q2) 
P(Q1 ∨ Q2) = P(Q1) + P(Q2)- P(Q1 ∧ Q2) 

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

Decomposable  
∧/ ∨ 

Decomposable 
∃/ ∀ 

Inclusion/ 
exclusion 

Dalvi and Suciu’s dichotomy theorem: 



PTIME is not enough! 

• 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. 

 

     





Existing Rules  
(see before) 



Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 

HasStudent(L,I) ∧ WorksIn(I,DE) 
HasStudent(L,K) ∧ WorksIn(K,DE) 
HasStudent(L,A) ∧ WorksIn(I,DE) 
 
Recurse and multiply probs 



Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 

HasStudent(L,I) ∧ WorksIn(I,DE) 
HasStudent(L,K) ∧ WorksIn(K,DE) 
HasStudent(L,A) ∧ WorksIn(I,DE) 
 
Recurse and ‘multiply’ probs 
Multiply by qo: open world correction 



Q :- ∃z HasStudent(Luc,z) ∧ WorksIn(z,DE) 

HasStudent(L,I) ∧ WorksIn(I,DE) 
HasStudent(L,K) ∧ WorksIn(K,DE) 
HasStudent(L,A) ∧ WorksIn(I,DE) 
 
Recurse and ‘multiply’ probs 
Multiply by qo: open world correction 

qo is lifted 
inference! 
WFOMC/FOVE/… 





UCQ with negation  

• Theorem:  
Linear time queries on closed-world databases 
can become NP-complete on OpenPDBs 

 

• Theorem:  
PP queries on closed-world databases can 
become NPPP-complete on OpenPDBs 

 

 





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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