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Cultural Background  

Vienna was a hotspot of logic in the early 20th century. 

This was stopped by the rise of the Nazis in the late 1930ies.

Goal: without any pretention, help reestablishing a tradition of 

logic in Austria: Logic in CS – our Mission

H. Hahn, M. Schlick, O. Neurath, R. Carnap, K. Gödel

Ludwig Wittgenstein 

Computer Science is the continuation of logic by other means.



New logics for specific applications have been designed  

Examples:

Datalog: Logics for Big Data

Reasoning with these logics is decidable, their exact complexity is known, 
and they can be directly implemented as computer programs. 
 Suitable for industrial applications.     

Many variants and many other logics/algorithms  (e.g. SAT-Solving, OWL) have been designed. 

Make Logic Work!



Datalog - An Example

IDB

EDB

emp(john)

emp(mary)

emp(hilda)

emp(ann)

reports(john,ann)

reports(mary, ann)

reports(ann,hilda) 
reports(hilda,eve)

Unique Name Assumption 

implicitly made, i.e., john  mary etc.

8X8Y reports(X,Y)  emp(X) Æ

8X8Y reports(X,Y)  emp(Y) Æ

8X emp(X)  person(X) Æ

8X8Y reports(X,Y)  mgs(Y,X) Æ

8X8Y8Z mgs(X,Y), mgs(Y,Z)  mgs(X,Z)

emp(eve), mgs(ann,john), mgs(ann,mary), mgs(hilda,ann)

mgs(eve,hilda), mgs(hilda,john), mgs(hilda,mary),

mgs(eve,ann), mgs(eve,john), mgs(eve,mary)



Logic in Industry…

… is dramatically gaining momentum, and more jobs in 

LogiCS are becoming available. 

Austria

Automatic configuration of:

 Railway safety systems, 

telecommunication systems, etc.  

 Model-based methods, answer-

set programming, SAT solving.

 Based on Datalog

 Software for business applications

 about 100 employees including 

20-30 computational logicians

 $40m investment

 Recently sold to INFOR 



Datalog Startup

• Based on Datalog

• Software engineering, particularly code analysis and code querying

• More than fifty employees

• Founded 2006 by Oege de Moor as spin-out of Oxford University 

(total investment $21M)

• Now headquarter in San Francisco and offices in Oxford, New York 

City, and Copenhagen.

• Eager to hire people whose skills include: 

• Database theory

• Declarative/logic programming (particularly Datalog)

• Formal logic, lattice theory, abstract interpretation

Recently sold to Github/Microsoft 



Founded 2016 by Daniel Kroening as 

spin-out of Oxford University.

Logic-based verification tools and 

software test automation.

Funding: $22M by four investors; 

Eagerly looking for LogiCS PhDs. 

Logic in the Industry



Projects at Oxford U.

DIADEM (ERC 2009-2014)

James Martin Grant

(J.M. School 2014-15)

ExtraLytics (ERC 2014-16) 

Projects at Oxford U.

DIADEM (ERC 2009-2014)

James Martin Grant

(J.M. School 2014-15)

ExtraLytics (ERC 2014-16) 

Projects at TU Wien

CD Laboratory f. Expert Syst.   

(CDG 1989-96)

Nicola Leone: Query System   

f. Disjunctive DBs 

(FWF 1996-2000)

Projects at TU Wien

Wittgenstein Award

(FWF 1998-2004)

Inductive Learning for Web    

Data Extraction

(FWF Transl. 2005-8) 

Projects at Oxford U.

DIADEM (ERC 2009-2014)

James Martin Grant

(J.M. School 2014-15)

ExtraLytics (ERC 2014-16) 

Projects at Oxford U.

Schema Mappings 

(EPSRC 2007-2010)

VADA: Value-Added Data 

(EPSRC 2015-2020)

My own Experience as Founder:  Co-founded 4 Companies

1998 2001 2015 2017

2013 2016



1.  From Disjunctive Datalog Research to DLVSYSTEM 



1. From Disjunctive Datalog Research to DLV-System

edge(X,Y)  edge(Y,X)

edge(X,Y)   node(X)

edge(X,Y)   node(Y)

node(X)  color(X, red) ∨ color(X, blue) ∨ color(X, green)

color(X, red)  color(X, blue)    false

color(X, red)  color(X, green)  false

color(X, green)  color(X, blue) false

edge(X,Y)  color(X,C)  color(Y,C)   false
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1. From Disjunctive Datalog Research to DLV-System

edge(X,Y)  edge(Y,X)

edge(X,Y)   node(X)

edge(X,Y)   node(Y)

node(X)  color(X, red) ∨ color(X, blue) ∨ color(X, green)

color(X, red)  color(X, blue)    false

color(X, red)  color(X, green)  false

color(X, green)  color(X, blue) false

edge(X,Y)  color(X,C)  color(Y,C)   false

Example of reasoning question:

Are there necessarily two nodes of every color?



1. From Disjunctive Datalog Research to DLV-System

edge(X,Y)  edge(Y,X)

edge(X,Y)   node(X)

edge(X,Y)   node(Y)

node(X)  color(X, red) ∨ color(X, blue) ∨ color(X, green)

color(X, red)  color(X, blue)    false

color(X, red)  color(X, green)  false

color(X, green)  color(X, blue) false

edge(X,Y)  color(X,C)  color(Y,C)   false

ACM Transact.  on Database Systems 22(3): 364-418 (1997)

Theorem:

Disjunctive Datalog reasoning is 

2 –complete and can express 

every property in 2 . 

p

p





2.  From Monadic Datalog Research to Lixto



Web Data Extraction

ref-code postcode bedrooms bathrooms available price

33453 OX2 6AR 3 2 15/10/2013 £1280 pcm

33433 OX4 7DG 2 1 18/04/2013 £995 pcm



HTML Content Extractor

Function  f: HTML Parse tree  Subtrees

Leaves of subtrees are among leaves of orig. tree

f
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<!DOCTYPE HTML PUBLIC "-//W3C//DTD HTML 4.01 Transitional//EN">

<html> <body>

<h1>People @ DBAI</h1>

<table border="1" cellpadding="3" cellspacing="1">

<tr> <td>Georg Gottlob</td>

<td>gottlob@dbai.tuwien.ac.at</td>

<td>18420</td>

</tr>

<tr> <td>Christoph Koch</td>

<td>koch@dbai.tuwien.ac.at</td>

<td>18449</td>

</tr>

</table>

</body> </html>

A HTML page 

Georg Gottlob gottlob@… 18420

Christoph Koch koch@… 18449

People @ DBAI



Predicate employeetable
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Predicate employee
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<!DOCTYPE HTML PUBLIC "-//W3C//DTD HTML 4.01 Transitional//EN">

<html> <body>

<h1>People @ DBAI</h1>

<table border="1" cellpadding="3" cellspacing="1">

<tr> <td>Georg Gottlob</td>

<td>gottlob@dbai.tuwien.ac.at</td>
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<td>koch@dbai.tuwien.ac.at</td>
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</table>

</body> </html>

Predicate phone

Georg Gottlob gottlob@… 18420

Christoph Koch koch@… 18449

People @ DBAI
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Monadic Datalog as a 
Wrapping Language

html

body

table

tr

td

tr

td td tdtd td

root

entry(X) :- root(R), firstchild(R,U), label[html](U),

firstchild(U,V), label[body](V),   

firstchild(V,W),label[table](W),

firstchild(W,X), label[tr](X).

entry(X):- entry(Y), nextsibling(Y,X).

name(X) :- entry(E), firstchild(E, X), label[td](X). 

email(X) :- name(N), nextsibling(N, X), label[td](X).

phone(X) :- email(M), nextsibling(M, X), label[td](X). 
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Theorem1: Monadic Datalog over trees has 

combined complexity: O(|data|*|query|)

J. ACM 51(1): 74-113 (2004)

Theorem 2 : Over trees, 

Monadic Datalog = MSO

MSO= Monadic second order logic.

A unary query is definable 

in MSO iff it is definable 

via a monadic datalog program.

Theoretical Results 



ELOG Program for eBay pages



Lixto Visual Developer (VD)

Navigation 

Steps

Mozilla 

Web 

Browser

Extraction 

Configuration
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.
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http://stat02.ltur.com/corporate/de/s?Homepage.Header.HO&ns_type=clickin&ns_url=http://www.ltur.com/de/index.html
http://images.google.at/imgres?imgurl=http://www.verclas-friends.de/logo_f_it_kl_2005.jpg&imgrefurl=http://www.verclas-friends.de/kunden/freudenberg_it.htm&h=53&w=106&sz=4&tbnid=Htg95rS0RCbQrM:&tbnh=39&tbnw=79&hl=de&start=15&prev=/images?q%3DFreudenberg%2BIT%2BF-IT%26svnum%3D10%26hl%3Dde%26lr%3D
http://www.hotel.de/homepage.aspx?lng=EN
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Comparison of Prices



August 2013:



3.  From Lixto over DIADEM to Wrapidity



36

This [Lixto] is great technology, but …

… too many people needed for generating and 

maintaining the wrappers!  



37

From the tourism, real estate, and retail domains, 

we understood independently that automated

wrapper-generation would be useful.

But how can this´be achieved?



Need for Fully Automated Extraction Technology   

Example: Real Estate UK > 15000 sites

many not covered by aggregators

list of all agencies easy to get (source discovery)

but: manual or semi-automatic wrapping too expensive

wrapper construction

testing

tracking changes

No existing tool or methodology could do it fully automatically



BLACKBOX

Application domain with 
thousands of websites

URL

Application-relevant Structured 
data (XML or RDF) 

DIADEM
a €2.5M project
started in April '10



machine learning

e.g. neural networks

page classification

visual clue recognition

text classification

small entity identification

rule-based reasoning

knowledge-based 

page exploration strategy 

navigation planning

global decision making

plausibility checks

 X & YZ

Taught knowledge

(expert system)

Self-learned 

knowledge



Rough Idea: Knowledge via Datalog Rules 

Use “expert” rules that analyze Web pages and interact with them

Ontological rules  (how do entities relate to each other)

- a flat is a real-estate property

- a house is a real-estate property

- a real-estate property has a number of rooms

- a price consists of a number and a currency

Phemomenological rules  (how do entities manifest themselves on the Web?)

- the text chunk closest to an input field is with high prob. its descriptor. 

- each sales item is described in a “convex”  (usual. rectangular) region.

Site exploration rules:

- before filling a field try to leave it empty 

- rules for handling next-page links

Other types of rules



DIADEM PROJECT

DIADEM lab at Oxford University

2010 2011 2012 2013 2014 2015

spin-out start-up

Wrapidity

Funding so far > $7M

VADA



VLDB 2014 VLDB Journal 2013

Research Papers (examples)



DIADEM Architecture

OPAL

Form filling & 

understanding

AMBER

Object identification 

& alignment

BERyL

Block analysis & 

object enrichment

OXPath

Efficient extraction 

in the cloud

DATALOG± (implemented in DLV)
Rule, exploration, control and integration language

New knowledge-based technology combining formalised knowledge with machine learning 



Application domain with 
thousands of websites

Application-relevant highly

structured data 

Properties Used cars

Combines ML with rule-based Reasoning.

In production: Extracts from  200K websites in various application domains. 

Successful on > 95%  of test sites. 





Domains considered so far (since 2014)

4

7

• Real estate UK

• Real estate US

• Used cars

• Consumer electronics

• Restaurant chains

• Restaurants in the ‘Open Web’

• Jobs (from company Web sites)

• News

• Companies



Commercial Impact

ERC Advanced Grant DIADEM

+ ERC Proof of Concept Grant

EXTRALYTICS

Founded February 2015

operating initially in Oxford

now in London

2 possibilities:

• Build up company with large client portfolio

• Sell technology, IP & software to strategic partner





Remarks to Prospective Academic Founders 

Question:  Big exit (8+ years)  vs  moderate exit (2-3 years)  ? 

Big exit: expected value lower: Risks (see Anki) + VCs 

There are exceptions such as DeepMind.

If you aim at a big exit, leave academia.

Management:  There are 1001 things to do, so take a full-time CEO.

Customers: Selling your new technology provides satisfaction. 

But: Many customers  many problems. 

A single failure can lead to threats and endless discussions.

Automotive suppliers are particularly harsh, being pressured by OEMs.

Engineers vs Salespeople: Salespeople promise what Engineers cannot deliver.

You are in the middle…

Lead promises are broken. 50% of the times “we will buy / want to buy your product”

is  broken. Main reasons:  

(i)  not a ``decider” (AT Biz jargon:  “nicht satisfaktionsfähig”)

(ii) sudden change of management (happens all the time)



VCs : - They can afford to the risk that only 1/10 of their companies succeed.

- They do not want moderate exits and can block them.

- They can force you to sell in some cases.

- Good VCs help you.

Business Angels: Are normally the better solution when aiming at moderate exits.

Universities: They are usually the IP holders and want to get equity.

Oxford: 20-30%, even though 

Austria??

Advantages:  Many very nice research problems arise from customer needs.

Diverse activities let you “live longer”.

You prove that your research is useful. – better credibility,

also  for publications.

Additional income.

Selling shares is tax efficient. In AT: 27.5% CGT vs 50% income tax.



CORE 
REASONING

WEB

Rule Repository



Enterprise Knowledge Graphs

Facebook Knowledge Graph:  Social graph with people, places and       
things + information from Wikipedia

Amazon Knowledge Graph: Started as product categorization ontology

Wolfram KB: World facts + mathematics 

Factual:  Businesses & places

Recruit Institute of Technology (R.I.T): People, skills, recruiting

Central Banks: Company register – ownership graph

Credit Rating Agencies …

Thousands of medium to large size companies now want their own 
corporate knowledge graph. This not just for semantic indexing and  
search, but for advanced reasoning tasks on top of machine learning.



Reasoning in Knowledge Graphs 

Ontology / Rules

EDB/ABox

EDB+IDB

Reasoning tasks are required that cannot be expressed by 
description logics, and cannot be reasonably managed by  
relational DBMS, nor by graph DBMS.

Many still think that DLs or graph databases suffice.  However: 



Wikidata contains the statement :  

Taylor was married to Burton starting from 1964 and ending 1974 

Example: Wikidata Marriage Intervals 

This can be represented in relational DB or Datalog-notation by : 

[Krötzsch DL 2017] 

∀ u,v,x,y. married(u,v,x,y) → married(v,u,x,y)

Symmetry rule for marriage intervals in Datalog:

This cannot be expressed in DLs!

married(taylor,burton,1964,1974)

Note: In what follows, we will often omit universal quantifiers.



Example: My Creditworthiness



Example: My Creditworthiness

up to £10,000 £8,500 £12,000

up to EUR 10,000 up to EUR 20,000

£ 8,000 £ 12,500 EUR 14,000

£500



People who live in a joint household with someone who does not 
pay their bills are likely to fail repaying their own debts.

A machine-learning program has “reasonably” learned:

This ethically questionable rule was applied to 
incomplete and wrong data:

• Before I bought the house there was a tenant who indeed did not 
pay his bills (tons of unpaid bills & overdue notices in my mailbox).

• The tenant had moved out before I moved in, but the Credit Rating 
Agency did not know, and simply assumed he still lived there. 

My Explanation



ML should be complemented and, where necessary,  overruled 
by  domain-specific “expert rules”  that express domain knowledge:

• A new house-owner is most likely unrelated to a previous tenant.

• If a house is bought by somebody who did not live there previously, and now 
lives there, then the previous occupiers have most likely moved out.   
[Verify!]

• If someone has closed their bank account without opening a new one  then 
it is likely that the person has moved out of the country. 

...

Automatically accessing outside sources such as the Land Register 
and/or Social Networks may help.

 Data extraction from external sources is a requirement for KGMS.



Knowledge Graph Management Systems

KGMS combine the power of rule-based reasoning with machine 
learning over Big Data:

KGMS = KBMS + Big Data + Analytics

Misusing the lateralization thesis for illustration 

symbolic subsymblic
taught self-learned



symbolic subsymblic
taught self-learned

Fast 
thinking

Slow 
thinking

Grandma: “Fly agarics are 
poisonous mushrooms. 
If you eat a poisonous 
mushroom, you may die”.

Yikes, a 
fly agaric! 



Vadalog KGMS Being Built at Oxford

• VADA = Value-Added DAta

• General architecture 

• The core reasoning language “Warded Datalog” and its extensions

• Connectivity: Some plug-ins

Current Team Members

Tim Furche



CORE 
REASONING

WEB

Rule Repository



Core Reasoning Engine
Strong performance and Expressiveness, Graph Navigation, 

+ Integrations with Machine Learning & Enterprise Databases

Knowledge Layers

General Knowledge Layers

Vertical-specific Knowledge Layers

Graph Analytics Data Wrangling Entity ResolutionWeb Data Extraction

Life 
Sciences

Banking & 
Finance

Logistics Oil & Gas Media Intel ... ...




