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Answer: YES

Problem
The data is incomplete

Solution
Deductive databases
e.g. Datalog, Sparql 1.1

Semantics

Answer: NO



DEALING WITH THE TRUTH

4

party(JohnDoe, Tory)
party(JohnDoe, Labour)

Eurosceptic(JohnDoe) ?

Data

Query

Problem
The data is uncertain



DEALING WITH THE TRUTH

4

party(JohnDoe, Tory)
party(JohnDoe, Labour)

Eurosceptic(JohnDoe) ?

Data

Query

Problem
The data is uncertain

Solution
Fuzzy logic
Graphical models



DEALING WITH THE TRUTH

4

party(JohnDoe, Tory)
party(JohnDoe, Labour)

Eurosceptic(JohnDoe) ?

Data

Query

¬party(x, Tory) ∨ Eurosceptic(x) : 10
¬party(x, Labour) ∨ ¬Eurosceptic(x) : 2

Answer: 65%

Problem
The data is uncertain

Solution
Fuzzy logic
Graphical models

Semantics



DEALING WITH THE TRUTH

5

party(JohnDoe, Tory)
party(JohnDoe, Labour)

Eurosceptic(JohnDoe) ?

Data

Query

Problem
The data is inconsistency



DEALING WITH THE TRUTH

5

party(JohnDoe, Tory)
party(JohnDoe, Labour)

Eurosceptic(JohnDoe) ?

Data

Query

Problem
The data is inconsistency

Solution
Fuzzy logic
Graphical models



DEALING WITH THE TRUTH

5

party(JohnDoe, Tory)
party(JohnDoe, Labour)

Eurosceptic(JohnDoe) ?

Data

Query

¬party(x, Tory) ∨ Eurosceptic(x) : 10
¬party(x, Labour) ∨ ¬Eurosceptic(x) : 2

Problem
The data is inconsistency

Solution
Fuzzy logic
Graphical models

Semantics (e.g. Markov Logic)



DEALING WITH THE TRUTH

5

party(JohnDoe, Tory)
party(JohnDoe, Labour)

Eurosceptic(JohnDoe) ?

Data

Query

¬party(x, Tory) ∨ Eurosceptic(x) : 10
¬party(x, Labour) ∨ ¬Eurosceptic(x) : 2

Answer: 65%

Problem
The data is inconsistency

Solution
Fuzzy logic
Graphical models

Semantics (e.g. Markov Logic)



DEALING WITH THE TRUTH

6

Problem
The data and semantics are contextual

Labour ≠ Eurosceptic Tory = Eurosceptic



DEALING WITH THE TRUTH

6

Problem
The data and semantics are contextual

Labour ≠ Eurosceptic Tory = Eurosceptic



GOAL: VERACITY AS A FUNCTION OF CONTEXT

7

Incompleteness

Uncertainty

Context 
dependence

This work
Exploring how 
context affects 
veracity 



GOAL: VERACITY AS A FUNCTION OF CONTEXT

7

Incompleteness

Uncertainty

Context 
dependence

This work
Exploring how 
context affects 
veracity 

[2013, 2016] → 25%
bbc → 75%Eurosceptic(JohnDoe)

Objective 1: Assess the veracity of 
facts with respect to context



GOAL: VERACITY AS A FUNCTION OF CONTEXT

7

Incompleteness

Uncertainty

Context 
dependence

This work
Exploring how 
context affects 
veracity 

[2013, 2016] → 25%
bbc → 75%Eurosceptic(JohnDoe)

Eurosceptic(JohnDoe): 50%  → [2005, 2016]
bbc

Objective 2: Explore which contexts 
make a fact true beyond a threshold

Objective 1: Assess the veracity of 
facts with respect to context
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DEFINING CONTEXT
Desiderata

• Expressive: describing a wide range of contexts

• Adaptable: should be applicable to existing data model

• Non-intrusive: should not require to modify legacy data

Annotations

• Annotations enrich data with additional (and orthogonal) metadata

• We borrow, with slight adjustments, to provenance semi-rings

• Commonly used to model various semantics on the top of set 
semantics. E.g. lineage, bag semantics, fuzzy logic, etc.
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party(JohnDoe, Tory)cardinality=10 party(JohnDoe, Tory)source=bbc

party(JohnDoe, Tory)security=confidentialparty(JohnDoe, Tory)timespan=[2007, 2010]

• In our case, annotations are taken from finite lattices

All

Directors

Employees

None



Axioms

Data

EXTENDING KNOWLEDGE WITH CONTEXT

10

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

bachelorFrom(X, Y) →CollegeGrad(X)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)



Axioms

Data

EXTENDING KNOWLEDGE WITH CONTEXT

10

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

bachelorFrom(X, Y) →CollegeGrad(X)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

:{([2005, 2016], {bbc})}
:{([1980, 2008], {afp})}
:{([2005, 2016], {bbc})}
:{([−∞,+∞], {afp, cnn})}



Axioms

Data

EXTENDING KNOWLEDGE WITH CONTEXT

10

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

bachelorFrom(X, Y) →CollegeGrad(X)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

:{([2005, 2016], {bbc})}
:{([1980, 2008], {afp})}
:{([2005, 2016], {bbc})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{bbc,cnn})}
:{([2007,2013],{afp, bbc})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

H
ard



Axioms

Data

EXTENDING KNOWLEDGE WITH CONTEXT

10

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

bachelorFrom(X, Y) →CollegeGrad(X)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

:{([2005, 2016], {bbc})}
:{([1980, 2008], {afp})}
:{([2005, 2016], {bbc})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{bbc,cnn})}
:{([2007,2013],{afp, bbc})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

H
ard

Intuition
These facts and axioms 
only hold within those 
contexts.



Axioms

Data

EXTENDING KNOWLEDGE WITH CONTEXT

10

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

bachelorFrom(X, Y) →CollegeGrad(X)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

:{([2005, 2016], {bbc})}
:{([1980, 2008], {afp})}
:{([2005, 2016], {bbc})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{bbc,cnn})}
:{([2007,2013],{afp, bbc})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

: 6.0 
: 3.0

H
ard

Soft
Intuition
These facts and axioms 
only hold within those 
contexts.



Axioms

Data

EXTENDING KNOWLEDGE WITH CONTEXT

10

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

bachelorFrom(X, Y) →CollegeGrad(X)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

:{([2005, 2016], {bbc})}
:{([1980, 2008], {afp})}
:{([2005, 2016], {bbc})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{bbc,cnn})}
:{([2007,2013],{afp, bbc})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

: 6.0 
: 3.0

H
ard

Soft
Intuition
These facts and axioms 
only hold within those 
contexts.

Intuition
This axiom is more plausible than that one



Axioms

Data

EXTENDING KNOWLEDGE WITH CONTEXT

10

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

bachelorFrom(X, Y) →CollegeGrad(X)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

:{([2005, 2016], {bbc})}
:{([1980, 2008], {afp})}
:{([2005, 2016], {bbc})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{bbc,cnn})}
:{([2007,2013],{afp, bbc})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

: 6.0 
: 3.0

H
ard

Soft
Intuition
These facts and axioms 
only hold within those 
contexts.

Intuition
This axiom is more plausible than that one



Hard axioms

Data

CONTEXTUAL CHASE

11

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

Eurosceptic(X) →support(X, Brexit)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{afp, bbc})}
:{([2007,2013],{bbc, cnn})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}



Hard axioms

Data

CONTEXTUAL CHASE

11

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

Eurosceptic(X) →support(X, Brexit)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{afp, bbc})}
:{([2007,2013],{bbc, cnn})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

Eurosceptic(JohnDoe) :{([2007, 2012], {afp})}



Hard axioms

Data

CONTEXTUAL CHASE

11

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

Eurosceptic(X) →support(X, Brexit)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{afp, bbc})}
:{([2007,2013],{bbc, cnn})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

Eurosceptic(JohnDoe)
opposes(JohnDoe, Brexit)

:{([2007, 2012], {afp})}
:{([1980, 2008], {afp})}



Hard axioms

Data

CONTEXTUAL CHASE

11

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

Eurosceptic(X) →support(X, Brexit)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{afp, bbc})}
:{([2007,2013],{bbc, cnn})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

Eurosceptic(JohnDoe)
opposes(JohnDoe, Brexit)
⊥

:{([2007, 2012], {afp})}
:{([1980, 2008], {afp})}
:{([2005, 2008], {afp})}



Hard axioms

Data

CONTEXTUAL CHASE

11

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

Eurosceptic(X) →support(X, Brexit)
party(X, Tories) →Eurosceptic(X)
party(X, Y) ∧opposes(Y, Z) →opposes(X, Z)
supports(X, Y) ∧opposes(X, Y) → ⊥

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

:{([−∞,+∞],{afp, bbc})}
:{([2007,2013],{bbc, cnn})}
:{([−∞,+∞],{afp, bbc})}
:{([−∞,+∞],{afp, bbc, cnn})}

Eurosceptic(JohnDoe)
opposes(JohnDoe, Brexit)
⊥

:{([2007, 2012], {afp})}
:{([1980, 2008], {afp})}
:{([2005, 2008], {afp})}

, ([2007, 2012], {afp})}



Data (contextual closure)

CONTEXTUAL INTERPRETATION

12

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

Eurosceptic(JohnDoe)
opposes(JohnDoe, Brexit)
⊥

:{([2007, 2012], {afp})}
:{([1980, 2008], {afp})}
:{([2005, 2008], {afp})}

, ([2007, 2012], {afp})}

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

: 6.0 
: 3.0

Soft axioms



Data (contextual closure)

CONTEXTUAL INTERPRETATION

12

party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

Eurosceptic(JohnDoe)
opposes(JohnDoe, Brexit)
⊥

:{([2007, 2012], {afp})}
:{([1980, 2008], {afp})}
:{([2005, 2008], {afp})}

, ([2007, 2012], {afp})}

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

: 6.0 
: 3.0

eurosceptic. All sources agree that one cannot support
and oppose the same things, regardless of time. Finally,
weighted formulas indicate that being a college graduate
implies opposing the Brexit, while to a lesser degree, being
a member of the Tories implies supporting it.

Query language. We now introduce two types of queries,
scope and support queries. Recall that our ultimate goal is
fact checking and as such we need a way to assess the truth-
fulness of claims in context. In our case, claims will take the
form of conjunctive queries. We start by defining queries of
the form “According to some given sources, is Mr. Doe eu-
rosceptic?” and “According to whom was he eurosceptic in
2010?”, described in the introduction.
Definition 3 (Scope Query). A scope query is of the form
Q:b, where Q is a conjunction of atoms, and b is an optional
“restriction” expressed as a conjunction of bindings #

i

=v

i

,
where #i refers to one of the components of ˙

K, and v

i

is a
value in the domain dom(K

i

). A boolean scope query does
not contain any variable.

We also want to answer “reversed” queries, like “In
which context is Mr. Doe eurosceptic with confidence above
50%?”.
Definition 4 (Support Query). A (boolean) support query is
of the form Q/s, where Q is a (boolean) scope query and s

is a real number in [0, 1].

Semantics
To describe the semantics, we first modify the chase proce-
dure to account for contextual annotations. We assume as
usual a scenario S = hD,⌃,M,

˙

K,↵i.

Contextual chase. We call the contextual chase, denoted
chase

K̇

(D,⌃,↵), the closure of D under ⌃, in the con-
text of ˙

K. Its output is a pair (D0
,↵

0
), such that D0 is

defined as the output of the conventional chase, and ↵

0
:

{D0 [ ⌃} ! P(

˙

K)⇢? is a new annotation function. ↵ and
↵

0 coincide for every element in ⌃, but may differ for in-
puts from D0. We describe inductively how ↵

0 is obtained.
Before the first chase step, ↵0 = ↵. At the i

th step, let
� : �1 ^ · · · ^ �

n

!  1 ^ · · · ^  

m

be the TGD under
consideration, µ a homomorphism from body(�) to D

i�1,
and µ

0 the extension of µ to head(�). ↵
i

is created as fol-
lows:

(i) 8 
k

2 head(�), ↵
i

(µ

0
( 

k

)) = ↵

i�1(µ
0
( 

k

)) [ A,
with

A={↵(�) ˙⌦a1 ˙⌦ . . .

˙⌦a

n

|a12µ(�1), . . . , an2µ(�n)}
(ii) for every other input, ↵

i

(x) = ↵

i�1(x)

In other words, a chase step propagates sets of annotations
of the facts from which µ originates. For each entry in the
product of these sets, the ˙⌦-operator is used to produce a
new annotation which in turn is added to the function output
for each derived head atom. We note that, strictly speaking,
↵

i�1 may not be defined on all facts of D
i

, so we assume

the empty set is returned by default in those cases, i.e., 8x 2
D

i

\D
i�1,↵i�1(x) = ;.

Chase steps for negative constraints are handled similarly.
However, we do not stop immediately after a contradiction
is derived, but rather, keep a set of annotations over ?. We
claim that this departure from the convention does not affect
the termination of the chase.
Proposition 1. Let D, ⌃, ˙

K, and↵ be defined as usual. Then
chase

K̇

(D,⌃,↵) terminates iff chase(D,⌃) terminates.

Proof. In the absence of NCs, the output database D0 coin-
cides for the chase and the contextual chase by definition.
If NCs are present, there exists a chase steps ordering such
that no NC is fired until all TGDs are fired exhaustively. Fi-
nally, the number of annotations on any fact is bounded by
| ˙K|.

We also note that at any chase step, the contextual chase
does a polynomial amount of extra work compared to the
conventional chase.

We now define the notion of projection, which restricts a
database and a set of dependencies to a given context.
Definition 5 (Projection). Given an annotation function ↵
defined as usual, a projection of ↵ over some context tuple
w 2 ˙

K, denoted ↵
w

, is a restriction on the range of ↵ such
that any annotation set A is replaced with {v | u 2 A, v =

u

˙⌦w}.

Intuitively, a projection narrows the scope of annotation
on fact and dependencies to contexts dominated by the pro-
jection tuple. Tuples in ˙

K capture possible worlds, i.e., for
some projection context w 2 ˙

K, a fact or dependency is
considered to hold if it has some annotation tuple v such
that v ˙⌦w is valid. This is a significant departure from MLNs
and derived frameworks, where a possible world is a subset
of the Herbrand base. Let � be a ground formula in nega-
tion normal form, with atoms in chase(D,⌃), and w 2 ˙

K

some context tuple. We say that a scenario hD,⌃,M,

˙

K,↵i
contextually satisfies � w.r.t. w, denoted D [ ⌃ |=

K̇,↵

w

�,
if chase

K̇

(D,⌃,↵) = (D0
,↵

0
), and � holds in D0 under the

projection ↵0
w

.
Definition 6 (Contextual interpretation).
Let S = hD,⌃,M,

˙

K,↵i be a scenario. A contextual in-
terpretation is a probability distribution over contexts, such
that 8x 2 ˙

K,

P (x) = Z
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where n
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is the number of groundings of a formula �
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such that D[⌃ |=

K̇,↵
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i

, and ⇡(x) is a function returning
a constant in [0, 1] if D [ ⌃ |=

K̇,↵

x

?, and 1 otherwise.

The penalty function ⇡ is an external parameter that mod-
ulates how strictly contradiction shall be treated. In our run-
ning example, we use a penalty of 0. This means that rather
counter-intuitively, a context may have lower probability
than another one it dominates, e.g. if it entails a contradic-
tion while the other does not. For this reason, we make the

Contextual interpretation: probability distribution over contexts
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party(JohnDoe, Tory)
party(JohnDoe, Labour)
supports(JohnDoe, Brexit)
opposes(Labour, Brexit)

:{([2005, 2012], {afp, bbc})
:{([1980, 2008], {afp})}
:{([2005, 2016], {afp, bbc, cnn})}
:{([−∞,+∞], {afp, cnn})}

Eurosceptic(JohnDoe)
opposes(JohnDoe, Brexit)
⊥

:{([2007, 2012], {afp})}
:{([1980, 2008], {afp})}
:{([2005, 2008], {afp})}

, ([2007, 2012], {afp})}

CollegeGrad(X) → opposes(X, Brexit)
party(X, Tories) → support(X, Brexit)

: 6.0 
: 3.0

eurosceptic. All sources agree that one cannot support
and oppose the same things, regardless of time. Finally,
weighted formulas indicate that being a college graduate
implies opposing the Brexit, while to a lesser degree, being
a member of the Tories implies supporting it.

Query language. We now introduce two types of queries,
scope and support queries. Recall that our ultimate goal is
fact checking and as such we need a way to assess the truth-
fulness of claims in context. In our case, claims will take the
form of conjunctive queries. We start by defining queries of
the form “According to some given sources, is Mr. Doe eu-
rosceptic?” and “According to whom was he eurosceptic in
2010?”, described in the introduction.
Definition 3 (Scope Query). A scope query is of the form
Q:b, where Q is a conjunction of atoms, and b is an optional
“restriction” expressed as a conjunction of bindings #

i

=v

i

,
where #i refers to one of the components of ˙

K, and v

i

is a
value in the domain dom(K

i

). A boolean scope query does
not contain any variable.

We also want to answer “reversed” queries, like “In
which context is Mr. Doe eurosceptic with confidence above
50%?”.
Definition 4 (Support Query). A (boolean) support query is
of the form Q/s, where Q is a (boolean) scope query and s

is a real number in [0, 1].

Semantics
To describe the semantics, we first modify the chase proce-
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In other words, a chase step propagates sets of annotations
of the facts from which µ originates. For each entry in the
product of these sets, the ˙⌦-operator is used to produce a
new annotation which in turn is added to the function output
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↵
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i

, so we assume
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D

i

\D
i�1,↵i�1(x) = ;.

Chase steps for negative constraints are handled similarly.
However, we do not stop immediately after a contradiction
is derived, but rather, keep a set of annotations over ?. We
claim that this departure from the convention does not affect
the termination of the chase.
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K, and↵ be defined as usual. Then
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(D,⌃,↵) terminates iff chase(D,⌃) terminates.
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, is a restriction on the range of ↵ such
that any annotation set A is replaced with {v | u 2 A, v =

u

˙⌦w}.

Intuitively, a projection narrows the scope of annotation
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), and � holds in D0 under the

projection ↵0
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.
Definition 6 (Contextual interpretation).
Let S = hD,⌃,M,

˙

K,↵i be a scenario. A contextual in-
terpretation is a probability distribution over contexts, such
that 8x 2 ˙
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where n
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is the number of groundings of a formula �
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such that D[⌃ |=
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, and ⇡(x) is a function returning
a constant in [0, 1] if D [ ⌃ |=

K̇,↵

x

?, and 1 otherwise.

The penalty function ⇡ is an external parameter that mod-
ulates how strictly contradiction shall be treated. In our run-
ning example, we use a penalty of 0. This means that rather
counter-intuitively, a context may have lower probability
than another one it dominates, e.g. if it entails a contradic-
tion while the other does not. For this reason, we make the

All facts and axioms are context-independent ⇒ all contexts are equiprobable
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Scoring function: given a conjunction, the sum of probabilities of 
contexts in which it holds
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Figure 1: Contextual function for Eurosceptic(JohnDoe),
with input bindings TIME=[�1,+1] (i) and SRC={B,C}
(ii). Cells in (ii) denote intervals, e.g. [2008, 2012] in gold.

assumption that contexts are independent, despite the fact
that projecting on two distinct contexts may yield the same
valid fact and dependencies. Note that when the ontology
is context-independent (i.e., ↵ returns ˙> on any input), all
contexts are equiprobable.
Definition 7 (Contextual function). A contextual function of
a ground formula �, is a function �:

˙

K ! [0, 1], defined as:

�(x) =

X

{w|w�̇x,D[⌃|=
K̇,↵

w

�}

P (w) (5)

The contextual function allows exploring how conclu-
sions vary with contexts. To “drill down”, it suffices to re-
strict the domain of � by binding parts of the inputs. For
instance, let K

i

be some arbitrary context with ˙

K, with
1  i  n and v 2 dom(Ki), then � |#i=v (x) ranges over
the tuple of ˙

K whose i

th position equals v.
Example 6. Figure 1 visually represents the contextual
function for the fact Eurosceptic(JohnDoe) of our running
example. Figure 1 (i) depicts the function with the restric-
tion TIME = [�1,+1] applied. In this case, the function
ranges over the power set of sources and shows for instance
that B is the single source with the strongest confidence that
John Doe is eurosceptic over that period. In Figure 1 (ii), the
restriction is SRC = {B,C}. Each cell in the figure depicts
a time interval, with darker colors corresponding to higher
values. Looking at each 1-year interval sequentially, we see
that confidence was low until 2011, dropped to 0 in 2012,
peaked in 2013, and finally dropped to 0 again until the end.

We now define query answering for scope queries which
relies on contextual functions.
Definition 8 (Scope query answering). Let Q:b be a scope
query, anScope(Q:b,S) is a set of results the form �:�,
where � is a conjunction of facts, and � is defined as
in Equation 5 for �, and there exist a homomorphism
µ:vars(Q) ! �

C

[ �

N

, s.t. � = µ(Q) and µ(Q) ✓
chase(D,⌃). The restriction b translates into the corre-
sponding restriction on �.

Example 7. The query “Who was euroscep-
tic between 2008 and 2014?” is expressed as
Eurosceptic(X): TIME = [2008, 2014].
The answer is Eurosceptic(JohnDoe):{{A} ! .028,

{B}!.053, {C}!.042, {A,B}!.135, {B,C}!.138,

{A,C}!.113, {A,B,C}!.304}.
In other words, taking all sources into account, the claims

has a confidence of .304, while considering source A alone,
the measure drops to .028.
Definition 9 (Support query answering). Let Q/s be a sup-
port query, anSupport(Q/s,S) is the set of results of the
form �:E, where E is a set of contexts such that 8e 2 E, s 
�(µ(Q)), with �, µ and � defined as in Definition 8.
Example 8. The query Eurosceptic(x)/.5 asks in what con-
text(s) the conjunction has at least 50% confidence. The an-
swer is Eurosceptic(JohnDoe): {{[�1, 2014], {A,B,C}},
{[2006, 2015], {A,B,C}}, {[2008, 2016], {A,B,C}},
{[2009,+1], {A,B,C}}, . . . }.

Algorithms
We now to turn to how implement query answering. We
first describe a naı̈ve algorithm for answering scope queries,
inspired from the Threshold Algorithm in (Gottlob et al.
2013). The inputs are a scenario S , a scope query Q:b. The
algorithm loops over all contexts w 2 ˙

K. For each context,
we project the data instance and dependencies over w and
chases. We compute the individual score for w (Equation 4),
and update Z. For each match r of Q in the chase closure,
we update the result by iterating of over all contexts satisfy-
ing b, and dominated by w. For support queries, one needs
to answer its scope query first, and keep only those context
mapping to values exceeding the support.
Theorem 1. Query answering is PTIME-complete in data
complexity for both scope and support atomic queries, under
guarded TGDs.

Proof (Sketch). This follows from Theorem 1 in (Gottlob et
al. 2013), and the observation that | ˙K| is also considered
constant here. Computing the chase under guarded TGDs for
the query Q is PTIME-complete. This also holds for the con-
textual chase since, it only requires a polynomial amount of
additional work. Updating the result requires an additional
nested loop over ˙

K, selecting the relevant context to the cur-
rent function input, re-chasing and recompute the score.

In general, one can expect ˙

K to be large, rendering the
above algorithm of little practical use. It is common how-
ever to materialize the output of the Chase before evaluating
a query over it. We can thus move the Chase outside the loop,
using the observation that chasing once with ↵ and project-
ing later on w has the same effect as projecting first and
chasing afterwards. This also implies that not all context tu-
ples need to be kept alongside each derived fact, but only the
maximal ones, saving both space and time in the contextual
chase. Finally, assuming the context is topologically sorted,
it is possible to exploit results from prior rounds in the nested
loop, and interrupt it early. This yields Algorithm 1. The
function computeScore uses Equation 4 to compute the fi-
nal probability of the context associated with w (for which
we keep Z up-to-date in line 5). For cases where ˙

K is still
too large, we plan to adapt the algorithm to existing approx-
imate methods to estimate the most probable worlds.
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Figure 1: Contextual function for Eurosceptic(JohnDoe),
with input bindings TIME=[�1,+1] (i) and SRC={B,C}
(ii). Cells in (ii) denote intervals, e.g. [2008, 2012] in gold.

assumption that contexts are independent, despite the fact
that projecting on two distinct contexts may yield the same
valid fact and dependencies. Note that when the ontology
is context-independent (i.e., ↵ returns ˙> on any input), all
contexts are equiprobable.
Definition 7 (Contextual function). A contextual function of
a ground formula �, is a function �:

˙

K ! [0, 1], defined as:

�(x) =

X

{w|w�̇x,D[⌃|=
K̇,↵

w

�}

P (w) (5)

The contextual function allows exploring how conclu-
sions vary with contexts. To “drill down”, it suffices to re-
strict the domain of � by binding parts of the inputs. For
instance, let K

i

be some arbitrary context with ˙

K, with
1  i  n and v 2 dom(Ki), then � |#i=v (x) ranges over
the tuple of ˙

K whose i

th position equals v.
Example 6. Figure 1 visually represents the contextual
function for the fact Eurosceptic(JohnDoe) of our running
example. Figure 1 (i) depicts the function with the restric-
tion TIME = [�1,+1] applied. In this case, the function
ranges over the power set of sources and shows for instance
that B is the single source with the strongest confidence that
John Doe is eurosceptic over that period. In Figure 1 (ii), the
restriction is SRC = {B,C}. Each cell in the figure depicts
a time interval, with darker colors corresponding to higher
values. Looking at each 1-year interval sequentially, we see
that confidence was low until 2011, dropped to 0 in 2012,
peaked in 2013, and finally dropped to 0 again until the end.

We now define query answering for scope queries which
relies on contextual functions.
Definition 8 (Scope query answering). Let Q:b be a scope
query, anScope(Q:b,S) is a set of results the form �:�,
where � is a conjunction of facts, and � is defined as
in Equation 5 for �, and there exist a homomorphism
µ:vars(Q) ! �

C

[ �

N

, s.t. � = µ(Q) and µ(Q) ✓
chase(D,⌃). The restriction b translates into the corre-
sponding restriction on �.

Example 7. The query “Who was euroscep-
tic between 2008 and 2014?” is expressed as
Eurosceptic(X): TIME = [2008, 2014].
The answer is Eurosceptic(JohnDoe):{{A} ! .028,

{B}!.053, {C}!.042, {A,B}!.135, {B,C}!.138,

{A,C}!.113, {A,B,C}!.304}.
In other words, taking all sources into account, the claims

has a confidence of .304, while considering source A alone,
the measure drops to .028.
Definition 9 (Support query answering). Let Q/s be a sup-
port query, anSupport(Q/s,S) is the set of results of the
form �:E, where E is a set of contexts such that 8e 2 E, s 
�(µ(Q)), with �, µ and � defined as in Definition 8.
Example 8. The query Eurosceptic(x)/.5 asks in what con-
text(s) the conjunction has at least 50% confidence. The an-
swer is Eurosceptic(JohnDoe): {{[�1, 2014], {A,B,C}},
{[2006, 2015], {A,B,C}}, {[2008, 2016], {A,B,C}},
{[2009,+1], {A,B,C}}, . . . }.

Algorithms
We now to turn to how implement query answering. We
first describe a naı̈ve algorithm for answering scope queries,
inspired from the Threshold Algorithm in (Gottlob et al.
2013). The inputs are a scenario S , a scope query Q:b. The
algorithm loops over all contexts w 2 ˙

K. For each context,
we project the data instance and dependencies over w and
chases. We compute the individual score for w (Equation 4),
and update Z. For each match r of Q in the chase closure,
we update the result by iterating of over all contexts satisfy-
ing b, and dominated by w. For support queries, one needs
to answer its scope query first, and keep only those context
mapping to values exceeding the support.
Theorem 1. Query answering is PTIME-complete in data
complexity for both scope and support atomic queries, under
guarded TGDs.

Proof (Sketch). This follows from Theorem 1 in (Gottlob et
al. 2013), and the observation that | ˙K| is also considered
constant here. Computing the chase under guarded TGDs for
the query Q is PTIME-complete. This also holds for the con-
textual chase since, it only requires a polynomial amount of
additional work. Updating the result requires an additional
nested loop over ˙

K, selecting the relevant context to the cur-
rent function input, re-chasing and recompute the score.

In general, one can expect ˙

K to be large, rendering the
above algorithm of little practical use. It is common how-
ever to materialize the output of the Chase before evaluating
a query over it. We can thus move the Chase outside the loop,
using the observation that chasing once with ↵ and project-
ing later on w has the same effect as projecting first and
chasing afterwards. This also implies that not all context tu-
ples need to be kept alongside each derived fact, but only the
maximal ones, saving both space and time in the contextual
chase. Finally, assuming the context is topologically sorted,
it is possible to exploit results from prior rounds in the nested
loop, and interrupt it early. This yields Algorithm 1. The
function computeScore uses Equation 4 to compute the fi-
nal probability of the context associated with w (for which
we keep Z up-to-date in line 5). For cases where ˙

K is still
too large, we plan to adapt the algorithm to existing approx-
imate methods to estimate the most probable worlds.

Intuition
For any given input 
context κ, aggregate the probabilities of context in which Φ holds and 
contained in κ.
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assumption that contexts are independent, despite the fact
that projecting on two distinct contexts may yield the same
valid fact and dependencies. Note that when the ontology
is context-independent (i.e., ↵ returns ˙> on any input), all
contexts are equiprobable.
Definition 7 (Contextual function). A contextual function of
a ground formula �, is a function �:

˙

K ! [0, 1], defined as:

�(x) =

X

{w|w�̇x,D[⌃|=
K̇,↵

w

�}

P (w) (5)

The contextual function allows exploring how conclu-
sions vary with contexts. To “drill down”, it suffices to re-
strict the domain of � by binding parts of the inputs. For
instance, let K

i

be some arbitrary context with ˙

K, with
1  i  n and v 2 dom(Ki), then � |#i=v (x) ranges over
the tuple of ˙

K whose i

th position equals v.
Example 6. Figure 1 visually represents the contextual
function for the fact Eurosceptic(JohnDoe) of our running
example. Figure 1 (i) depicts the function with the restric-
tion TIME = [�1,+1] applied. In this case, the function
ranges over the power set of sources and shows for instance
that B is the single source with the strongest confidence that
John Doe is eurosceptic over that period. In Figure 1 (ii), the
restriction is SRC = {B,C}. Each cell in the figure depicts
a time interval, with darker colors corresponding to higher
values. Looking at each 1-year interval sequentially, we see
that confidence was low until 2011, dropped to 0 in 2012,
peaked in 2013, and finally dropped to 0 again until the end.

We now define query answering for scope queries which
relies on contextual functions.
Definition 8 (Scope query answering). Let Q:b be a scope
query, anScope(Q:b,S) is a set of results the form �:�,
where � is a conjunction of facts, and � is defined as
in Equation 5 for �, and there exist a homomorphism
µ:vars(Q) ! �

C

[ �

N

, s.t. � = µ(Q) and µ(Q) ✓
chase(D,⌃). The restriction b translates into the corre-
sponding restriction on �.

Example 7. The query “Who was euroscep-
tic between 2008 and 2014?” is expressed as
Eurosceptic(X): TIME = [2008, 2014].
The answer is Eurosceptic(JohnDoe):{{A} ! .028,

{B}!.053, {C}!.042, {A,B}!.135, {B,C}!.138,

{A,C}!.113, {A,B,C}!.304}.
In other words, taking all sources into account, the claims

has a confidence of .304, while considering source A alone,
the measure drops to .028.
Definition 9 (Support query answering). Let Q/s be a sup-
port query, anSupport(Q/s,S) is the set of results of the
form �:E, where E is a set of contexts such that 8e 2 E, s 
�(µ(Q)), with �, µ and � defined as in Definition 8.
Example 8. The query Eurosceptic(x)/.5 asks in what con-
text(s) the conjunction has at least 50% confidence. The an-
swer is Eurosceptic(JohnDoe): {{[�1, 2014], {A,B,C}},
{[2006, 2015], {A,B,C}}, {[2008, 2016], {A,B,C}},
{[2009,+1], {A,B,C}}, . . . }.

Algorithms
We now to turn to how implement query answering. We
first describe a naı̈ve algorithm for answering scope queries,
inspired from the Threshold Algorithm in (Gottlob et al.
2013). The inputs are a scenario S , a scope query Q:b. The
algorithm loops over all contexts w 2 ˙

K. For each context,
we project the data instance and dependencies over w and
chases. We compute the individual score for w (Equation 4),
and update Z. For each match r of Q in the chase closure,
we update the result by iterating of over all contexts satisfy-
ing b, and dominated by w. For support queries, one needs
to answer its scope query first, and keep only those context
mapping to values exceeding the support.
Theorem 1. Query answering is PTIME-complete in data
complexity for both scope and support atomic queries, under
guarded TGDs.

Proof (Sketch). This follows from Theorem 1 in (Gottlob et
al. 2013), and the observation that | ˙K| is also considered
constant here. Computing the chase under guarded TGDs for
the query Q is PTIME-complete. This also holds for the con-
textual chase since, it only requires a polynomial amount of
additional work. Updating the result requires an additional
nested loop over ˙

K, selecting the relevant context to the cur-
rent function input, re-chasing and recompute the score.

In general, one can expect ˙

K to be large, rendering the
above algorithm of little practical use. It is common how-
ever to materialize the output of the Chase before evaluating
a query over it. We can thus move the Chase outside the loop,
using the observation that chasing once with ↵ and project-
ing later on w has the same effect as projecting first and
chasing afterwards. This also implies that not all context tu-
ples need to be kept alongside each derived fact, but only the
maximal ones, saving both space and time in the contextual
chase. Finally, assuming the context is topologically sorted,
it is possible to exploit results from prior rounds in the nested
loop, and interrupt it early. This yields Algorithm 1. The
function computeScore uses Equation 4 to compute the fi-
nal probability of the context associated with w (for which
we keep Z up-to-date in line 5). For cases where ˙

K is still
too large, we plan to adapt the algorithm to existing approx-
imate methods to estimate the most probable worlds.

?-Eurosceptic(?x) : ([2000, 2017], ⊤)
Scope queries (objective 1)

Intuition
For any given input 
context κ, aggregate the probabilities of context in which Φ holds and 
contained in κ.
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assumption that contexts are independent, despite the fact
that projecting on two distinct contexts may yield the same
valid fact and dependencies. Note that when the ontology
is context-independent (i.e., ↵ returns ˙> on any input), all
contexts are equiprobable.
Definition 7 (Contextual function). A contextual function of
a ground formula �, is a function �:

˙

K ! [0, 1], defined as:

�(x) =

X

{w|w�̇x,D[⌃|=
K̇,↵

w

�}

P (w) (5)

The contextual function allows exploring how conclu-
sions vary with contexts. To “drill down”, it suffices to re-
strict the domain of � by binding parts of the inputs. For
instance, let K

i

be some arbitrary context with ˙

K, with
1  i  n and v 2 dom(Ki), then � |#i=v (x) ranges over
the tuple of ˙

K whose i

th position equals v.
Example 6. Figure 1 visually represents the contextual
function for the fact Eurosceptic(JohnDoe) of our running
example. Figure 1 (i) depicts the function with the restric-
tion TIME = [�1,+1] applied. In this case, the function
ranges over the power set of sources and shows for instance
that B is the single source with the strongest confidence that
John Doe is eurosceptic over that period. In Figure 1 (ii), the
restriction is SRC = {B,C}. Each cell in the figure depicts
a time interval, with darker colors corresponding to higher
values. Looking at each 1-year interval sequentially, we see
that confidence was low until 2011, dropped to 0 in 2012,
peaked in 2013, and finally dropped to 0 again until the end.

We now define query answering for scope queries which
relies on contextual functions.
Definition 8 (Scope query answering). Let Q:b be a scope
query, anScope(Q:b,S) is a set of results the form �:�,
where � is a conjunction of facts, and � is defined as
in Equation 5 for �, and there exist a homomorphism
µ:vars(Q) ! �

C

[ �

N

, s.t. � = µ(Q) and µ(Q) ✓
chase(D,⌃). The restriction b translates into the corre-
sponding restriction on �.

Example 7. The query “Who was euroscep-
tic between 2008 and 2014?” is expressed as
Eurosceptic(X): TIME = [2008, 2014].
The answer is Eurosceptic(JohnDoe):{{A} ! .028,

{B}!.053, {C}!.042, {A,B}!.135, {B,C}!.138,

{A,C}!.113, {A,B,C}!.304}.
In other words, taking all sources into account, the claims

has a confidence of .304, while considering source A alone,
the measure drops to .028.
Definition 9 (Support query answering). Let Q/s be a sup-
port query, anSupport(Q/s,S) is the set of results of the
form �:E, where E is a set of contexts such that 8e 2 E, s 
�(µ(Q)), with �, µ and � defined as in Definition 8.
Example 8. The query Eurosceptic(x)/.5 asks in what con-
text(s) the conjunction has at least 50% confidence. The an-
swer is Eurosceptic(JohnDoe): {{[�1, 2014], {A,B,C}},
{[2006, 2015], {A,B,C}}, {[2008, 2016], {A,B,C}},
{[2009,+1], {A,B,C}}, . . . }.

Algorithms
We now to turn to how implement query answering. We
first describe a naı̈ve algorithm for answering scope queries,
inspired from the Threshold Algorithm in (Gottlob et al.
2013). The inputs are a scenario S , a scope query Q:b. The
algorithm loops over all contexts w 2 ˙

K. For each context,
we project the data instance and dependencies over w and
chases. We compute the individual score for w (Equation 4),
and update Z. For each match r of Q in the chase closure,
we update the result by iterating of over all contexts satisfy-
ing b, and dominated by w. For support queries, one needs
to answer its scope query first, and keep only those context
mapping to values exceeding the support.
Theorem 1. Query answering is PTIME-complete in data
complexity for both scope and support atomic queries, under
guarded TGDs.

Proof (Sketch). This follows from Theorem 1 in (Gottlob et
al. 2013), and the observation that | ˙K| is also considered
constant here. Computing the chase under guarded TGDs for
the query Q is PTIME-complete. This also holds for the con-
textual chase since, it only requires a polynomial amount of
additional work. Updating the result requires an additional
nested loop over ˙

K, selecting the relevant context to the cur-
rent function input, re-chasing and recompute the score.

In general, one can expect ˙

K to be large, rendering the
above algorithm of little practical use. It is common how-
ever to materialize the output of the Chase before evaluating
a query over it. We can thus move the Chase outside the loop,
using the observation that chasing once with ↵ and project-
ing later on w has the same effect as projecting first and
chasing afterwards. This also implies that not all context tu-
ples need to be kept alongside each derived fact, but only the
maximal ones, saving both space and time in the contextual
chase. Finally, assuming the context is topologically sorted,
it is possible to exploit results from prior rounds in the nested
loop, and interrupt it early. This yields Algorithm 1. The
function computeScore uses Equation 4 to compute the fi-
nal probability of the context associated with w (for which
we keep Z up-to-date in line 5). For cases where ˙

K is still
too large, we plan to adapt the algorithm to existing approx-
imate methods to estimate the most probable worlds.

?-Eurosceptic(?x) : ([2000, 2017], ⊤)
Scope queries (objective 1)

For each answer a

return a : β(a)

Intuition
For any given input 
context κ, aggregate the probabilities of context in which Φ holds and 
contained in κ.
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contexts in which it holds

ABC 5.81E-01
BC 2.91E-01
AC 2.43E-02
AB 4.56E-01
A 0.00E+00
B 2.28E-01
C 1.21E-02

0.00

0.15

0.30

0.45

0.60

ABC BC AC AB A B C
+∞

-∞
2006

2008

2016

20
12{B,C}

(i) (ii)

�1

Figure 1: Contextual function for Eurosceptic(JohnDoe),
with input bindings TIME=[�1,+1] (i) and SRC={B,C}
(ii). Cells in (ii) denote intervals, e.g. [2008, 2012] in gold.

assumption that contexts are independent, despite the fact
that projecting on two distinct contexts may yield the same
valid fact and dependencies. Note that when the ontology
is context-independent (i.e., ↵ returns ˙> on any input), all
contexts are equiprobable.
Definition 7 (Contextual function). A contextual function of
a ground formula �, is a function �:

˙

K ! [0, 1], defined as:

�(x) =

X

{w|w�̇x,D[⌃|=
K̇,↵

w

�}

P (w) (5)

The contextual function allows exploring how conclu-
sions vary with contexts. To “drill down”, it suffices to re-
strict the domain of � by binding parts of the inputs. For
instance, let K

i

be some arbitrary context with ˙

K, with
1  i  n and v 2 dom(Ki), then � |#i=v (x) ranges over
the tuple of ˙

K whose i

th position equals v.
Example 6. Figure 1 visually represents the contextual
function for the fact Eurosceptic(JohnDoe) of our running
example. Figure 1 (i) depicts the function with the restric-
tion TIME = [�1,+1] applied. In this case, the function
ranges over the power set of sources and shows for instance
that B is the single source with the strongest confidence that
John Doe is eurosceptic over that period. In Figure 1 (ii), the
restriction is SRC = {B,C}. Each cell in the figure depicts
a time interval, with darker colors corresponding to higher
values. Looking at each 1-year interval sequentially, we see
that confidence was low until 2011, dropped to 0 in 2012,
peaked in 2013, and finally dropped to 0 again until the end.

We now define query answering for scope queries which
relies on contextual functions.
Definition 8 (Scope query answering). Let Q:b be a scope
query, anScope(Q:b,S) is a set of results the form �:�,
where � is a conjunction of facts, and � is defined as
in Equation 5 for �, and there exist a homomorphism
µ:vars(Q) ! �

C

[ �

N

, s.t. � = µ(Q) and µ(Q) ✓
chase(D,⌃). The restriction b translates into the corre-
sponding restriction on �.

Example 7. The query “Who was euroscep-
tic between 2008 and 2014?” is expressed as
Eurosceptic(X): TIME = [2008, 2014].
The answer is Eurosceptic(JohnDoe):{{A} ! .028,

{B}!.053, {C}!.042, {A,B}!.135, {B,C}!.138,

{A,C}!.113, {A,B,C}!.304}.
In other words, taking all sources into account, the claims

has a confidence of .304, while considering source A alone,
the measure drops to .028.
Definition 9 (Support query answering). Let Q/s be a sup-
port query, anSupport(Q/s,S) is the set of results of the
form �:E, where E is a set of contexts such that 8e 2 E, s 
�(µ(Q)), with �, µ and � defined as in Definition 8.
Example 8. The query Eurosceptic(x)/.5 asks in what con-
text(s) the conjunction has at least 50% confidence. The an-
swer is Eurosceptic(JohnDoe): {{[�1, 2014], {A,B,C}},
{[2006, 2015], {A,B,C}}, {[2008, 2016], {A,B,C}},
{[2009,+1], {A,B,C}}, . . . }.

Algorithms
We now to turn to how implement query answering. We
first describe a naı̈ve algorithm for answering scope queries,
inspired from the Threshold Algorithm in (Gottlob et al.
2013). The inputs are a scenario S , a scope query Q:b. The
algorithm loops over all contexts w 2 ˙

K. For each context,
we project the data instance and dependencies over w and
chases. We compute the individual score for w (Equation 4),
and update Z. For each match r of Q in the chase closure,
we update the result by iterating of over all contexts satisfy-
ing b, and dominated by w. For support queries, one needs
to answer its scope query first, and keep only those context
mapping to values exceeding the support.
Theorem 1. Query answering is PTIME-complete in data
complexity for both scope and support atomic queries, under
guarded TGDs.

Proof (Sketch). This follows from Theorem 1 in (Gottlob et
al. 2013), and the observation that | ˙K| is also considered
constant here. Computing the chase under guarded TGDs for
the query Q is PTIME-complete. This also holds for the con-
textual chase since, it only requires a polynomial amount of
additional work. Updating the result requires an additional
nested loop over ˙

K, selecting the relevant context to the cur-
rent function input, re-chasing and recompute the score.

In general, one can expect ˙

K to be large, rendering the
above algorithm of little practical use. It is common how-
ever to materialize the output of the Chase before evaluating
a query over it. We can thus move the Chase outside the loop,
using the observation that chasing once with ↵ and project-
ing later on w has the same effect as projecting first and
chasing afterwards. This also implies that not all context tu-
ples need to be kept alongside each derived fact, but only the
maximal ones, saving both space and time in the contextual
chase. Finally, assuming the context is topologically sorted,
it is possible to exploit results from prior rounds in the nested
loop, and interrupt it early. This yields Algorithm 1. The
function computeScore uses Equation 4 to compute the fi-
nal probability of the context associated with w (for which
we keep Z up-to-date in line 5). For cases where ˙

K is still
too large, we plan to adapt the algorithm to existing approx-
imate methods to estimate the most probable worlds.

?-Eurosceptic(?x) : ([2000, 2017], ⊤)
Scope queries (objective 1)

?-Eurosceptic(?x) / 0.5
Threshold queries

For each answer a

return a : β(a)

Intuition
For any given input 
context κ, aggregate the probabilities of context in which Φ holds and 
contained in κ.
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Figure 1: Contextual function for Eurosceptic(JohnDoe),
with input bindings TIME=[�1,+1] (i) and SRC={B,C}
(ii). Cells in (ii) denote intervals, e.g. [2008, 2012] in gold.

assumption that contexts are independent, despite the fact
that projecting on two distinct contexts may yield the same
valid fact and dependencies. Note that when the ontology
is context-independent (i.e., ↵ returns ˙> on any input), all
contexts are equiprobable.
Definition 7 (Contextual function). A contextual function of
a ground formula �, is a function �:

˙

K ! [0, 1], defined as:

�(x) =

X

{w|w�̇x,D[⌃|=
K̇,↵

w

�}

P (w) (5)

The contextual function allows exploring how conclu-
sions vary with contexts. To “drill down”, it suffices to re-
strict the domain of � by binding parts of the inputs. For
instance, let K

i

be some arbitrary context with ˙

K, with
1  i  n and v 2 dom(Ki), then � |#i=v (x) ranges over
the tuple of ˙

K whose i

th position equals v.
Example 6. Figure 1 visually represents the contextual
function for the fact Eurosceptic(JohnDoe) of our running
example. Figure 1 (i) depicts the function with the restric-
tion TIME = [�1,+1] applied. In this case, the function
ranges over the power set of sources and shows for instance
that B is the single source with the strongest confidence that
John Doe is eurosceptic over that period. In Figure 1 (ii), the
restriction is SRC = {B,C}. Each cell in the figure depicts
a time interval, with darker colors corresponding to higher
values. Looking at each 1-year interval sequentially, we see
that confidence was low until 2011, dropped to 0 in 2012,
peaked in 2013, and finally dropped to 0 again until the end.

We now define query answering for scope queries which
relies on contextual functions.
Definition 8 (Scope query answering). Let Q:b be a scope
query, anScope(Q:b,S) is a set of results the form �:�,
where � is a conjunction of facts, and � is defined as
in Equation 5 for �, and there exist a homomorphism
µ:vars(Q) ! �

C

[ �

N

, s.t. � = µ(Q) and µ(Q) ✓
chase(D,⌃). The restriction b translates into the corre-
sponding restriction on �.

Example 7. The query “Who was euroscep-
tic between 2008 and 2014?” is expressed as
Eurosceptic(X): TIME = [2008, 2014].
The answer is Eurosceptic(JohnDoe):{{A} ! .028,

{B}!.053, {C}!.042, {A,B}!.135, {B,C}!.138,

{A,C}!.113, {A,B,C}!.304}.
In other words, taking all sources into account, the claims

has a confidence of .304, while considering source A alone,
the measure drops to .028.
Definition 9 (Support query answering). Let Q/s be a sup-
port query, anSupport(Q/s,S) is the set of results of the
form �:E, where E is a set of contexts such that 8e 2 E, s 
�(µ(Q)), with �, µ and � defined as in Definition 8.
Example 8. The query Eurosceptic(x)/.5 asks in what con-
text(s) the conjunction has at least 50% confidence. The an-
swer is Eurosceptic(JohnDoe): {{[�1, 2014], {A,B,C}},
{[2006, 2015], {A,B,C}}, {[2008, 2016], {A,B,C}},
{[2009,+1], {A,B,C}}, . . . }.

Algorithms
We now to turn to how implement query answering. We
first describe a naı̈ve algorithm for answering scope queries,
inspired from the Threshold Algorithm in (Gottlob et al.
2013). The inputs are a scenario S , a scope query Q:b. The
algorithm loops over all contexts w 2 ˙

K. For each context,
we project the data instance and dependencies over w and
chases. We compute the individual score for w (Equation 4),
and update Z. For each match r of Q in the chase closure,
we update the result by iterating of over all contexts satisfy-
ing b, and dominated by w. For support queries, one needs
to answer its scope query first, and keep only those context
mapping to values exceeding the support.
Theorem 1. Query answering is PTIME-complete in data
complexity for both scope and support atomic queries, under
guarded TGDs.

Proof (Sketch). This follows from Theorem 1 in (Gottlob et
al. 2013), and the observation that | ˙K| is also considered
constant here. Computing the chase under guarded TGDs for
the query Q is PTIME-complete. This also holds for the con-
textual chase since, it only requires a polynomial amount of
additional work. Updating the result requires an additional
nested loop over ˙

K, selecting the relevant context to the cur-
rent function input, re-chasing and recompute the score.

In general, one can expect ˙

K to be large, rendering the
above algorithm of little practical use. It is common how-
ever to materialize the output of the Chase before evaluating
a query over it. We can thus move the Chase outside the loop,
using the observation that chasing once with ↵ and project-
ing later on w has the same effect as projecting first and
chasing afterwards. This also implies that not all context tu-
ples need to be kept alongside each derived fact, but only the
maximal ones, saving both space and time in the contextual
chase. Finally, assuming the context is topologically sorted,
it is possible to exploit results from prior rounds in the nested
loop, and interrupt it early. This yields Algorithm 1. The
function computeScore uses Equation 4 to compute the fi-
nal probability of the context associated with w (for which
we keep Z up-to-date in line 5). For cases where ˙

K is still
too large, we plan to adapt the algorithm to existing approx-
imate methods to estimate the most probable worlds.

?-Eurosceptic(?x) : ([2000, 2017], ⊤)
Scope queries (objective 1)

?-Eurosceptic(?x) / 0.5
Threshold queries

For each answer a

return a : β(a)
Find all contexts s.t. β(a) > .5

Intuition
For any given input 
context κ, aggregate the probabilities of context in which Φ holds and 
contained in κ.



OPTIMIZATION
• Observation: Multiple contexts share the same axioms and assertions; 

they all share the same probabilities
• We can partition the lattices into such equivalence classes, and compute 

the probabilities for a single representative context of each class.
• We can easily get the list of active context texts from the data, and 

compute the set of equivalence classes from them.
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Example 
LOD Movie Critiques Scenario 
- 39K facts before closure (45K a.er), 
- 20 hard axioms 
- 7soft axioms 
- 46K distinct contexts 
- Chase and finding of eq. classes :~1s 
- Contextual interpretation: 
20 minutes. In comparison, the exhaustive 
interpretation computation requires hours.
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FUTURE WORK
• Model

• Learning (weight, annotations)
• Allowing variable in annotation

In queries: Did criminality decrease under Giuliani’s mayoralty ?
mayorOf(“Giuliani", ?city): ([?start, ?end], _), crime(?rate1):([?start, ?end], ?city),

mayorOf(?other, ?city): ([_, ?start], _), crime(?rate2):([_, ?start], ?city), 

?rate1 < ?rate2

In constraints: Forcing annotations in constraints
graduate(?x, ?y):[?from, ?to], LawSchool(?y) -> Lawyer(?x):[?end, _]

• Equality Generating Dependencies (key constraints) 

• User interface

• Threshold queries 
• More lattices
• More visualizations
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• Scalability

• Incremental updates interpretation computation

• Deployment on large scale data platform
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