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Contribution
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1. Explanations for Datalog

2. Using a group-MUS solver

3. Optimisation through filtering of relevant facts



Research Questions

1. What is a useful form of explanations?

2. What is an efficient way to compute them?
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Computing explanations: MUS
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MUS: minimal unsatisfiable subsets of clauses

p ∧  (p->q) ∧ (NOT q) ∧  s ∧ (q v NOT s) ∧ t
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Research Questions

1. What is a useful form of explanations?

-> A KB-support explanation: 

An explanation of a fact p is a minimal subset of KB 
that entails p.

2. What is an efficient way to compute explanations?

-> Hint: Explanations resemble MUS in SAT formula
12



Building a SAT formula from a KB
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p(a,a)

FB

r1: p(x,x) -> goal(x)
r2: p(x,y) -> goal(x)

RB

p(a,a)

p(a,a) -> goal(a)

GROUNDING

∧



Finally: reducing fact explanation to MUS
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p(a,a)

FB

r1: p(x,x) -> goal(x)
r2: p(x,y) -> goal(x)

RB

p(a,a)

p(a,a) -> goal(a)
ground

∧

NOT goal(a)
∧  

Explaining goal(a)



Computing explanations: reduction to 
(standard) MUS

Example 1

r1: p(x,x) -> goal(x)
r2: p(x,y) -> goal(x)

NOT goal(a)
 p(a,a)
 p(a,a)->goal(a)

NOT goal(a)
 p(a,a)
 p(a,a)->goal(a)

MUS 
Solver
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Issue with standard MUS: 
1 MUS for 2 explanations

Encoding MUS



Computing explanations: group MUS

16

Group MUS: minimal unsatisfiable subsets of groups of clauses

group-MUS 
Solver

[NOT g(a)] ∧ [p(a,a)] ∧ [p(a,a)->g(a)] ∧ [p(a,a)->g(a)]
1 2 30

0, 1, 2 => FB: p(a,a) RB: r1 0, 1, 3  => FB: p(a,a) RB: r2
Group MUS: 
2 MUS for 2 
explanations



Computing explanations: group MUS
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Group MUS: minimal unsatisfiable subsets of groups of clauses

group-MUS 
Solver

[NOT g(a)] ∧ [p(a,a)] ∧ [p(a,a)->g(a)] ∧ [p(a,a)->g(a)]
1 2 30

0, 1, 2 => FB: p(a,a) RB: r1 0, 1, 3  => FB: p(a,a) RB: r2
Group MUS: 
2 MUS for 2 
explanations

KB-support explanations = group-MUSes



Issue: MUS solving is expensive

1. KB can be very large 
○ so is the group-SAT formula: how to 

reduce it?

2. The complexity of group-MUS enumeration
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Filtering: Find the relevant subset of the KB
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2 steps: 

1. Static step 
- entailment graph building

2. Dynamic step  
- fact relevance tracing



Static Step: Entailment Graph Building
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Desiderata: a data structure to trace the lineage of an atom 
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Static Step: Entailment Graph Building

p(a,a)

FB

r1: p(x,x) -> g(x)
r2: p(x,y) -> g(x)
r3: p(x,x) -> s(x)
r4: s(x) -> q(x)

RB

#FB
E_r1(f_p(a,a),f_g(a))
E_r2(f_p(a,a),f_g(a))
E_r3(f_p(a,a),f_s(a))
E_r4(f_s(a),f_q(a))

#RB
[REL(Y) ^ E_r1(X1,Y) -> 
REL(X1) ^ REL_E_r1(X1,Y), 
…
REL(Y) ^ E_r4(X1,Y) -> 
REL(X1) ^ REL_E_r4(X1,Y)]

Datalog programme
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Desiderata: a data structure to trace the lineage of an atom 

This step is computed only once.

Solution: use a rule-based encoding to build this data structure



Dynamic Step: Fact Tracing

23

Desiderata: trace the FB-ancestors of the query atom on the graph



Dynamic Step: Fact Tracing
Lineage of q(a)
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Desiderata: trace the FB-ancestors of the query atom on the graph

#FB
E_r1(f_p(a,a),f_g(a))
E_r2(f_p(a,a),f_g(a))
E_r3(f_p(a,a),f_s(a))
E_r4(f_s(a),f_q(a))
REL(f_q(a))

#RB
[REL(Y) ^ E_r1(X1,Y) -> 
REL(X1) ^ REL_E_r1(X1,Y), 
…
REL(Y) ^ E_r4(X1,Y) -> 
REL(X1) ^ REL_E_r4(X1,Y)]

Solution: rule-based encoding of the tracing

This step is computed once for 
every query.
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Desiderata: trace the FB-ancestors of the query atom on the graph

#FB
E_r1(f_p(a,a),f_g(a))
E_r2(f_p(a,a),f_g(a))
E_r3(f_p(a,a),f_s(a))
E_r4(f_s(a),f_q(a))
REL(f_q(a))

#RB
[REL(Y) ^ E_r1(X1,Y) -> 
REL(X1) ^ REL_E_r1(X1,Y), 
…
REL(Y) ^ E_r4(X1,Y) -> 
REL(X1) ^ REL_E_r4(X1,Y)]

Solution: rule-based encoding of the tracing

This step is computed once for 
every query.

Filtering reduces the size of the group-SAT formula.



Experiment
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Preprocessing:
- 24 ontologies from MOWL corpus translated to Datalog (via Carral et al.) 
- Choose 5 facts from deepest reasoning level
- Run against OWL Explanation (owl api) tool 

Conclusion: our approach is generally more competitive as the number of 
queries grows (and sometimes even for one query!) 
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Conclusion
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1. Study of KB-support explanations for datalog

2. Reduction of explanation to group-MUS problem

3. Filtering of relevant facts and rules exploiting 

datalog programme 

4. Implementation & Evaluation
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