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Motivation

Motivation

Observation Sometimes it is advantageous to take a more
application-oriented approach by including domain-specific
information

domain-specific knowledge can be added
for improving propagation
domain-specific heuristics can be used
for making better choices

Idea Incorporation of domain-specific heuristics by extending

input language and/or solver options
for expressing domain-specific heuristics
solving capacities for integrating domain-specific heuristics
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Motivation

Basic CDCL decision algorithm

loop

propagate // compute deterministic consequences

if no conflict then
if all variables assigned then return variable assignment
else decide // non-deterministically assign some literal

else
if top-level conflict then return unsatisfiable
else

analyze // analyze conflict and add a conflict constraint
backjump // undo assignments until conflict constraint is unit
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Motivation

Inside decide

Basic concepts

Atoms, A
Assignments, A : A → {T,F}

AT = {a ∈ A | Ta ∈ A} and AF = {a ∈ A | Fa ∈ A}

Heuristic functions

h : A → [0,+∞) and s : A → {T,F}

Algorithmic scheme

1 h(a) := α× h(a) + β(a) for each a ∈ A
2 U := A \ (AT ∪ AF)
3 C := argmaxa∈Uh(a)
4 a := τ(C )
5 A := A ∪ {a 7→ s(a)}
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Heuristically modified ASP

Heuristic language

Heuristic directive

#heuristic a : l1, . . . , ln. [k@p,m]

where

a is an atom, and l1, . . . , ln are literals
k and p are integers
m is a heuristic modifier

Heuristic modifiers

init for initializing the heuristic value of a with k
factor for amplifying the heuristic value of a by factor k
level for ranking all atoms; the rank of a is k
sign for attributing the sign of k as truth value to a

Example

#heuristic occurs(A,T) : action(A), time(T). [T, factor]
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init for initializing the heuristic value of a with k
factor for amplifying the heuristic value of a by factor k
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true/false combine level and sign

Example
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Heuristic language

Heuristic directive
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where

a is an atom, and l1, . . . , ln are literals
k and p are integers
m is a heuristic modifier
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init for initializing the heuristic value of a with k
factor for amplifying the heuristic value of a by factor k
level for ranking all atoms; the rank of a is k
sign for attributing the sign of k as truth value to a

Example

#heuristic occurs(mv,5) : action(mv), time(5). [5, factor]
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Heuristically modified ASP

Simple STRIPS planning

time(1..k).

holds(P,0) :- init(P).

{ occ(A,T) : action(A) } = 1 :- time(T).

:- occ(A,T), pre(A,F), not holds(F,T-1).

holds(F,T) :- occ(A,T), add(A,F).

holds(F,T) :- holds(F,T-1), time(T), not occ(A,T) : del(A,F).

:- query(F), not holds(F,k).
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Simple STRIPS planning

time(1..k).

holds(P,0) :- init(P).

{ occ(A,T) : action(A) } = 1 :- time(T).

:- occ(A,T), pre(A,F), not holds(F,T-1).

holds(F,T) :- occ(A,T), add(A,F).

holds(F,T) :- holds(F,T-1), time(T), not occ(A,T) : del(A,F).

:- query(F), not holds(F,k).

#heuristic holds(F,T-1) : holds(F,T). [t-T+1, true]

#heuristic holds(F,T-1) : not holds(F,T) [t-T+1, false]

fluent(F), time(T).
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Heuristically modified ASP

Heuristic options

Alternative for specifying structure-oriented heuristics in clasp

--dom-mod=<arg> : Default modification for

domain heuristic

<arg>: <mod>[,<pick>]

<mod> : Modifier

{1=level|2=pos|3=true|4=neg|

5=false|6=init|7=factor}

<pick> : Apply <mod> to

{0=all|1=scc|2=hcc|4=disj|

8=min|16=show} atoms

Engage heuristic modifications (in both settings!)

--heuristic=Domain
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Heuristically modified ASP

Inclusion-minimal stable models

Consider a logic program containing a mimimize statement of form

#minimize{a1, . . . , an}

Computing one inclusion-minimal stable model can be done either via

#heuristic ai [1,false]. for i = 1, . . . , n, or
--dom-mod=5,16

Computing all inclusion-minimal stable model can be done

by adding --enum-mod=domRec to the two options
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Heuristically modified ASP

Heuristic modifications to functions h and s

νa,m(A) — “value for modifier m on atom a wrt assignment A”

init and factor

d0(a) = νa,init(A0) + h0(a)

di (a) =

{
νa,factor(Ai )× hi (a) if Va,factor(Ai ) 6= ∅

hi (a) otherwise

sign

ti (a) =


T if νa,sign(Ai ) > 0
F if νa,sign(Ai ) < 0

si (a) otherwise

level `Ai
(A′) = argmaxa∈A′νa,level(Ai ) A′ ⊆ A
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Heuristically modified ASP

Inside decide, heuristically modified

0 h(a) := d(a) for each a ∈ A
1 h(a) := α× h(a) + β(a) for each a ∈ A
2 U := `A(A \ (AT ∪ AF))

3 C := argmaxa∈Ud(a)

4 a := τ(C )

5 A := A ∪ {a 7→ t(a)}

Torsten Schaub (KRR@UP) Answer Set Solving in Practice October 13, 2016 540 / 658



Heuristically modified ASP

Inside decide, heuristically modified

0 h(a) := d(a) for each a ∈ A
1 h(a) := α× h(a) + β(a) for each a ∈ A
2 U := `A(A \ (AT ∪ AF))

3 C := argmaxa∈Ud(a)

4 a := τ(C )

5 A := A ∪ {a 7→ t(a)}

Torsten Schaub (KRR@UP) Answer Set Solving in Practice October 13, 2016 540 / 658



Heuristically modified ASP

Inside decide, heuristically modified

0 h(a) := d(a) for each a ∈ A
1 h(a) := α× h(a) + β(a) for each a ∈ A
2 U := `A(A \ (AT ∪ AF))

3 C := argmaxa∈Ud(a)

4 a := τ(C )

5 A := A ∪ {a 7→ t(a)}

Torsten Schaub (KRR@UP) Answer Set Solving in Practice October 13, 2016 540 / 658



Experimental results

Outline

1 Motivation

2 Heuristically modified ASP

3 Experimental results

Torsten Schaub (KRR@UP) Answer Set Solving in Practice October 13, 2016 541 / 658



Experimental results

Abductive problems with optimization

Setting Diagnosis Expansion Repair (H) Repair (S)
base configuration 111.1s (115) 161.5s (100) 101.3s (113) 33.3s ( 27)
sign,-1 324.5s (407) 7.6s ( 3) 8.4s ( 5) 3.1s ( 0)
sign,-1 factor,2 310.1s (387) 7.4s ( 2) 3.5s ( 0) 3.2s ( 1)
sign,-1 factor,8 305.9s (376) 7.7s ( 2) 3.1s ( 0) 2.9s ( 0)
sign,-1 level,1 76.1s ( 83) 6.6s ( 2) 0.8s ( 0) 2.2s ( 1)

level,1 77.3s ( 86) 12.9s ( 5) 3.4s ( 0) 2.1s ( 0)

(abducibles subject to optimization via #minimize statements)
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Experimental results

Planning benchmarks

#heuristic holds(F,T-1) : holds(F,T). [t-T+1, true]

#heuristic holds(F,T-1) : not holds(F,T), fluent(F),time(T).

[t-T+1, false]

Problem base configuration #heuristic base config. (SAT) #heu. (SAT)
Blocks’00 134.4s (180/61) 9.2s (239/3) 163.2s (59) 2.6s (0)

Elevator’00 3.1s (279/0) 0.0s (279/0) 3.4s (0) 0.0s (0)
Freecell’00 288.7s (147/115) 184.2s (194/74) 226.4s (47) 52.0s (0)

Logistics’00 145.8s (148/61) 115.3s (168/52) 113.9s (23) 15.5s (3)
Depots’02 400.3s (51/184) 297.4s (115/135) 389.0s (64) 61.6s (0)

Driverlog’02 308.3s (108/143) 189.6s (169/92) 245.8s (61) 6.1s (0)
Rovers’02 245.8s (138/112) 165.7s (179/79) 162.9s (41) 5.7s (0)

Satellite’02 398.4s (73/186) 229.9s (155/106) 364.6s (82) 30.8s (0)
Zenotravel’02 350.7s (101/169) 239.0s (154/116) 224.5s (53) 6.3s (0)

Total 252.8s (1225/1031) 158.9s (1652/657) 187.2s (430) 17.1s (3)
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In H. Kleine Büning and X. Zhao, editors, Proceedings of the
Eleventh International Conference on Theory and Applications of
Satisfiability Testing (SAT’08), volume 4996 of Lecture Notes in
Computer Science, pages 28–33. Springer-Verlag, 2008.

[7] A. Biere.
PicoSAT essentials.
Journal on Satisfiability, Boolean Modeling and Computation,
4:75–97, 2008.

[8] A. Biere, M. Heule, H. van Maaren, and T. Walsh, editors.
Handbook of Satisfiability, volume 185 of Frontiers in Artificial
Intelligence and Applications.

Torsten Schaub (KRR@UP) Answer Set Solving in Practice October 13, 2016 658 / 658



Experimental results

IOS Press, 2009.

[9] G. Brewka, T. Eiter, and M. Truszczyński.
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In K. Apt, V. Marek, M. Truszczyński, and D. Warren, editors, The
Logic Programming Paradigm: a 25-Year Perspective, pages 375–398.
Springer-Verlag, 1999.

[60] J. Marques-Silva, I. Lynce, and S. Malik.
Conflict-driven clause learning SAT solvers.
In Biere et al. [8], chapter 4, pages 131–153.

[61] J. Marques-Silva and K. Sakallah.
Torsten Schaub (KRR@UP) Answer Set Solving in Practice October 13, 2016 658 / 658



Experimental results

GRASP: A search algorithm for propositional satisfiability.
IEEE Transactions on Computers, 48(5):506–521, 1999.

[62] V. Mellarkod and M. Gelfond.
Integrating answer set reasoning with constraint solving techniques.
In J. Garrigue and M. Hermenegildo, editors, Proceedings of the
Ninth International Symposium on Functional and Logic
Programming (FLOPS’08), volume 4989 of Lecture Notes in
Computer Science, pages 15–31. Springer-Verlag, 2008.

[63] V. Mellarkod, M. Gelfond, and Y. Zhang.
Integrating answer set programming and constraint logic
programming.
Annals of Mathematics and Artificial Intelligence, 53(1-4):251–287,
2008.

[64] D. Mitchell.
A SAT solver primer.
Bulletin of the European Association for Theoretical Computer
Science, 85:112–133, 2005.

Torsten Schaub (KRR@UP) Answer Set Solving in Practice October 13, 2016 658 / 658



Experimental results

[65] M. Moskewicz, C. Madigan, Y. Zhao, L. Zhang, and S. Malik.
Chaff: Engineering an efficient SAT solver.
In Proceedings of the Thirty-eighth Conference on Design
Automation (DAC’01), pages 530–535. ACM Press, 2001.

[66] I. Niemelä.
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