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ContributionsI- New heuristis for variable & value seletionII- Double-viewpoint strategy(ommon in sheduling: job vs. resoure-entered perspetive)[Sadeh '91℄III- Validation on the n-Queen problemAssumptions

• Binary onstraints, �nite domains

• Seeking one solution (relevant for value ordering)

• Using baktraking (BT) and forward-heking (FC)
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Past variables
Xh = Vh

X2 = V2

X1 = V1
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:

DOMS(Xi)...DOMS(Xj)DOMS(Xn)For Xi = Vi, we an separate DOMS(Xj) into twosets in O(a):- values onsistent with Xi = Vi

→ of size LEFTS(Xj | Xi = Vi)- values inonsistent with Xi = Vi

→ of size LOSTS(Xj | Xi = Vi)B.Y. Choueiry 4 November 1, 2005
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Value seletion for XiChoose the least onstraining value Vi1. Minimize Xj future variablesCostS(Xi = Vi) =
X

Xj 6=i

LOSTS(Xj | Xi = Vi)2. Minimize Xj future variablesCruialityS(Xi = Vi) =
X

Xj 6=i

LOSTS(Xj | Xi = Vi)

|DOMS(Xj)|3. Maximize Xj future variablesPromiseS(Xi = Vi) =
Y

Xj 6=i

LEFTS(Xj | Xi = Vi)

→ number of assignments that Xi = Vi andan be done suh that no onstraint on Xi isviolated(3) is more disriminating (LEFTS(Xj | Xi = Vi) = 0)B.Y. Choueiry 5 November 1, 2005
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Value seletion: example

• Minimize Xj future variablesCostS(Xi = Vi) =
X

Xj 6=i

LOSTS(Xj | Xi = Vi)
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• Maximize Xj future variablesPromiseS(Xi = Vi) =
Y

Xj 6=i

LEFTS(Xj | Xi = Vi)
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Variable seletionChoose the most onstrained variable (FFP) Xi1. Least domain (LD)2. Maximize Vi ∈ DOMS(Xi)CritialityS(Xi) =
Q

Vi

1

(1+|DOMS(Xi)|×CruialityS(Xi=V i))3. Minimize Vi ∈ DOMS(Xi)PromiseS(Xi) =
X

Vi

PromiseS(Xi = Vi)

→ number of assignments that an be donesuh that no onstraint on Xi is violated
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Variable seletion: exampleMinimize: Vi ∈ DOMS(Xi)PromiseS(Xi) =
X

Vi

PromiseS(Xi = Vi)
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28
20
20

28

X1,X4 promise 28 solutions

X2,X3 promise 20 solutions, more onstrainingStart with X2 or X3 (more onstraining) and,hoose olumns 1 or 4 (more promising)
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II- Permutation problems
→















n = aonstraint graph is ompleteonstraints are MUTEX, All-di�s
→ mathing, marriage problem�nd one value for every variable andexatly one variable for every valueViewpoints: variable vs. values

CSP

primal perspective
Variable-centered,

dual/inverted perspective
Value-centered,

→ Whih viewpoint to take?

→ How to ombine omputations in viewpoints?
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Permutationproblems(ont'd)

AtanypointinBT,
# futurevariables=#futurevalues

→hoosethemostonstrainedvariableinthe

var-viewpoint,exeptwhenthemostonstrained

valueintheval-viewpointismoreonstrained
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PP: Full evaluationIntrodue: 





LEFTinv(Vi|Xi = Vi)Promiseinv(Vi = Xi)Combine viewpoints: CPromise(Xi = Vi) min. 8

<

:

Promise(Xi = Vi)Promiseinv(Vi = Xi)Evaluate vars/vals using: 8

<

:

CPromise(Xi) =
P

k

CPromise(Xi = Vk)CPromiseinv(Vi) =
P

k

CPromise(Xk = Vi)Partial permutation problems (n ≤ a)

→ fake a real PP with bogus variables

→ extend (3) for PPP
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III- Experiments

• 100 N -queen problems: 4 ≤ N ≤ 103

• Comparison riteria- average number of baktrak- number of baktrak-free solutions- maximum number of baktraks- number of onstraint heksAlgorithms: 













LD-1, LD-2, LD-3, LD-1+DualFE-2-4, FE-3-5, FE-3-5+DualFP-2-4, FP-3-5
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Algorithm Average #baktrak-free Max.#baktrak solutions #batrakLD+formula 1 >45000 20 >2500000LD+formula 2 >33000 15 >2500000LD+formula 3 >1205 3 92379LD+formula 1, dual 21.6 26 548FE+formulae 2&4 9.5 71 812FE+formulae 3&5 5.1 68 266FP+formulae 2&4 5.6 81 496FP+formulae 3&5 4.2 68 224FE+formulae 3&5, dual 0.38 90 12Dual perspetive exhibits dramati improvementsCPU time and #CC: plot hard to read, not interpreted:

→ Number of #CC is prohibitive in pratie

→ Computations do FC impliitly.Can be exploited by bookkeeping.
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