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ContributionsI- New heuristi
s for variable & value sele
tionII- Double-viewpoint strategy(
ommon in s
heduling: job vs. resour
e-
entered perspe
tive)[Sadeh '91℄III- Validation on the n-Queen problemAssumptions

• Binary 
onstraints, �nite domains

• Seeking one solution (relevant for value ordering)

• Using ba
ktra
king (BT) and forward-
he
king (FC)
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%I-Goal
ofVar/

Valord
eringsi

nBT

•

avoid
on
straintv

iolation

→

sele
tvalu
esthatdo

not
ause

onstraint

violation

→

mostprom
isingvalue

�rst

•

dis
over

onstrain

tviolatio
nqui
kly

→

sele
tvari
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donotdel
ay
onstra

intviolatio
n

→
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trainedva
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(fail-�rstp

rin
iple)
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Past variables
Xh = Vh

X2 = V2

X1 = V1

S

S

Xn

Future variables

Xi, DOM  (Xi)

Xj

After forward-
he
king given S

8

>

>

>

>

>

>

<

>

>

>

>

>

>

:

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 in
onsistent with Xi = Vi

→ of size LOSTS(Xj | Xi = Vi)B.Y. Choueiry 4 November 1, 2005
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Value sele
tion 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 variablesCru
ialityS(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 and
an be done su
h that no 
onstraint on Xi isviolated(3) is more dis
riminating (LEFTS(Xj | Xi = Vi) = 0)B.Y. Choueiry 5 November 1, 2005
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%Advanta
gesofP

romise
forvalu

esele
t
ion

1.Produ

tre
ognize

sdomainw
ipe-out,su

mdoesno
t.

Compare:
6+0and6

×

0
2.Produ


tdis
rimin
atesbetter

thansum.
6+0,5+1,

4+2,3+3
areallequ

ivalent.
However,

(6 ×0)<(
5×1)<(4

×

2)<(3×3
)

(theprodu

toftwon

umbersis
largerast

heiravera
geislarge

r)
3.Promis

ehasas̀e
manti
'(i.

e.,physi
a
linterpret

ation)
Upperbou

ndonnum
berofsolu

tions.
Theseadv

antagesar
euniquet

oPromise
.
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Value sele
tion: example

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

Xj 6=i

LOSTS(Xj | Xi = Vi)

X1 6 6 6

6
6 8

68 8
8
666

6

6
6

X2

X3

X4

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

Xj 6=i

LEFTS(Xj | Xi = Vi)

X1
X2

X3

X4 8

6 68
8

8 2
2

6

2

2

6 8

8
8

8
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Variable sele
tionChoose the most 
onstrained variable (FFP) Xi1. Least domain (LD)2. Maximize Vi ∈ DOMS(Xi)Criti
alityS(Xi) =
Q

Vi

1

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

Vi

PromiseS(Xi = Vi)

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

Vi

PromiseS(Xi = Vi)

X1
X2

X3

X4 8

6 68
8

8 2
2

6

2

2

6 8

8
8

8

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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%Summ
ary

Mostpro
misingva

lue:
(1)Minim

um
ost
(2)Minim

um
ru
ia
lity

[Keng &Y
un,89℄

(3)Maxim
umpromis

e
[Geelen'92℄

Most
on
strained

variable:

•

Leastdom
ain(LD)

(4)Maxim
um
riti
a

lity
[Keng&Y

un,89℄
(5)Minim

um(false)
promise

[Geelen'92℄

−
→

Dynami
v
ariable/va

lueorderin
gs
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%Algorith
ms Identi�er

Choi
eof
VarCho

i
eofval
LD+1

leastdoma
inMini

mum
ost
LD+2

�
Min.
ru
i

ality
LD+3

�
Maxprom

ise
FE+2/4

Max.
riti

alMin

.
ru
iality
FE+3/5

Min.prom
iseMax

.promise
LD:timeO

(n
a
2
),spa
eO

(n
a
)

FE:timeO
(n

2
a
2
),spa
eO

(n
a
)

Implemen
tationha


k:domino
e�e
t,save

s
omputa
tions.
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II- Permutation problems
→















n = a
onstraint graph is 
omplete
onstraints are MUTEX, All-di�s
→ mat
hing, marriage problem�nd one value for every variable andexa
tly one variable for every valueViewpoints: variable vs. values

CSP

primal perspective
Variable-centered,

dual/inverted perspective
Value-centered,

→ Whi
h viewpoint to take?

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

AtanypointinBT,
# futurevariables=#futurevalues

→
hoosethemost
onstrainedvariableinthe

var-viewpoint,ex
eptwhenthemost
onstrained

valueintheval-viewpointismore
onstrained

PP:Least domainX
1

X
2

X
3

X
4

2

2

0 1 1

0
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PP: Full evaluationIntrodu
e: 





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 ba
ktra
k- number of ba
ktra
k-free solutions- maximum number of ba
ktra
ks- number of 
onstraint 
he
ksAlgorithms: 













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 #ba
ktra
k-free Max.#ba
ktra
k solutions #ba
tra
kLD+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 perspe
tive exhibits dramati
 improvementsCPU time and #CC: plot hard to read, not interpreted:

→ Number of #CC is prohibitive in pra
ti
e

→ Computations do FC impli
itly.Can be exploited by bookkeeping.
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