Scalable P arallel Arc Consistency Algorithms for Shared Memory

Computers

�

James M. Conrad and Dharma P

. Agrawal Dennis R. Bahler

Electrical and Computer Engineering Computer Science

North Carolina State University North Carolina State Universit y

Box 7911, Raleigh, NC 27695 -79 11 Box 8206, Raleigh, NC 27695 -82 06

conrad/dpa@csl36h.csl.ncsu.edu drb@adm.csc.ncsu.edu

Abstract

Constr aint satisfaction pr oblems (CSPs) ar e pr eva-

lent in arti�cial intel ligenc e applic ations. One ap-

pr o ach to assist in solving CSPs is to pr e-pr o c ess the

pr oblem by eliminating variable assignments which c an

never r esult in a solution. This c an b e done by us-

ing c onsistency algorithms to pr e-pr o c ess a network

of c onstr aints b efor e the tr e e se ar ch. In this p ap er

we intr o duc e thr e e sc alable Static Par al lel Ar c Consis-

tency algorithms (SP

AC-1, SP

AC-2 and SP

AC-3) de-

signe d for any gener al-purp ose shar e d memory Multi-

ple Instruction-str e am, Multiple Data-str e am (MIMD)

c omputer. We ensur e ar c c onsistency of a �nite do-

main binary c onstr aint network. Thr ough actual ma-

chine exp erimentation we me asur e work p erforme d by

the SP

AC algorithms and c omp ar e it with work p er-

forme d by existing se quential algorithms, AC-1 and

AC-3. R esults show that our p ar al lel ar c c onsistency

algorithms c an b e e�e ctively use d to pr e-pr o c ess a c on-

str aint network.

Keywords: Ar c Consistency, Arti�cial Intel li-

genc e, Constr aint Satisfaction, Par al lel Pr o c essing.

1 In tro duction

Mackworth [13] describ es Constr aint Satisfaction

Pr oblems (CSPs) as \those in which one has a set

of v ariables each to b e instantiated in an asso ciated

domain and a set of Bo olean constraints limiting the

set of allow ed v alues for sp eci�ed subsets of the v ari-

ables". Backtracking is often used to solve these

CSPs. Straightforward backtracking algorithms, how-

ever, are inadequate for solving large constraint net-

works found in typical AI applications b ecause they

�

This work has b een supp orted in part by the Army Research

O�ce, under grant DAAL03-89-K-0142.

exhibit an excessive amount of thrashing. One ap-

proach to avoiding thrashing (but not the only one

[7, 9]) is to pre-pro ces s the problem by eliminating

v ariable assignments which can never result in a so-

lution. This can b e done by using consistenc y algo-

rithms to pre-pro cess a network of constraints b efore

the tree search. Algorithms have b een describ ed to

achieve no de, arc, and path consistency [13, 15].

Although much has b een said ab out solving CSPs

on sequential computers, more rese archer s are prop os-

ing solving these problems on parallel pro cessing com-

puters. Some contend that constraint satisfaction al-

gorithms are inherently sequential, and that using

parallel computers cannot signi�cantly improve the

worst case p erformance [10, 18]. Others, however, b e-

lieve that aver age-c ase execution time can b e reduced

through the use of parallelism. Several authors have

solved CSPs using parallel tree search algorithms sim-

ilar to forward-checking [16] or depth-�rst search with

backjumping [3, 6]. Still others have pre-pro ces sed

constraint networks using parallel consistency algo-

rithms [17, 8].

No one, however, has measured the sp eci�c work

p erformed by the individual pro cessors using arc con-

sistency techniques to pre-pro ces s a constraint net-

work. In this pap er we intro duce three new scalable

Static Parallel Arc Consistency algorithms designed

for any general-purp ose parallel pro cessing computer

and measure work p erformed by each pro cessor on a

Sequent Symmetry multipro cessor. Results show that

our parallel arc consistenc y algorithm can b e used to

e�ectively pre-pro ce ss a constraint network. W e also

address scaling our algorithm to solve larger AI appli-

cations.

2 Consistency Algorithms

T o describ e consistency algorithms, we refer to the

network mo del of a CSP . W e are exclusively con-

cerned with binary constraints, where the constraint

b etween v ariables i and j is repres ente d by an edge,

and each edge consists of two directed arcs: ar c(i; j )

and ar c(j; i).

An arc ar c(i; j ) is ar c c onsistent if, for each v alue

in the domain D

i for i, there is at least one v alue

in D

j that satis�es the constraint of the arc. Arcs

can b e made consistent by p erforming the op eration

D

i

D

i

\ fl

i

x j(9l

j

y

)(l

j

y

2 D

j

) ^ R

2

ij

(l

i

x

; l

j

y

)g for ev-

ery sp eci�c assignment l

i

x given to v ariable v

i from

a domain D

i of p ossible items, where R

2

ij is a binary

constraint relation containing tuples of v alues satisfy-

ing the constraint.

In this pap er, we measure the size of a problem as

follows:

� the total numb er of v ariables in a problem is de-

noted by n;

� the numb er of edges (half the numb er of arcs) of

a problem is e;

� the size of each domain is a.

W e analyze several algorithms b elow using these mea-

sures to count consistency checks. A c onsistency che ck

is a comparison of a p ossible v alue of one v ariable with

the p ossible v alue of another v ariable. This measure-

ment is used in Mackworth and F reuder’s pap er on

consistency algorithm p erformance [14]. W e address

arc consistency only of constraint networks with �nite

domain v ariables and binary constraints. Although

each algorithm ensures no de consistency

, we do not

analyze no de consistency algorithms. Similarly

, path

consistency is b eyond our scop e here.

2.1 Existing Sequential Arc Consistency

Algorithms

F our p opular sequential arc consistency (AC) algo-

rithms are Mackworth’s AC-1 and AC-3 [13], W altz’s

AC-2 [19], and Mohr and Henderson’s AC-4 [15]. W e

do not discuss AC-2 since it is simply a sp ecial case of

the AC-3 algorithm. Although AC-4 is considered the

b est sequential arc consistency algorithm, Samal [17]

observed that the parallel version of AC-4 p erforms

p o orly . W e do not, therefore, consider AC-4 in our

investigations.

Both the AC-1 and AC-3 algorithms use the Revise

subroutine. Revise examines an arc by cho osing a v ari-

able v alue and checking if the other v ariable attached to the arc has at least one v alue which is consistent

with the v alue of the �rst v ariable. This is done for

each v alue in the �rst v ariable’s domain. Each time

AC-1 or AC-3 calls the Revise subroutine, up to a v al-

ues of the �rst domain and up to a v alues of the other

domain are checked, so up to a

2

checks are p erformed.

AC-1 is a simple but ine�cient sequential algorithm

to ensure arc consistency

. AC-1 calls Revise for every

arc of the constraint network graph. If Revise removes

a v alue from any v ariable’s domain, a change bit is set.

Once AC-1 has �nished checking each arc, it examines

the change bit. If the bit is set, AC-1 rechecks all

of its arcs again. AC-1 ends when it checks all of

its arcs and do es not remove any v alues. The worst

case complexity of AC-1 is rep orted by Mackworth

and F reuder as O(a

3

ne).

It is clear that AC-1’s ine�ciencies lie in the fact

that when only one v alue is removed, all v ariables

are checked again. T o remedy this, AC-3 maintains

a queue of arcs. The queue is �rst built by adding all

of the arcs of the constraint network G to the queue,

Q. If Revise removes a v alue from a v ariable, AC-3

rechecks the arcs which are attached to that v ariable

(except the current arc and no de consistent ar c(i; i))

by adding the arcs to the queue. That is, given that a

v alue in D

i is removed when pro cessing ar c(i; j ), then:

Q Q [ far c(m; i)jar c(m; i) 2 G; m 6= i; m 6= j g (1)

AC-3 terminates when the queue is empty

. Mackworth

and F reuder have shown that, since the queue may

grow and shrink during the execution of AC-3, the

complexity is less than AC-1. They show that AC-3

is b ounded b elow by (a

2

e) and ab ove by O(a

3

e).

2.2 Existing Parallel Arc Consistency Al-

gorithms

Samal [17] intro duced several parallel versions of

arc consistency algorithms. He assumes his mo del

computer has an in�nite numb er of pro cessors in a

shared memory environment.

Samal employs a parallel version of Mackworth’s

Revise, called Previse. In Previse, all consistenc y

checks of a single arc are execute d concurre ntly

. If

the domain size of each v ariable of an arc is a, then

up to a

2

checks are made in one time unit. Therefore,

up to a

2

pro cessors are needed and take O(1) time.

T otal work p erformed is O(a

2

), the same as Revise.

Samal’s parallel version of Mackworth’s AC-1 is

Parallel Arc Consistency algorithm #1 (P

AC-1). Al-

though this algorithm requires a large numb er of

pro cessors , P

AC-1 ensure s consistenc y quickly since all p ossible v ariable assignments of all the arcs are

checked concurrently . P AC-1 checks each of the 2e

arcs of the problem concurrently

, while Previse exe-

cutes up to a

2

consistenc y checks concurre ntly

. There-

fore, each iteration of the P

AC-1 lo op requires O(a

2

e)

pro cessors . If only one v alue is removed from each

v ariable each lo op, up to na lo ops are executed. The

total time complexity is therefore O(na), and the total

work p erformed is O(a

3

ne).

The parallel version of AC-3 is P

AC-3. P

AC-3

builds a globally av ailable queue like AC-3, and uses

Previse like AC-1. Again, only arcs in the queue are

checked, and so we can check up to 2e arcs concur-

rently

. Generally

, the P

AC-3 queue is smaller than the

set of all edges, but in the worst case P

AC-3 b ehaves

just like P

AC-1. In this case, the time and computa-

tional complexities are the same as P

AC-1. A draw-

back of P

AC-3 is that the time to build the queue is

not small and may a�ect the total computational time.

Gu [8] develop ed several arc consistency algorithms

(which he calls Discrete Relaxation Algorithms) de-

signed to run on a sp ecial-purp ose computer architec-

tures. His DRA1 was designed to execute on a sp ecial-

purp ose sequential computer. His DRA2, DRA3,

DRA5, mDRA2, and mDRA5 algorithms were de-

signed to execute on his sp ecial-purp ose VLSI parallel

architecture computer. While his e�orts show sp eed up

in the range of three to ten orders of magnitude in the

area of constraint satisfaction, we cannot compare his

work to ours b ecause his algorithms are designed for

a sp eci�c platform, while ours are designed for com-

mercially av ailable shared memory MIMD computers.

3 Static P arallel Arc Consistency

W e have develop ed three parallel arc consistency al-

gorithms which are similar to Mackworth’s AC-1 and

AC-3 algorithms. The unique characteristic of our al-

gorithms is the relationship b etween constraint v ari-

ables and parallel pro cess or architectures. Our algo-

rithms are unique b ecause sp eci�c yet large parts of a

CSP are statically assigned to sp eci�c pro cessors (un-

like previous approaches). These assignments allow

our algorithm to run on any MIMD computer, and

allow us to scale a problem simply by adding more

pro cessors . Each pro cess or of our target multipro ces-

sor ensure s lo cal arc consistency of its assigned part

of the network.

An algorithm which dynamically assigns tasks

would b est balance the workload of a parallel pro cess -

ing computer, but the task assignment and recombi-

nation overheads may overtake any b ene�ts of load balancing [2]. A static approach is desirable only if

work can b e assigned equitably .

Although consistenc y checks of arcs represent the

work of consistenc y algorithms, distributing network

information can have an impact on the sp eed of an

algorithm. F or example, if one assigns arcs to pro ces-

sors, several pro cessors may have the task of removing

v alues from a single domain. The v ariable, therefore,

has to b e lo cked to prevent overwriting changes. This

\test-and-set" op eration [1] lo cks the domain from use

until the v ariable write is complete. This lo ck causes

pro cessors to wait for the v ariable to b ecome free, and

slows the parallel computation. This is, in fact, how

Samal implemented his P

AC-1 and P

AC-3 algorithms

on actual computers.

W e assign one or more constraint v ariables to each

pro cessor. With one constraint v ariable p er pro ces-

sor the distribution of work is not necessarily equi-

table. If we assign several constraint v ariables to each

pro cessor, we can ensure that the numb er of arcs p er

pro cessor is approximately equal.

Our algorithms are examples of asynchr onous p ar-

al lel algorithms [11]. These algorithms allow some de-

gree of asynchronism b etween v arious steps or succes -

sive iterations. The most imp ortant characteristic of

asynchronous parallel algorithms is that whenever any

pro cessor needs a global v ariable, it reads the most

currently av ailable v alue and continues execution us-

ing that information. It is b ecause of this asynchro-

nism that we can achieve a consistently high amount

of sp eedup.

Our three Static Parallel Arc Consistency Algo-

rithms, SP

AC-1, SP

AC-2, and SP

AC-3, utilize a

Bo olean function called Static Parallel Revise (Spre-

vise), which is similar to Mackworth’s Revise function.

Sprevise checks an arc and removes all v ariable v alues

which could never participate in a solution. If a v alue

is removed, it informs the calling SP

AC algorithm of a

change (although this di�ers somewhat with SP

AC-2

and is describ ed b elow). Sprevise also checks to ensure

that the v ariable domain still has at least one v alue.

If it removes the last v alue from a domain, it sets the

global ag no solution, and all SP

AC algorithms halt.

3.1 Static Parallel Arc Consistency Algo-

rithm #1

The SP

AC-1 algorithm (Figure 1) has b een split

into two comp onents, the host algorithm and the no de

algorithm. The host part resides in only one pro cessor

and assigns work to other pro cessors. The host main-

tains the change bit and determines if the arcs need to

b e rechecked. The host comp onent of the SP

AC-1 alpro cedure SP

AC-1-HOST()

b egin

assign v ariables to pro cessors;

chang e := TRUE; no solution := F

ALSE

while(chang e ^ :no solution) do

b egin

chang e := F

ALSE;

kfor pro cessing no de p, chang e = chang e_ SP

AC-1-NODE(p);

end

end

pro cedure SP

AC-1-NODE(p)

b egin

for each assigned v ariable v

i do

for each directed ar c(i; j ) do

local chang e = local chang e_ Sprevise(ar c(i; j ));

return(local chang e);

end

Figure 1: SP

AC-1 Algorithm: Host Pro ces sor and

No de Pro ces sor Comp onents.

gorithm starts the no de comp onent of the algorithm.

Each pro cess or works with one or more assigned con-

straint network v ariables and the arcs which emanate

from those v ariables.

The SP

AC-1 algorithm is similar to Mackworth’s

AC-1 algorithm. All the arcs assigned to a pro cess or

are checked for consistency

. One di�erence b etween

SP AC-1 and AC-1 is that our algorithm ends only

when all pro cessors have veri�ed lo cal arc consistency .

Once each pro cessor has veri�ed lo cal arc consistency

of the v ariables and arcs it was assigned, it waits for

the host to check consistency of the entire network. If

any pro cess or has set the change bit, each pro cess or

again ensures lo cal arc consistency by checking all of

its arcs. The algorithm ends only when all pro cessors

have veri�ed lo cal arc consistenc y .

The p ower of this parallel algorithm lies in the fact

that domain changes are av ailable to all pro cessors

immediately

. Therefore, v alues which are removed are

never checked again by the Sprevise function. One dis-

adv antage, however, is that the pro cess ors are some-

what lo osely synchronized. Finished pro cessors sit idle

until all pro cessors have completed checking their arcs.

The complexity of a parallel algorithm is imp or-

tant. Assume that we run the SP

AC-1 algorithm on a

computer with p pro cess ors, and each pro cess or is as-

signed 2e=p constraint arcs. The p ossibility exists that

only one v alue is removed from the entire constraint

problem during each SP

AC-1-NODE call, and that b e-

ing during the consistenc y check of the last v ariable’s

v alue. Each pass makes up to a

2

consistency checks in

Sprevise, therefore each pass in each pro cessor takes

up to O(a

2

e=p) time units. If one v alue is removed

from one of the p pro cess ors each pass, O(na) v alues

can b e removed from the entire constraint network.

If the worst case time complexity is O(a

3

ne=p), there

is a p ossibility that all pro cessors are active all the

time. In this case, the complexity of work p erformed

is p times the time complexity

, or O(a

3

ne). This, of

course, is the worst case. On the average (as we show

with the exp erimental results in Section 4.3), the ac-

tual work p erformed is much less.

3.2 Static Parallel Arc Consistency Algo-

rithm #2

SP AC-1 also op erates in the same manner as P AC-

1 and AC-1, where all arcs are checked if one v alue

in the network has b een removed from a v ariable’s

domain. Therefore, SP

AC-1 still su�ers from the in-

e�ciencies of the other algorithms. T o b etter exploit

the distributed nature of AC-1 and reduce the amount

of unnecess ary pro cessing, we have develop ed another

parallel arc consistency algorithm, SP

AC-2.

The SP

AC-2 algorithm (Figure 2) has b een split

into host and no de comp onents. The host part exe-

cutes in only one pro cessor and assigns work to other

pro cessors . The host maintains the active pr o cs v ari-

able. This v ariable is used by all pro cessors to verify

network arc consistenc y

. The host comp onent of the

SP AC-2 algorithm starts the no de comp onent of the

algorithm.

The SP

AC-2 algorithm is similar to SP

AC-1 algo-

rithm with two exceptions. First, each pro cess or has

its own change bit. If pro cessor x is assigned v ariable

v

i and SP

AC-2 running on pro cessor x removes a v alue

from the domain of D

i

, pro cess or x sets to \on" only

the change bit of all pro cess ors y where ar c(i; j ) 2 E

and v

j has b een assigned to pro cessor y . Therefore,

pro cessor x do es not cause pro cess or z to p erform work

when the results of pro cess or z do not dep end on the

results of pro cessor x. In the AC-1 and SP

AC-1 algo-

rithms, the main arc consistency algorithm mo di�es

the change bit. In the SP

AC-2 algorithm, Sprevise-2

actually mo di�es the change bits. This means that

pro cessors are noti�ed of v ariable v alue changes ear-

lier than if only the main arc consistency algorithm

mo di�ed the change bit.

The second di�erence is the active pr o cs v ariable.

This v ariable counter is used to signify the numb er

of pro cessors starting and stopping lo cal arc consis-

tency

. When a pro cessor starts its lo cal arc con-

sistency

, it increments the counter. When it com-

pletes lo cal arc consistenc y

, it decrements the counter.

When a no de pro cess or running SP

AC-2-NODE ob-

serves that the active pr o cs v ariable is zero, it ends

execution of SP

AC-2-NODE.

pro cedure SP

AC-2-HOST()

b egin

activ e pr ocs := 0; no solution := F

ALSE;

assign v ariables to pro cessors;

k for each pro cessing no de p, SP

AC-2-NODE(p);

end

pro cedure SP

AC-2-NODE(p)

b egin

chang e[p] := TRUE;

while((chang e[p] _ activ e pr ocs > 0) ^ :no solution))

b egin

while(chang e[p] ^ :no solution) do

b egin

activ e pr ocs + +;

while(chang e[p] ^ :no solution) do

b egin

chang e[p] := F

ALSE;

for each assigned v ariable v

i do

for each directed ar c(i; j ) do

Sprevise-2(ar c(i; j ));

end

activ e pr ocs � �;

end

end

end

Figure 2: SP

AC-2 Algorithm: Host Pro ces sor and

No de Pro ces sor Comp onents.

With the SP

AC-2 algorithm we see that changes

are \lo calized," so only pro cess ors which have an arc

connected to a changing v ariable are informed of the

change. This di�ers from the classic AC-1, Samal’s

P AC-1, and the SP

AC-1 algorithms. In the SP

AC-2

algorithm, each pro cessor with a v ariable connected by

a constraint to the changed v ariable rechecks all of its

arcs. This selective rechecking still prevents all pro-

cessors from checking their arcs, even if no changes to

any connected v ariables are made. Pro cess ors which

have veri�ed lo cal arc consistency

, therefore, can im-

mediately start useful pro cessing when they are pro-

vided new v ariable domain data.

The SP

AC-2 complexity analysis is identical to that

for SP

AC-1. If SP

AC-2 removes only one v alue from

some domain, that b eing on the last consistency check

of the last active pro cessor, SP

AC-2 p erforms identi-

cally to SP

AC-1. W e should notice a slight improve-

ment in sp eed over SP

AC-1 in the average case b ecause

SP AC-2 in not synchronized, and Sprevise-2 up dates

change bits frequently .

3.3 Static Parallel Arc Consistency Algo-

rithm #3

All parallel and sequential arc consistency algo-

rithms based on AC-1 op erate in the same manner,

where all or many arcs are checked if one v alue in the

network has b een removed from a v ariable’s domain.

Therefore, even SP

AC-2 still su�ers from the ine�- ciencies of these AC-1 based algorithms where all arcs

on a pro cess or are checked when only a few arcs need

to b e checked. W e have develop ed another parallel

arc consistency algorithm to exploit the e�ciency of

AC-3 and reduce the amount of unnecessary pro cess -

ing. The Static Parallel Arc Consistency #3 algorithm

(SP AC-3) is listed in Figure 3.

Our parallel arc consistency algorithm di�ers from

Samal’s P

AC-3 algorithm in that each pro cess or works

with one or more v ariables and the constraints which

contain the v ariables. F or example, if v ariable v

i is

assigned to pro cessor m, pro cessor m works with v al-

ues l

i

x of domain D

i and all constraints represe nted

by arcs ar c(i; j ). V ariable v

j may b e assigned to pro-

cessor m or any other pro cess or.

Our algorithm also di�ers from P

AC-3 with re-

sp ect to the queue of arcs to b e pro cess ed. Samal

assumes a shared memory parallel pro cessing mo del

with one queue av ailable for all pro cessors to use. In

SP AC-3 each pro cessor maintains its own queue of arcs

to make consistent. The queues hold only the arcs

that have b een assigned to that pro cess or, i.e., only

work involving assigned v ariables and all arcs that

emanate from those v ariables. If Sprevise indicates

that a v alue has b een deleted from a v ariable’s do-

main, the queue of arcs of only the pro cessors that

use that v ariable are mo di�ed according to the equa-

tion Q Q [ far c(m; i)jar c(m; i) 2 G; m 6= i; m 6= j g.

Like SP

AC-1 and SP

AC-2, SP

AC-3 has host and

no de comp onents. The host part executes in only one

pro cessor and assigns work to other pro cessors . The

host maintains the active pr o cs v ariable. This v ari-

able is used by all pro cessors to verify network arc

consistency

, as in the SP

AC-2 algorithm. The host

comp onent of the SP

AC-3 algorithm starts the no de

comp onent of the algorithm.

The complexity of a SP

AC-3 is similar to the com-

plexity of AC-3. Assume that we run the algorithm on

a computer with p pro cessors , and each pro cessor is

assigned 2e=p arcs (and the v ariables asso ciated with

those arcs). The queue of arcs on each pro cessor grows

and shrinks during execution. The p ossibility exists

that only one v alue is removed from each succes sful

call to Sprevise on any of the pro cess ors. Mackworth

and F reuder [14] show that the largest numb er of arcs

added to the queues is a(2e � n). These arcs are added

to the queues of p pro cess ors, so the greatest numb er

of original and added arcs checked on any of the pro-

cessors is (2e + a(2e � n))=p. Sprevise makes up to

a

2

consistency checks. F or all constraint networks,

e � n � 1, so time complexity b ecomes O(a

3

e=p).

If the worst case time complexity o ccurs, there is a pro cedure SP

AC-3-HOST()

b egin

activ e pr ocs := 0; no solution := F

ALSE;

assign v ariables to pro cessors;

k for each pro cessing no de p, SP

AC-3-NODE(p);

end

pro cedure SP

AC-3-NODE(p)

b egin

for each assigned v ariable v

i

Q[p] Q[p] [ far c(i; j )jar c(i; j ) 2 G; i 6= j g

while(((Q[p] 6= �) _ activ e pr ocs > 0) ^ :no solution))

b egin

while((Q[p] 6= �) ^ :no solution) do

b egin

activ e pr ocs + +;

while((Q[p] 6= �) ^ :no solution) do

b egin

for ar c(i; j ) 2 Q[p] do

b egin

Q[p] := Q[p] � far c(i; j )g;

if(Sprevis e(ar c(i; j )))

for each ar c(m; i), where m is on pro cessor p

Q[p] := Q[p][;

far c(m; i)jar c(m; i) 2 E ; m 6= i; m 6= j g;

end

end

activ e pr ocs � �;

end

end

end

Figure 3: SP

AC-3 Algorithm: Host Pro ces sor and

No de Pro ces sor Comp onents.

p ossibility that all pro cess ors are active all the time.

In this case, the complexity of work p erformed is p

times the time complexity

, or O(a

3

e). This, of course,

is the worst case. On the average (as shown in the

exp erimental results in Section 4.3), the actual work

p erformed, as with SP

AC-1 and SP

AC-2, is much less.

4 Implemen tation and Measuremen t

4.1 Parallel Execution on the Sequent

Symmetry

W e have implemented the SP

AC algorithms on a

Sequent Symmetry shared memory multipro cessor (a

tightly-coupled MIMD computer). The Symmetry S81

has twenty eight 32-bit pro cess ors, 64-Kbytes of cache

memory p er pro cess or, and 32-Mbytes of shared mem-

ory .

W e programmed the Sequent computer such that

one pro cess or reads the data �le and loads the shared

memory with the constraint information. This pro-

cessor then starts the remaining pro cessors . Once the

pro cessors complete the work, the �rst pro cessor reads

the shared memory and records the results.

All constraint v ariables, v alues, and relations are stored in shared memory

, and each pro cess or’s count-

ing v ariables are stored in priv ate memory

. The con-

straint relations themselves are never mo di�ed, and

hence, this data can b e copied into a pro cessor’s cache

with no coherency problems.

The v ariable domain v alues which are read by many

pro cessors but written by one, the counting v ariable

active pr o cs, the ag no solution, and the change bits

were initially implemented as test-and-set v ariables.

Only one pro cess or at a time is allow to access

each v ariable and this is achieved by employing sp e-

cial \lo ck" and \unlo ck" op erators provided by the Se-

quent C library

. Because of the asynchronous nature

of our algorithm, we found that we did not need to use

the test-and-set op eration for most v ariables. Earlier

trials ([4, 5]) found that lo cking these v ariables caused

large, unnecessary delays for data access es . Therefore,

the only lo cked v ariable is active pr o cs.

Executing the SP

AC-3 algorithm on a shared mem-

ory machine p osed additional di�culties. The under-

lying structure of the queue of arcs could cause a large

b ottleneck if a single space in memory were allo cated.

W e, therefore, had to ensure that adding an arc to one

queue would not cause other queues to b e lo cked. W e

solved this by maintaining separate queues and free

lists for each pro cessor, and lo cking the queue only

when an arc is added.

4.2 Network Data

W e develop ed many sample constraint networks to

use as the data for exp erimental trials. The networks

are computer-generated and have some attributes de-

termined by random pro cess es . The characteristics of

the computer-generate d networks are:

� Size: problems contain 20, 40, and 60 v ariables.

� Domains: each v ariable has a domain of 10 v alues.

� Solutions: Each problem contains one sp eci�c so-

lution. That is, if the constraint network were

solved using a tree search algorithm, only one con-

sistent assignment could b e made.

� Connectivity: The connectivity (degree) of each

v ariable is a uniformly distributed random num-

b er from two to ten. The order of the binary

constraints of each edge has no b earing on the

consistency check complexity analysis.

� Satis�ability: The relative satis�ability is the suc-

cess rate of a consistency check. More sp eci�cally ,

it is the ratio of relation v alue pairs to the total p ossible pairs (domain � domain). The satis�a-

bility of our networks are (15 relation pairs)=(10

domain v alues � 10 domain v alues)= 0:15.

While gathering the exp erimental data, ten random

constraint networks were run for each of the con�gu-

rations.

4.3 Metrics and Results

F rom the p erformance p oint of view, we limit our

measurements to the algorithmic parameter sp eedup.

Sp eedup is the e�ective sp eed of a parallel computa-

tion in op erations execute d p er time unit of a parallel

computer with p pro cessors [12]. This is express ed as:

speedup = S (p) = time(se q uential al g or ithm)

time(par al l el al g or ithm)

(2)

W e interpret \time" as the numb er of consistency

checks for the sequential algorithm and pro cessing cy-

cles for the parallel algorithm.

The results of our measurements suggest that our

parallel algorithms provide go o d sp eedu p. W e com-

pute SP

AC-1, SP

AC-2, and SP

AC-3 sp eedup based

on the AC-3 sequential algorithm.

Execution of SP

AC-1 on a four-pro cessor computer

con�guration yields sp eedup of b etween 2.74 and 3.07,

SP AC-2 yields a range of 2.80 to 3.14, and SP

AC-3

yields a range of 2.97 to 3.50.

Execution of SP

AC-1 on a ten-pro ces sor computer

con�guration yields sp eedup of b etween 5.43 and 6.41,

SP AC-2 yields a range of 5.44 to 6.64, and SP

AC-3

yields a range of 5.35 to 7.40.

Execution of SP

AC-1 on a 20-pro cessor computer

con�guration yields sp eedup of b etween 9.28 and

11.68, SP

AC-2 yields a range of 10.46 to 11.84, and

SP AC-3 yields a range of 10.44 to 12.68.

Actual sp eedup measurements are shown in Figure

4.

5 Scaling using P arallelism

Since arc consistency algorithms can greatly re-

duce the search space of a CSP

, they can b e used

as an e�ective pre-pro cessor for many AI applications

which are viewed as CSPs. Gu [8] lists several CSP

problems including: resource scheduling, detection of

graph and subgraph isomorphism, the graph color-

ing problem, semantic information pro cess ing, theo-

rem proving, image pro cess ing and ob ject recognition,

Figure 4: Sp eedup of SP

AC over AC for a Memory Mac

VLSI design, neural network computing, and consistency checThe constraint networks examined represe nt problems with a single solution. These networks b e scaled to larger problems by pro cess ing more straint ariables on each pro cess or. Also, due to distributed nature of the algorithms,problems also b e scaled to a greater numb er of pro 6 W e have reviewed several arc consistency rithms for sequential and parallel pro cessing ers. W e intro duced three parallel arc consistency gorithms: SP

AC-1, SP

AC-2, and SP

AC-3, and pared our algorithms with existing algorithms. W e the algorithms in a parallel pro cessing environmenand compared their p erformances with that of Macworth’s AC-3 algorithm. SP

AC-1 achieved sp of 51 to 76% of linear sp eedup over the AC-3 rithm. SP

AC-2 achieved sp eedup of 52 to 78% of sp eedup over the AC-3 algorithm.SP

AC-3 achievsp eedup of 52 to 87% of p ossible sp eed up over AC-3 Our future work may also include making computation trials on other parallel pro cessors , suc248 as the Intel iPSC/2 distributed memory computer the BBN Butter y TC2000 shared/hybrid The authors would like to thank the anced ing Research F acility

, Mathematics and Computer Division, Argonne National Lab for use of their SequenSymmetry Computer, and Vince Hamrick, Eric Scott, Mike T eague for their programming [1] Agrawal, Dharma P

., dvaned Computer Achitee (T utorial T ext), IEEE Computer So ciety [2] Burkhart, Helmar and Roland Millen, \PMeasurement T o ols in a Multipro cessor Enment," IEEE T ansactions on Computers, V ol. No. 5, pp. 725-737, May [3] Collin, Zeev and Rina Dechter, \A Distributed tion to the Network Consistency Problem," ings of the 1990 International osium on gies for Intel ligent Systems, pp. 242-251, Octob [4] Conrad, James M. and Dharma P

. Agrawal, ulation of Generic Multipro cessor Con�gurations Asynchronou s Algorithms," International Journal Computer Simulation, cialIssue on essoNetworks, 1992 (to app [5] Conrad, James M. and Dharma P

. Agrawal, \Pformance of an Asynchronous Parallel Algorithm a Generic Multipro cessor Simulator," dings the Pittsbugh ence on Simulationand ing, Pittsburgh, P

A, pp. 1290-1297, May [6] F reuder, Eugene C. and M.J. Quinn, \Parallelism an Algorithm that takes antage of Stable Sets V ariables to Solve Constraint Satisfaction T echnical Rep ort 85-21, Dept. of Comp. Science, of NH, [7] Gaschnig, J., \Exp erimental Case Studies of Bactrack vs. W altz-typ e vs. New Algorithms for �cing Assignment Problems," c. of the 2nd Conf. of the Canadian ciety for Comp. Studies Intel., [8] Gu, Jun, \Parallel Algorithms and Architectures V ery F ast AI Search," T echnical Rep ort 88-005, PhD Dissertation, Department of Science, University of Utah, Salt Lake City

, UT, gust [9] Haralick, Rob ert M., and Gordon L. Elliott, ing T ree Search E�ciency for Constraint Problems," Arti�cial Intel ligee, No. 14, pp. 313, [10] Kasif, Simon, \On the Parallel Complexity of Constraint Satisfaction Problems," dings the National eon Arti�cial Intel ligene

(AAAI), pp. 349-353, [11] Kung, H.T., \Synchron ized and Asynchronou s Pallel Algorithms for Multipro cessors," in Algorithand Complexity: New ctions and ent esults,

J.F. T raub, editor, Academic Press, pp. [12] Lee, Ruby Bei-Loh, \Empirical Results on the Sp E�ciency

, Redundan cy

, and Quality of Parallel putations," dings of the International e on al lel essing, pp. 91-100, August [13] Mackworth, Alan K., \Consistency in Networks Relations," Arti�cial Intel ligee, No. 8, pp. [14] Mackworth, Alan K. and Eugene C. F reuder, Complexity of Some Polynomial Network tency Algorithms for Constraint Satisfaction lems," Arti�cialIntel ligence, No. 25, pp. 65-74, [15] Mohr, Roger and Thomas C. Henderson, \Arc Path Consistency Revisited," Arti�cial Intel ligene,

No. 28, pp. 225-233, [16] Natara jan, K.S. and Vivek ar, \Pro Scheduling Algorithms for Constraint Search Problems," dings of the 1988 Interna-

tional e on al lel essing, pp. August [17] Samal, Ashok Kumar, \Parallel Split-Level ation," PhD Dissertation, Department of Science, University of Utah, August [18] Swain, Michael J., \Comments on Samal and derson: ‘Parallel Consistent Lab eling International Journal of al lel amming, V

17, No. 6, pp. 523-528, [19] W altz, D.L., \Understanding Line Drawings of with Shadows," In The Psychogy of Computer sion, P

.H. Winston - Ed., McGraw-Hill: NY, pp. 91, 249

Adv ance Copy: Pro ceedingsof the 1992 International Parallel Pro cessing Symp osium, BevHills, CA, March 250