P arallel Arc Consistency Algorithms for

Pre-pro cessing Constrain t Satisfaction

Problems

b y

James Mic hael Conrad

A thesis submitted to the Graduate F acult y of

North Carolina State Univ ersit y

in partial ful�llmen t of the

requiremen ts for the Degree of

Do ctor of Philosoph y

Departmen t of Electrical and Computer Engineering

Raleigh

1992

Appro v ed By:

||||||||||||| |||||||||||||

||||||||||||| |||||||||||||

Chairman of Advisory Committee

ABSTRA CT

CONRAD, JAMES MICHAEL Par al lel Ar c Consistency Algorithms for Pr e-

pr o c essing Constr aint Satisfaction Pr oblems (Under the direction of Dr. Dharma P .

Agrawal).

Constraint satisfaction problems (CSPs) are prev alent in arti�cial intelligence ap-

plications. V ersions of CSPs o ccur in areas such as resource scheduling, semantic

information pro cessing, theorem proving, image pro cessing and database retriev al.

Backtracking is often used to solve these CSPs. Straightforward backtracking algo-

rithms, however, are inadequate for solving large problems b ecause they exhibit an

excessive amount of thrashing. One approach is to pre-pro cess the problem by elimi-

nating v ariable assignments which can never result in a solution. This can b e done by

using consistency algorithms to pre-pro cess a network of constraints b efore the tree

search.

In this dissertation we intro duce three Static Parallel Arc Consistency algorithms

(SP AC-1, SP

AC-2 and SP

AC-3) designed for any general-purp ose Multiple Instruction-

stream, Multiple Data-stream (MIMD) computer. These algorithms are unique b e-

cause sp eci�c parts of a CSP are assigned to sp eci�c pro cessors (unlike previous

approaches). W e ensure arc consistency of a �nite domain binary constraint network.

Sample traces characterize the work p erformed by each pro cessor of a parallel com-

puter. Through simulation and actual machine exp erimentation we measure work

p erformed by the SP

AC algorithms and compare it with work p erformed by existing

sequential algorithms, AC-1 and AC-3. Results show that our parallel arc consistency

algorithms can b e e�ectively used to pre-pro cess a constraint network.

The algorithms’ e�ectiveness is further demonstrated for large constraint networks on a distributed memory multipro cessor. Several graph partitioning algorithms used for

load balancing are examined, along with di�erent communications frequencies. W e

also prop ose the use of these Static Parallel Arc Consistency algorithms to aid in the

design of interconnection link assignment for multi-chip mo dule pack aging.

Keyw ords: Arc Consistency

, Arti�cial Intelligence, Constraint Satisfaction, Graph

Partitioning, Multi-Chip Mo dules, Parallel Pro cessing, Simulation.

Copyright 1992, James M. Conrad. All rights reserved.

T o Stephanie, Jay

, Mom, and Dad

BIOGRAPHY

James M. Conrad was b orn in Des Plaines, IL, on June 18, 1962. He attended F orest

View High Scho ol in Arlington Heights, IL, and graduated in June, 1980. He attended

the University of Illinois in Urbana, IL from August, 1980 to May

, 1984, where he

received his B.S. in Computer Science. He started working for IBM in July

, 1984, as

a Programmer, and left in Septemb er, 1990, as a Senior Asso ciate Programmer.

While working at IBM, James earned his M.S. in Computer Engineering from North

Carolina State University in May

, 1987. He continued his studies, and in Decemb er,

1990 , b egan working as an instructor and research assistant with the department of

Electrical and Computer Engineering.

He is a memb er of the ACM, IEEE, IEEE Computing So ciety

, AAAI, and SIAM. He

served as Asso ciate Editor-in-Chief on the Student Editorial Board of IEEE Comput-

ing F utur es Magazine.

His research interests include parallel system architectures, parallel programming,

search, and constraint satisfaction.

LIST OF PUBLICA

TIONS

1. Conrad, James M. and Dharma P

. Agrawal, \Performance of an Asynchronous

Parallel Algorithm on a Generic Multipro cessor Simulator," Pr o c e e dings of the

Pittsbur gh Confer enc e on Simulation and Mo deling, Pittsburgh, P

A, pp. 1290-

1297, May 1991.

2. Conrad, James M., Dennis R. Bahler and James A. Bowen, \Static Parallel Arc

Consistency in Constraint Satisfaction," Pr o c e e dings of the 1991 International

Symp osium on Metho dolo gies for Intel lig ent Systems, Charlotte, NC, pp. 500-

509, Octob er 1991.

3. Conrad, James M., Dharma P

. Agrawal, and Dennis R. Bahler, \Scalable Static

Parallel Arc Consistency Algorithms for Shared Memory Computers," Pr o c e e d-

ings of the Sixth International Par al lel Pr o c essing Symp osium, Beverly Hills,

CA, pp. 242-2 49 , March 1992.

4. T eague, W. Michael, James M. Conrad, and Dharma P

. Agrawal, \An Inno-

v ative Mo del of Generic Multipro cessors using Simulation," Pr o c e e dings of the

Pittsbur gh Confer enc e on Simulation and Mo deling, Pittsburgh, P

A, May 1992

(to app ear).

5. Conrad, James M. and Dharma P

. Agrawal, \Distributed, Scalable, and Static

Parallel Arc Consistency Algorithms on Priv ate Memory Machines," Pr o c e e d-

ings of the 12th International Confer enc e on Distribute d Computing Systems,

Y okohama, Japan, June 1992 (to app ear).

6. Conrad, James M. and Dharma P

. Agrawal, \A Graph Partitioning-based Load

Balancing Strategy for a Distributed Memory Machine," Pr o c e e dings of the 21th

International Confer enc e on Par al lel Pr o c essing, St. Charles, IL, August 1992

(to app ear).

7. Conrad, James M. and Dharma P

. Agrawal, \Simulation of Generic Multipro-

cessor Con�gurations for Asynchronous Algorithms," International Journal in

Computer Simulation, sp e cial Issue on Multipr o c essor Networks, 1993 (to ap-

p ear).

Ac kno wledgemen ts

I would like to thank the Adv anced Computing Research F acility

, Mathematics and

Computer Science Division, Argonne National Lab for use of their Sequent Symme-

try , BBN Butter y TC2000, and Intel i860 computers. I would also like to thank

Oak Ridge National Lab for use of their Intel iPSC/2 computer. The generosity of

the Department of Energy has help ed me gather useful data on real and exp ensive

machines.

I also want to thank T o dd Co ok for the use of his mean �eld annealing software, and

Dr. David E. V an den Bout for the use of his Kernighan/Lin software.

I wish to thank the following p eople for the supp ort they have given me during my

graduate scho ol exp erience:

T o Vince Hamrick, Eric Scott, and Mike T eague, for their assistance with some of the

parallel programming and data gathering. Y ou help ed shorten my learning curves by

making my programming mistakes for me (and your work was not without reward).

And esp ecially to Mike, whose quest for knowledge wasn’t satis�ed, for sticking around

to dabble in other ventures.

T o my advisor, Dr. Dharma Agrawal, who always made sure I had a research or

teaching assistantship each semester. Y ou always did b elieve in me, even when I was

down b ecause of a roadblo ck. I am still amazed at your ability to give imp eccable

advice. I only regret that I did not always follow it.

T o my committee, Drs. Bahler, Reeves, and V an den Bout, and to Dr. Bowen, for

their honest opinions. I b elieve this dissertation is stronger b ecause of your guidance.

T o my parents, Ralph and Marilyn Conrad, for providing moral supp ort, encouragement, and the correct p ersp ective of what’s imp ortant in life.

T o my Mother-in-law, Betty W arren, for her encouragement and help reviewing this

thesis.

T o my son Jay

, for giving me a goal, the chance to sp end more time with you.

And esp ecially to my wife Stephanie for her patience, forgiveness, and understanding.

T able of Con ten ts

List of Figures viii

List of T ables ix

1 In tro duction 1

1.1 Parallel Computer Architectures : : : : : : : : : : : : : : : : : : : : : 2

1.2 Parallel Algorithms : : : : : : : : : : : : : : : : : : : : : : : : : : : : 7

1.3 Constraint Satisfaction : : : : : : : : : : : : : : : : : : : : : : : : : : 8

1.4 Solving Constraint Satisfaction Problems : : : : : : : : : : : : : : : : 10

1.5 Applications and Motiv ation : : : : : : : : : : : : : : : : : : : : : : : 12

1.6 Outline of this W ork : : : : : : : : : : : : : : : : : : : : : : : : : : : 13

2 Consistency Algorithms 15

2.1 Consistency Algorithm De�nitions : : : : : : : : : : : : : : : : : : : : 15

2.2 Sequential Arc Consistency Algorithms : : : : : : : : : : : : : : : : : 18

2.3 Parallel Arc Consistency Algorithms : : : : : : : : : : : : : : : : : : 22

3 Static P arallel Arc Consistency Algorithms 26

3.1 Distribution of W ork : : : : : : : : : : : : : : : : : : : : : : : : : : : 26

3.2 Parallel No de Consistency : : : : : : : : : : : : : : : : : : : : : : : : 28

3.3 Static Parallel Revise F unction : : : : : : : : : : : : : : : : : : : : : 29

3.4 Static Parallel Arc Consistency Algorithm #1 : : : : : : : : : : : : : 30

3.5 Static Parallel Arc Consistency Algorithm #2 : : : : : : : : : : : : : 32

3.6 Static Parallel Arc Consistency Algorithm #3 : : : : : : : : : : : : : 36

3.7 Adv antages and Disadv antages of SP

AC Algorithms : : : : : : : : : : 39

4 Examples of A

C, SP A C , and P A C Algorithms 42

4.1 Measurement Metrics : : : : : : : : : : : : : : : : : : : : : : : : : : : 42

4.2 AC T races : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 44

4.3 SP

AC T races : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 46

4.4 Analysis of SP

AC T races versus AC T race : : : : : : : : : : : : : : : 50

4.5 P

AC T races : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 52

4.6 Analysis of SP

AC T races versus P

AC T races : : : : : : : : : : : : : : 54

5 Algorithmic P erformance Ev aluation En vironmen t 56

5.1 Parallel Pro cessing Simulation Requiremen ts : : : : : : : : : : : : : : 56

5.1.1 Simulating V ariables : : : : : : : : : : : : : : : : : : : : : : : 60

5.1.2 Simulating a Shared Memory Architecture : : : : : : : : : : : 60

5.1.3 Simulating a Distributed Memory Architecture and Communi-

cation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 61

5.1.4 Other Simulator Details : : : : : : : : : : : : : : : : : : : : : 63

5.2 Machine Implementation : : : : : : : : : : : : : : : : : : : : : : : : : 64

5.2.1 Parallel Execution on the Sequent Symmetry : : : : : : : : : : 64

5.2.2 Parallel Execution on the Intel iPSC/2 : : : : : : : : : : : : : 66

5.2.3 Parallel Execution on the Butter y TC2000 : : : : : : : : : : 71

6 P erformance Results 73

6.1 Results for SP

AC-1 Algorithms : : : : : : : : : : : : : : : : : : : : : 76

6.1.1 Shared Memory Machine : : : : : : : : : : : : : : : : : : : : : 76

6.1.2 Distributed Memory Machine : : : : : : : : : : : : : : : : : : 79

6.1.3 Hybrid Memory Machine : : : : : : : : : : : : : : : : : : : : : 82

6.2 Results for SP

AC-2 Algorithms : : : : : : : : : : : : : : : : : : : : : 84

6.2.1 Shared Memory Machine : : : : : : : : : : : : : : : : : : : : : 84

6.2.2 Distributed Memory Machine : : : : : : : : : : : : : : : : : : 86

6.2.3 Hybrid Memory Machine : : : : : : : : : : : : : : : : : : : : : 89

6.3 Results for SP

AC-3 Algorithms : : : : : : : : : : : : : : : : : : : : : 91

6.3.1 Shared Memory Machine : : : : : : : : : : : : : : : : : : : : : 91

6.3.2 Distributed Memory Machine : : : : : : : : : : : : : : : : : : 93

6.3.3 Hybrid Memory Machine : : : : : : : : : : : : : : : : : : : : : 96

6.4 Comparisons Between SP

AC Algorithms : : : : : : : : : : : : : : : : 98

6.5 Scaling of Problems using Parallelism : : : : : : : : : : : : : : : : : : 100

7 An In-Depth Examination of DSP A C 102

7.1 V ariable-frequent DSP

AC Algorithms : : : : : : : : : : : : : : : : : : 102

7.2 Simple Data Partitioning : : : : : : : : : : : : : : : : : : : : : : : : : 106

7.3 Mean Field Annealing : : : : : : : : : : : : : : : : : : : : : : : : : : 106

7.4 Network Data : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 108

7.5 Metrics and Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : 109

7.6 AC-1 and AC-3 Revisited : : : : : : : : : : : : : : : : : : : : : : : : 116

7.7 The E�ect of Arc Consistency on Search : : : : : : : : : : : : : : : : 117

8 SP A Cs Applied to MCM La y out 121

8.1 De�nition of MCM T erms and V alue : : : : : : : : : : : : : : : : : : 122

8.2 Overview of the Problem Solution : : : : : : : : : : : : : : : : : : : : 126

8.3 Data Sp eci�cations : : : : : : : : : : : : : : : : : : : : : : : : : : : : 127

8.3.1 Constraint Network : : : : : : : : : : : : : : : : : : : : : : : : 129

8.4 Execution Requirements : : : : : : : : : : : : : : : : : : : : : : : : : 130

8.4.1 Initial Link Assignment Requirements : : : : : : : : : : : : : 130

8.4.2 Parallel No de Consistency Requirements : : : : : : : : : : : : 132

8.4.3 Parallel Arc Consistency Requirements : : : : : : : : : : : : : 133

8.4.4 Parallel F orward Checking Search : : : : : : : : : : : : : : : : 133

8.5 Miscellaneous Information : : : : : : : : : : : : : : : : : : : : : : : : 134

8.6 Complexity Analysis : : : : : : : : : : : : : : : : : : : : : : : : : : : 134

8.7 F uture Directions of the MCM Problem : : : : : : : : : : : : : : : : : 137

9 Conclusions 138

9.1 Review of Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 139

9.2 What W e Have Learned : : : : : : : : : : : : : : : : : : : : : : : : : 141

9.3 F uture W ork : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 142

References 144

List of Figures

1.1 General Blo ck Diagram of a Shared Memory Computer Architecture : 3

1.2 General Blo ck Diagram of a Distributed Memory Computer Architecture 4

1.3 Example of a Distributed Memory Computer Architecture : : : : : : 5

1.4 General Blo ck Diagram of a Hybrid Memory Computer Architecture : 6

1.5 A F our-V ariable Constraint Network : : : : : : : : : : : : : : : : : : 11

2.1 Mackworth’s Arc Consistency Algorithm: Revise : : : : : : : : : : : : 19

2.2 Mackworth’s Arc Consistency Algorithm: AC-1 : : : : : : : : : : : : 21

2.3 Mackworth’s Arc Consistency Algorithm: AC-3 : : : : : : : : : : : : 22

2.4 Samal’s Parallel Arc Consistency Algorithm: Previse : : : : : : : : : 23

2.5 Samal’s Parallel Arc Consistency Algorithm: P

AC-1 : : : : : : : : : : 24

2.6 Samal’s Parallel Arc Consistency Algorithm: P

AC-3 : : : : : : : : : : 24

3.1 Static Parallel Revise F unction: Sprevise : : : : : : : : : : : : : : : : 29

3.2 Static Parallel Arc Consistency Algorithm #1: Host Pro cessor and

No de Pro cessor Comp onents : : : : : : : : : : : : : : : : : : : : : : : 31

3.3 Static Parallel Arc Consistency Algorithm #2: Host Pro cessor and

No de Pro cessor Comp onents : : : : : : : : : : : : : : : : : : : : : : : 34

3.4 Static Parallel Revise F unction: Sprevise-2 : : : : : : : : : : : : : : : 35

3.5 Static Parallel Arc Consistency Algorithm #3: Host Pro cessor and

No de Pro cessor Comp onents : : : : : : : : : : : : : : : : : : : : : : : 37

5.1 Simulation Pseudo-co de : : : : : : : : : : : : : : : : : : : : : : : : : 59

5.2 DSP

AC-1 Algorithm: Host Pro cessor and No de Pro cessor Comp onents 68

5.3 DSP

AC-2 Algorithm: Host Pro cessor and No de Pro cessor Comp onents 69

5.4 DSP

AC-3 Algorithm: Host Pro cessor and No de Pro cessor Comp onents 70

6.1 Sp eedup of SP

AC-1 over AC-1 for a Shared Memory Machine : : : : 78

6.2 Sp eedup of DSP

AC-1 over AC-1 for a Distributed Memory Machine : 81

6.3 Sp eedup of SP

AC-1 over AC-1 for a Hybrid Memory Machine : : : : 83

6.4 Sp eedup of SP

AC-2 over AC-1 for a Shared Memory Machine : : : : 85

6.5 Sp eedup of DSP

AC-2 over AC-1 for a Distributed Memory Machine : 88

6.6 Sp eedup of SP

AC-2 over AC-1 for a Hybrid Memory Machine : : : : 90

6.7 Sp eedup of SP

AC-3 over AC-3 for a Shared Memory Machine : : : : 92

6.8 Sp eedup of DSP

AC-3 over AC-3 for a Distributed Memory Machine : 95

6.9 Sp eedup of SP

AC-3 over AC-3 for a Hybrid Memory Machine : : : : 97

6.10 Sp eedup of SP

AC over AC-3 for a Shared Memory Machine : : : : : : 98

6.11 Sp eedup of DSP

AC versus AC-3 on a Distributed Memory Machine : 99

6.12 Sp eedup and Utilization of DSP

AC-2 for a Large Network : : : : : : 101

7.1 DSP

AC-1 Algorithm: No de Pro cessor Comp onent for V ariable-Based

Message F requency : : : : : : : : : : : : : : : : : : : : : : : : : : : : 103

7.2 DSP

AC-2 Algorithm: No de Pro cessor Comp onent for V ariable-Based

Message F requency : : : : : : : : : : : : : : : : : : : : : : : : : : : : 104

7.3 DSP

AC-3 Algorithm: No de Pro cessor Comp onent for V ariable-Based

Message F requency : : : : : : : : : : : : : : : : : : : : : : : : : : : : 105

7.4 Sp eedup of DSP

AC-1 versus AC-1 on a Distributed Memory Machine 111

7.5 Sp eedup of DSP

AC-2 versus AC-1 on a Distributed Memory Machine 112

7.6 Sp eedup of DSP

AC-3 versus AC-1 on a Distributed Memory Machine 113

7.7 The E�ect of Arc Consistency on Search Time : : : : : : : : : : : : : 120

8.1 Example of Layers of our Multi-chip Mo dule Pack age : : : : : : : : : 122

8.2 Example of Chip Layer of our Multi-chip Mo dule Pack age : : : : : : 123

8.3 Example of Interconnection Layer of our Multi-chip Mo dule Pack age : 124

List of T ables

3.1 Comparison of AC, P

AC, and SP

AC algorithms : : : : : : : : : : : : 39

4.1 Consistency Check T race of Sequential AC-1 Algorithm : : : : : : : : 45

4.2 Consistency Check T race of Sequential AC-3 Algorithm : : : : : : : : 47

4.3 Consistency Check T race of SP

AC-1 Algorithm : : : : : : : : : : : : 49

4.4 Consistency Check T race of SP

AC-2 Algorithm : : : : : : : : : : : : 50

4.5 Consistency Check T race of SP

AC-3 Algorithm : : : : : : : : : : : : 51

4.6 P

AC-1 Algorithm Execution T race with 72 Pro cessors : : : : : : : : : 53

4.7 P

AC-3 Algorithm Execution T race with 72 Pro cessors : : : : : : : : : 53

4.8 Comparison of P

AC and SP

AC algorithms : : : : : : : : : : : : : : : 54

6.1 Examples of Constraint Network Characteristics : : : : : : : : : : : : 74

6.2 Pro cessing Cycles of AC-1 and SP

AC-1 Algorithms for a Shared Mem-

ory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 77

6.3 Pro cessing Cycles of AC-1 and DSP

AC-1 Algorithms for a Distributed

Memory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 80

6.4 Pro cessing Cycles of AC-1 and SP

AC-1 Algorithms for a Hybrid Mem-

ory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 83

6.5 Pro cessing Cycles of AC-1 and SP

AC-2 Algorithms for a Shared Mem-

ory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 85

6.6 Pro cessing Cycles of AC-1 and DSP

AC-2 Algorithms for a Distributed

Memory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 87

6.7 Pro cessing Cycles of AC-1 and SP

AC-2 Algorithms for a Hybrid Mem-

ory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 90

6.8 Pro cessing Cycles of AC-3 and SP

AC-3 Algorithms for a Shared Mem-

ory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 92

6.9 Pro cessing Cycles of AC-3 and DSP

AC-3 Algorithms for a Distributed

Memory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 94

6.10 Pro cessing Cycles of AC-3 and SP

AC-3 Algorithms for a Hybrid Mem-

ory Machine : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 97

7.1 Execution Times of Communications/Load Balancing Con�gurations

for Constraint Networks of Section 7.4 on a Distributed Memory Machine 110

7.2 Examples of Constraint Network Characteristics for T ree Search : : : 119

7.3 AC and T ree Search Execution Times and W ork : : : : : : : : : : : : 120

Chapter 1

In tro duction

Most of to day’s scienti�c adv ances involve the marriage of several technologies. This

research is no exception. It is a combination of algorithm design, parallel archi-

tectures, parallel programming, simulation, and arti�cial intelligence. It is not our

ob jective to b e exp erts in all of these areas. However, we have culled our knowledge

to make an innov ative and novel contribution to the computing world.

The sp eci�c goals of this work are to:

� Develop several algorithms useful for arti�cial intelligence applications.

� Develop these algorithms for parallel pro cessing machines.

� T est these algorithms through simulation.

� Prove the e�ectiveness of these algorithms through exp erimentation on actual

parallel machines.

� Apply these algorithms to a non-trivial real-world problem.

The basic premise of this work is arti�cial intelligence. Winston [62] states, \Arti�cial

Intelligence is the study of ideas that enable computers to b e intelligent." Emb o dying of AI techniques can make computers more useful by solving problems imp ortant to

human-kind. This work will, hop efully

, adv ance this usefulness a bit further.

1.1 P arallel Computer Arc hitectures

Parallel computers can b e classi�ed according to the instruction stream sequence ex-

ecuted by the computer and the data stream sequence used by the individual pro ces-

sors [26 ]. Stream classi�cation of parallel systems includes Single Instruction-str e am,

Multiple Data-str e am (SIMD) computers and Multiple Instruction-str e am, Multiple

Data-str e am (MIMD) computers.

At a given instant, a MIMD parallel pro cessor executes a di�erent instruction on

each of its pro cessing elements. The pro cessors may

, however, require communication

with each other, or may share resources. How the pro cessors access memory or

input/output devices totally dep ends on the underlying computer architecture. W e

classify MIMD computer architectures relative to the lo cation and distribution of

their memory mo dules. The three p ossible schemes of MIMD computers are: shared

memory

, distributed memory

, and hybrid memory .

Figure 1.1: General Blo ck Diagram of a Shared Memory Computer Architecture

directly b etween the pro cessors via the switching network. If one pro cessor wants a

v ariable v alue from the memory mo dule of another pro cessor, the pro cessor in need

of data submits a request in the form of a message to the other pro cessor. The

remote pro cessor retrieves the information from its priv ate memory and sends it to

the requesting pro cessor. One of the many network top ologies, such as ring, mesh, or

hyp ercub e, could b e selected to provide the inter-pro cessor communication.

Figure 1.4 shows an example of a hybrid memory architecture, which combines the

inherent characteristics of b oth shared and distributed memory architectures. The

priv ate memory can serve as a fast memory for computer instructions and lo cal data,

while the shared memory can serve as a store for global v ariables used by many or

all the pro cessors.

4

Blo ckDiagram of a DistributedMemoryComputer Architec of a DistributedMemory Computer Architec

Blo ckDiagram of aHybridMemoryComputerArchitecture

[41]de�nesaparallel algorithmformultipro cessorsasacollection ofconcurrenesses thatmay op eratesimultaneously tosolve agiven pro cess b an identi�able subset of the entire problem, but can execute on one or pro problem usually requires interaction b etween the pro theprogramtrolling a pro cess needs to communicate with another pro cess, it can send or information via a message, or it can read or store information via a globally av v Sucp oints in the program are action oints, and these p oints a pro cess into stagesA d ar lel algorithm consists of pro cesses wherein

\there exists a pro such that some stage of the pro cess is not activ ated until another pro cess has a certain p ortion of its program."[41 example,the pro cesses + and C + part of the larger pro cess (+ B ) � (C + D pro cess to X that b oth the pro cesses + and C + �rst complete, therefore, b eginning of pro cess synchronized with the completion of the other twMuch of the existing work on parallel algorithms has b een devoted to syncalgorithms, where this strict synchronism b etween successive steps of a parallel is observed, and pro cessing of subtasks is done in lo ckstep

[26wwe study a class of algorithms for multipro cessors called onous algorithms

[41 ]

(hereafter called asynchronous algorithms allodegree of asynchronism b etween v arious steps or successive imp ortancharacteristic of asynchronous algorithms is that whenever any pro needs a v alue of a global v ariable, it reads the most currently av ailable v alue continexecutionusing thatmain ob jective ofthisis to verify that the sp eci�c steps of these algorithms can b e e�ciently for many di�erent typ es of multipro De�nitionAonous algorithm hasthe low ingerties

[41set of al variables is available to l the When a stage of a ess is omplete, the c ess �rst ads some al d on the value of the variable(s) and the esults om evious essing stage, the ess di�es some al variable(s), and activates the next stage or terminates The most imp ortant characteristic of asynchronous algorithms is that the pro never wait for a pro cess cannot have deadlo ck, waiting for chronization from another pro most existing work, asynchronous are executed on shared memory have mo di�ed these algorithms for distributed memory ent due to the increasing p opularity of multipro In the following section, we consider one application area where asynchronous rithms can b e e�ectively

Constrainsatisfaction is a branch of arti�cial intelligencewhere one must �nd v for a group of v ariables, or Mackworth

[45] describ es aint satisfaction oblems

(CSPs) as \those in whicone has a set of v ariables each to b e instantiated in an asso ciated domain and a

Bo oleanconstraintslimitingthesetofallowedv aluesforsp eci�edsubsetsofv ariables". b est represent this task in mathematical form, the following terms De�nition v ariable, i, is a unit which is d a aning, or De�nition �nite domain, D

, is a list of ossible values that variable i an given assume that ach domain has the same dinality De�nition A v alue, l

i

, also d a el, is a ci�c assignment given i om a list of ossible items, that is, l

i

2 D

De�nition A unary constraint, R

, is a elation by which if a value l

i

domain D

isd tovariable i,then the aintR istrue ifthe elation d,thatis l

i

2 R

De�nitionA binary constraint, R

, is a elation by which if a value l

i

domain D

is d to variable i, and value l

j

om domain D

is d variable j , then the aint R is true if the elation is d, that is (l

i

l

j

R

De�nition a �rst der ate gic formula, a aint oblem e d (9l

1

)(9l

2

: : : (9l

n

)(l

1

D

)(l

2

2 D

:: : : (l

n

D

)R

(l

1

^R

(l

2

) ^ : : : R

(l

n

) ^ R

(l

1

; l

2

) ^ R

(l

1

; l

3

) ^ : : : R n�1(l

n�1

; l

n

only list R b ecause for j < i, R

= R constraint network isaal esentationofaci�cFigure 1.5 shows an exampleof a four v ariable constraint netwcirclesresent the �nite domain v ariables of the problem, and the b oxes represent the straints b etweenthe v the v ariable domains are single letters, and constraints are sets of letterpairs whichsatisfy an assignment of the two v restrictour discussion of CSPs to the class whereeachconstraint is binary. Manproblems with n-ary constraints can b e convertedto a binary equiv alen[15 Mackworth[44] suggests consistencyalgorithms can b e extendedin�nite domain problems, we onlyaddress

�nite domaint

Satisfaction

(also called the Consistent

Lab eling

Problem) can b e solved using v arious search algorithms like backtracking

[30,

49 ], backmarking

[20,

49], or forward-chec[24 49 backtracking algorithms are inadequate for solving a large strainnetwork b ecause they exhibit an excessive amount of Pre-pro problem, by eliminating v ariable assignments which can never result in a can reduce the work p erformed by a tree search task to eliminate v iable assignments involves the use of network consistency algorithms to pre-pro cess network of constraints b efore the tree searcSucalgorithms include no de, arc, path consistency

[44,

47 ,

61 CSP with

�nite domain v ariables is [19 ,

45much has b een said ab out solving

CSPs on sequential computers, searcare now prop osing solving these problems on parallel pro cessing contend that constraint satisfaction algorithms are sequential in nature, ariableConstraint Netw usingparallelcomputers cannotsigni�cantly improve the worstcasep [33,

58 researchers b elievethatthe execution time canb ereduced the averageproblemusing parallelalgorithmson parallelManhavaddressedCSPs usingparalleltreesearchalgorithmslike aforward-chec[51,52 ] andadepth�rstsearchwithbackjumping

[7,17 Researchers have prop osed and implemented parallel arc consistency algorithms shared memorycomputers [22,23 ,54 ,55 haveprop oseddistributedarc consistency algorithms, but they did not make any attempt to actually implementheir algorithms

[34 , 63, 64 and this dissertation we intro duce three new Static

Parallel Arc Consistency for any general-purp ose

MIMD algorithms are unique pre-partitioned sections of a CSP are assigned to sp eci�c pro cessors

(unlikapproacNo one has measured the sp eci�c work p erformed by the individual pro cessors arc consistency techniques to pre-pro cess a constraint netwsimand actual machine exp tation, we measure work p erformed by each pro show that our parallel arc consistency algorithm can b e used to e�ectivelpre-pro cess a constraint netwarc consistency algorithms can greatly reduce the search space of a , b e used as an e�ectivepre-pro cessor for many AI applications which are view[22] lists several

CSPs scheduling, detection and subgraph isomorphism, the graph coloring problem, semantic pro theorem proving, imagepro cessingandob ject recognition,

VLSInetworkcomputing,anddatabaseconsistency checkiexamples,wtwop ossibleapplications ofour ACNadel [50 ] describ es an application based on reasoning ab out the timing of evenIn his example, he represents actual activities and timing relationships as a If one examines these activities and timing relationships, the problem b ecomes scheduling and more complex scheduling problems b e addressed by pre-pro cessing the CSP using our parallelarc consistency altz [61] analyzes a real word scene and represents ob jects in the scene with He represents the physical p ossibilities of lines as constraints, and intro duces an consistency algorithm (AC-2) to reduce the p ossibilities of the physical represenaltz’s representation of video scenes and our parallel arc algorithms, one could analyze more complex scenes, or analyze scenes in greater e prop ose the use of these Static Parallel Arc Consistency algorithms to aid in design of interconnection link assignment for mhip mo dule pack al. [25 have prop osed a heuristic for assigning these links, but we examine coming Parallel Arc Consistency with Parallel orward-Checking search to minimize numb er of required layers.

of this Chapter 2, we describ e the concepts of no de, arc, and path consistency and ev uate sequential and parallel arc consistency Chapter 3, we describ the task of assigning parts of the constraint network to pro then presen threeparallel arcconsistencyalgorithmsbasedonthesequential arcalgorithms AC-1 and A4 follows sample traces of our algorithms compares our results with other parallel arc consistency 5 �nes the requirements for achieving the goals of simulating our algorithms on and hybrid memory describ e the programming mentation of the algorithms on commercial parallel pro cessors as well.Chapter presents simulation and actual results of pre-pro cessing constraint netwconstrainnetworks are also tested on a distributed memory multic7 examines two v ariations of our Distributed

Static

Parallel Arc Consistency rithms which di�er only in the frequency of commalso considers on sp eedup of simple load balancing versus the more robust mean

�eld ing graph partitioning e�ect of arc consistency on the execution of search is 8 presents our prop osa l for using

Static

Parallel

Consistency algorithms as an aid in the assignment of inter-chip links for mmo dule pack aging.wegiveour conclusionsinChapter

AlgorithmAlgorithm o describ e consistency algorithms, we refer to the network mo del of a CSP shoinFigureworkexclusively withbinaryconstraints,wheretheconstrainb etween v ariables i and jis represented by an edge, and each edge consists of twar c(j and ar c(jiA variable, or de, i is d no de consistent if l values D

satisfy the unary aints on i (also known as ar c(i)ariable i e made de onsistent by erforming the 8l

i

D

D

\ fl

i

jR

(l

i

)(2:The c ar c(j is arc consistent if, for ach value in D

, e at ast one value in D

that satis�es the aint of the Aan e onsistent by erforming the 8l

i

D

D

\ fl

i

j(9l

j

)(l

j

2 D

) ^ R

(l

i

; l

j

)(2:

athoflengt h twooughaaphispathconsistentomde i ough de k to ending de j if and only 8(l

i

2D

l

j

D

)R

(l

i

) ^ R

(l

j

) ^ R

(l

i

;l

j

9l

k

2D

R

(l

k

) ^ R

(l

i

;l

k

) ^ R k (l

k

;l

j

kis a ept in a aph e, in osing � ables which satisfy l aints among the variables, adding the kth variable of the k c, and ath onsistency e 1-, 2-, and onsistency,

De�nition consistency ck is a arison of a ossible value of one able with the ossible value of another variable

(e.g., using the aint network e 1.5, value A of D

is d with value J of D

use onsistency to analyze the algorithmic

De�nition complexity of a quential algorithm is the maximum er steps the algorithm may steps e d as a asic unit of work, an addition ation or a arison of two step is a onsistency

De�nition time complexity of a lel algorithms is the maximum steps, as a e of time, that e d to solve the e d as \start-to-stop" or l of the c essors running a algorithm may e active at any one the computational is the maximum er of steps, as a e of work, that a lel erforms.

This is often the time omplexity times the er of c An example of a �nite domain binary constraint problem, shown in Figure

1.5, us de�ne the measures we use for the rest of this totalnumb erofconstraintv ariablesinaproblemisnexamplefourv numb er ofedges(half thenumb er ofarcs)ofaproblem isehasfouredges,oreight size of each domain is aexample has three v alues in each the following section we analyze several algorithms using the measures ab ove to count consistency cmeasurement is used in Mackworth reuder’s

[46] pap er on consistency algorithm p address arc only of networks with

�nite domain v ariables and binary constraineach algorithm ensures no de , we do not analyze no de consistency rithms.

,path consistency is b eyond the scop e of this researcIn particular, we discuss the following arc consistency

Sequenalgorithms

AC-1 and AC-3, develop ed by Mackworth

[44 Palgorithms

AC-1 and AC-3, develop ed by Samal

[55The arc consistency algorithm

AC-2, develop ed by altz

[61], is a sp ecial case of AC-3 algorithm, so we do not address

AC-2

Although

Mohr and Henderson’s

[47]

AC-4 is considered the b est sequential arc sistency algorithm,

Samal

[55] found in his exp erimental trials that

AC-4 p p o o fact, except for constraint networks shap ed as a ring of v ariables,

Aand

AC-3 b oth

�nished in less time than

AC-4.

also rep orted that the version of AC-4 p erformed p o on these results, we do not consider

Aalgorithm or Samal’s parallel version, A

[22 ]hasdevelop ed severalarcconsistencyalgorithms(which hecalls

Relaxation

Algorithms) which are designed to run on sp ecial-purp ose arcDRA1 is designed to execute on a sp ecial-purp ose sequential

DRA3,

DRA5, mDRA2, and mDRA5 algorithms are designed to execute his sp ecial-purp ose

VLSI parallel architecture.While his e�orts show sp eedup in of three to ten orders of magnitude in the area of constraint satisfaction, wcannot compare his work to ours b ecause his algorithms are designed for a sp platform, while ours are meant for commercially av ailable

MIMD

Zhang and Mackworth

[63,

64 ] intro duce two parallel arc consistency algorithms shared and distributed memory algorithms assume that the straint network is pre-pro cessed, and that the transformed network is acyclic.do not implement their algorithms on parallel

[34] intro duces a parallel arc consistency algorithm that also requires pro cessing the constraint network into prop os itional

Horn satis�ability whicis not implemented on a parallel macArc

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

(Figure examines an arc by cho osing a v ariable v alue and checking if the other v ariable tacto the arc has at least one v alue which is consistent with the v alue for the v This is done for each v alue in the �rst v ariable’s consistency check is either successful or check is successful if constraint contains a paired tuple that matches the current v alues at each end p ointhe arc checwe examine ar c(1of

Figure

1.5, we see that the functionRevise(ar c(i;j )b e := each l

i

2 D

b suppor t:= each l

j

2 D

while

(:suppor tif R

(l

i

l

j

then suppor t := TRif

(:suppor t) b D

D

� fl

i

g:= TRreturn(eFigure

MackwArc

Consistency

Algorithm:

tuples (AD)(AF)(CD) comp ose the constraint b etween v ariable 1 and v ariable ollothe algorithm, we cho ose the �rst v alue of v ariable 1 as A, cho ose the v alue of v ariable2 as D,and checkto seeif the assignment (AD) satis�es the v 1/v ariable2constraindo es, and so wecheckthenextp ossible v ariableassignmenv ariableThe

Revise subroutine, when called by AC-1 or AC-3 for the �rst time, compares p assignments

(AD)(BD)(BE)(BF)(CD) with the constraint

Notice that the assignments

(BD)(BE)(BF) are inconsistent, i.e., the v alue B never b e a v ariable assignment for v ariable therefore, removes the v alue from the domain D

Each time

AC-1 or AC-3 calls the Revise subroutine, up to a v alues of the �rst v up to a v alues of the other v ariable are checked,so up to a checks are shouldnoteafundamentaldi�erence b etweenourinterpretationofthefunction and the interpretation of Samal

[55] and Gu [22 particular, we refer those lines of the function where we assign a v alue l

i

to v ariable i and then check see if a v alue l

j

can b e assigned to v ariable j which satis�es the constraint R

(l

i

; l

j

Mackwdescrib es part of the Revise function

[44 ] bif there is no y 2 D

such that R

(then : interpretation is that, once we �nd a v alue l

j

which satis�es the constraint, wnot check any v alues of domain D

until we check another v alue for v i. we examine ar c(1of

Figure

1.5, the Revise function called the for �rst compares the p ossible assignments

Samal and Gu interpret this op eration as checking all p ossible assignmenour ample, they would compare the p ossible assignments

(AD)(AE)(AF) checkassignments after they have proven that the menof i is consistent, thereby p erforming wasteful we not know their sp eci�c computer implementations, one can only assume that program is similar to their interpretation of the b elieve that our plementation is a truer representation of the AC-1

AC-1

(Figure

2.2) is a simple but ine�cient sequential algorithm to ensure arc A�rst ensures no de consistency then calls

Revise for evarc of the constraint network

Revise removes a v alue from any v domain, a change bit is AC-1 has �nished checking each arc, it the change bit. the bit is set,

AC-1 recks all of its arcs

Aends it checks all of its arcs and do es not remove any v worst case complexity of AC-1 is rep orted by Mackworth and reuder

[46 ]