Lecture Notes in Artificial Intelligence 2427

Subseries of Lecture Notes in Computer Science
Edited by J. G. Carbonell and J. Siekmann

Lecture Notes in Computer Science
Edited by G. Goos, J. Hartmanis, and J. van Leeuwen



Springer
Berlin
Heidelberg
New York
Barcelona
Hong Kong
London
Milan

Paris

Tokyo



Markus Hannebauer

Autonomous Dynamic
Reconfiguration in
Multi-Agent Systems

Improving the Quality and Efficiency
of Collaborative Problem Solving

€); Springer



Series Editors

Jaime G. Carbonell, Carnegie Mellon University, Pittsburgh, PA, USA
Jorg Siekmann, University of Saarland, Saarbriicken, Germany

Author

Markus Hannebauer

think-cell Software GmbH

Invalidenstraf3e 34, 10115 Berlin, Germany
E-mail: mhannebauer @think-cell.com

Cataloging-in-Publication Data applied for
A catalog record for this book is available from the Library of Congress.

Bibliographic information published by Die Deutsche Bibliothek
Die Deutsche Bibliothek lists this publication in the Deutsche Nationalbibliografie;
detailed bibliographic data is available in the Internet at <http://dnb.ddb.de>.

CR Subject Classification (1998): 1.2.11,1.2.8, H4.1, K.4.3,1.2,C.2.4,D.2.11

ISSN 0302-9743
ISBN 3-540-44312-6 Springer-Verlag Berlin Heidelberg New York

This work is subject to copyright. All rights are reserved, whether the whole or part of the material is
concerned, specifically the rights of translation, reprinting, re-use of illustrations, recitation, broadcasting,
reproduction on microfilms or in any other way, and storage in data banks. Duplication of this publication
or parts thereof is permitted only under the provisions of the German Copyright Law of September 9, 1965,
in its current version, and permission for use must always be obtained from Springer-Verlag. Violations are
liable for prosecution under the German Copyright Law.

Springer-Verlag Berlin Heidelberg New York
a member of BertelsmannSpringer Science+Business Media GmbH

http://www.springer.de

© Springer-Verlag Berlin Heidelberg 2002
Printed in Germany

Typesetting: Camera-ready by author, data conversion by Steingriber Satztechnik GmbH, Heidelberg
Printed on acid-free paper SPIN: 10873879 06/3142 543210



Foreword

This book by Markus Hannebauer was written in the context of a postgrad-
uate funding program at the Technical University of Berlin. It is remarkable,
in particular, for the scientific contribution it makes to the area of distributed
problem-solving, but also because of the overall situation in which the work
was done. One of the referees describes Markus’ doctoral thesis, on which this
book is based, as an extraordinarily successful venture into a new research
area, and not surprisingly it has already won a number of prizes and been
nominated for others.

The work centers on a process enabling individual problem-solving agents
to constantly and autonomously reconfigure and adapt themselves to the
problem in hand by agent melting and splitting. The main things optimized
here are the communication behaviour between the agents and the overall
problem-solving quality. A characteristic feature of the book, and of Markus’
workstyle, is both the excellent theoretical grounding and, almost as a mat-
ter of course, the proof of its practicability by its application in a clinic’s
appointment-scheduling system.

It is, however, not only the technical quality of the work that is remark-
able, but also the way in which it was produced. Markus broke new ground
even with the choice of his subject, and succeeded within a very short time
in acquiring an excellent scientific reputation with this work and many other
publications. Obtaining a doctorate at the age of 25 is in itself a distinction
— the distinction awarded for the thesis almost plays a secondary role here.

Also remarkable is the fact that, despite completing his thesis within
such a short period, Markus was always willing to assume other duties for
his project group and even to develop and implement ideas for improving his
institute’s public image and presentation.

The book lays the foundation for the design and implementation of new
intelligent problem-solving methods in distributed systems. It is my hope
and wish that Markus will, in the future, continue to play a leading role in
shaping this area of research.

Berlin, July 2002 Stefan Jahnichen



Preface

This book is a comprehensive study of collaborative problem solving, its ad-
vantages and pitfalls, but mainly its improvement by autonomous dynamic
reconfiguration. Autonomous dynamic reconfiguration deals with two com-
mon problems in collaborative problem solving — high communication effort
and poor problem solving results because of restricted overview. The main
idea of autonomous dynamic reconfiguration is to autonomously and dynami-
cally adapt the configuration of a collaborative problem solving effort, i.e. the
distribution of knowledge, goals and skills, to the problem itself. This is done
by two individual local operations — agent melting and agent splitting. Agent
melting means to unify the knowledge, goals and skills of two or more agents
in a single agent, while agent splitting denotes a process in which a single
agent is split, possibly resulting in an additional new agent.

In this work we lay a sound theoretical foundation for collaborative prob-
lem solving itself and for its improvement by autonomous dynamic reconfig-
uration. The problem of finding a good configuration for a given problem has
been proven to feature a lattice structure and to be complex to solve. Based
on a characterization of agent melting and agent splitting as equivalence re-
lation manipulators, these two operators show verifiable properties regarding
structure retainment, impact, sufficiency and concurrency.

On the practical side, collaborative problem solving finds a very flexible
and effective instantiation in this work. All presented concepts for collabora-
tive problem solving, such as the multi-phase agreement finding protocol for
external problem solving, the composable belief-desire-intention agent achi-
tecture and the distribution-aware constraint specification architecture for
internal problem solving, are designed to support a changing configuration.
This set of concepts is integrated by the AUREMN controller that decides by
observation and selfobservation how to locally adjust the configuration.

The proposed theory and practice are validated using a case study in
medical appointment scheduling. The autonomous dynamic reconfiguration
approach shows convincing results in improving the problem solving qual-
ity by up to 20% and by more than halving the communication effort. Using
autonomous dynamic reconfiguration, the collaborative problem solving tech-
niques can match the quality of a central approach and are more efficient.
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of all, I would like to thank Prof. Dr.-Ing. Stefan Jahnichen, my advisor and
director of Fraunhofer FIRST. Stefan has not only continuously stimulated
my research work with valuable technical and personal advice, but has also
provided access to up-to-date equipment and extensive travel support. I would
also like to thank Prof. Dr. Martin Wirsing. I enjoyed the warm welcome and
the fruitful discussion when visiting him and his research group to present
my research. Sincere thanks go to Prof. Dr. Hans-Dieter Burkhard. Being one
of my mentors from the beginning, Dieter awoke my enthusiasm for Artificial
Intelligence and agent technology. I could benefit from his special ability
to guide people patiently without interfering with their individual research
interests.

Many thanks go to Prof. Dr. Ulrich Geske, head of our research group,
and to my colleagues at the planning techniques laboratory at Fraunhofer
FIRST for introducing me to the conceptual beauty of declarative program-
ming, for many inspiring discussions and for providing an excellent working
environment. I would like to name in particular Hans Schlenker, Dr. Armin
Wolf and Georg Ringwelski. Additionally, I owe very special thanks to my
colleagues Sebastian Miiller and Gunnar Schrader for the lively discussions
over the last years and their invaluable support in putting the ideas pre-
sented in this book into practice. Particular thanks also to Frank Rehberger
for implementing the problem generator used for evaluation.

Last, but not least, I am very grateful that my beloved parents have
supported me in every possible way during my studies and while writing this
book.

Berlin, August 2002 Markus Hannebauer



Table of Contents

Part I. Introduction

1.

OVerview .. ... ..
1.1 Motivation and Targets ...........c.vuiiiiiiinnnnn ..
1.2 Core Contributions of the Book ..........................
1.2.1 Theoretical Foundations...........................
1.2.2 Practical Concepts ........... ... .. ...
1.2.3 Assessment ...........iii
1.3 Book Outline ....... ... .. . ... . .

Basics of Collaborative Problem Solving .................
2.1 Concepts, Models and Technologies ......................
2.2 From Problem Solving to Constraint Technology ...........
2.2.1 Problem Solving ........ ... ... .. i
2.2.2 Constraint Problems .. ............................
2.2.3 Constraint Technology ........... ... .. ... .....
2.3 From Collaboration to Agent Technology .................
2.3.1 Collaboration .......... .. .. .. . i
2.3.2 Multi-agent Systems ........ ... .. i
2.3.3 Agent Technology .......... ... ..
2.4 From Collaborative Problem Solving
to Distributed Constraint Technology .................. ...
2.4.1 Collaborative Problem Solving .....................
2.4.2 Distributed Constraint Problems ...................
2.4.3 Distributed Constraint Technology .................
2.5 Improving Collaborative Problem Solving .................
2.5.1 Pitfalls of Collaborative Problem Solving ............
2.5.2 The Idea of Autonomous Dynamic Reconfiguration .. .



X

Table of Contents

Part II. Theoretical Foundations

3.

Distributed Constraint Problems —

A Model for Collaborative Problem Solving .............. 27
3.1 Requirements .......... ... ... 27
3.2 Stateof the Art ... ... ... . . . 28
3.3 Constraint Problems .......... .. .. .. .. ... ... 30
3.3.1 Constraint Satisfaction Problems .................. 30
3.3.2 Constraint Optimization Problems ................. 32

3.3.3 Constraint Processing Approaches and Their Properties 33
3.3.4 Tractability of Constraint Problems

Given a Constraint Processing Approach ........... 40
3.4 Distributed Constraint Problems ................... ... ... 44
3.4.1 Distributed Constraint Satisfaction Problems ........ 44
3.4.2 Distributed Constraint Optimization Problems ...... 46
3.5 Visualizing Constraint Problems ......................... 48
3.6 Case Study — Medical Appointment Scheduling ............ 49
3.6.1 Identifying Variables ......... ... .. .. ... ... ... 51
3.6.2 Identifying Constraints ............... .. ... .. ... .. 53
3.6.3 Identifying the Optimization Criterion .............. 56
3.6.4 Configuration and Local Optimization Criteria ...... 56
Autonomous Dynamic Reconfiguration —
Improving Collaborative Problem Solving ............. ... 59
4.1 Requirements ............. .. 59
4.2 State of the Art ... ... 60
4.2.1 Reorganization in Multi-agent Systems.............. 60
4.2.2 Load Balancing and Graph Partitioning ............. 62
4.3 AUREON Problem: Model and Complexity ................. 62
4.3.1 Identifying Variables ......... ... ... .. ... ... ... 63
4.3.2 Identifying Constraints ........... ... .. ... ...... 66
4.3.3 Identifying the Optimization Criterion .............. 67
4.3.4 CONFIGURATION Problem and Its Complexity ....... 71
4.4 AUREON Concept: Structure, Impact and Sufficiency ........ 74
4.4.1 Introductory Example ............ ... ... .. .. ..... 74
4.4.2 Agent Melting, Agent Splitting
and Reconfiguration Transactions .................. 77
4.4.3 Retaining the Structure of the AURE(ON Problem .. ... 79
4.4.4 TImpact of the AUREON Concept .................... 83
4.4.5 Sufficiency of the AURE(ON Concept ................ 85

4.5 Concurrency and Autonomy in AURECON . ... ............. 89



Table of Contents XI
Part III. Practical Concepts

5. Multi-agent System Infrastructure ....................... 95
5.1 Demanded Contribution to AUREON ...................... 95
5.2 State of the Art ... ... ... .. . . . 96
5.3 Agent Communication ......... ... ..., 97
5.3.1 Speech Acts ... ... 97
5.3.2 Messages and Conversations ....................... 99
5.3.3 Interaction Protocols .......... .. ... .. .. .. .. ... 100
5.4 Agent Management ..................iiiiiiiiiiian, 105
.41 OVEIVIEW ..ttt 105
5.4.2 Technical Communication Facilities in Workspaces ... 107
5.4.3 Technical Management Facilities in Workspaces ... ... 109
5.4.4 Additional Facilities in Workspaces ................ 110
5.4.5 Provision, Responsibility and Vacancy Directories .... 110

5.5 Case Study — Off-the-Shelf Technology
for Medical Appointment Scheduling . ..................... 112
6. External Constraint Problem Solving .................... 115
6.1 Demanded Contribution to AURE@ON ...................... 115
6.2 Stateof the Art ... ... ... . . . .. . . 116
6.3 Multi-phase Agreement Finding ......................... 119
6.3.1 Basics of the Protocol ........... .. ... .. .. ... .. 119
6.3.2 Modeling the Protocol ........... .. ... .. .. ... .. 120
6.3.3 A Run of the Protocol ............................ 123
6.4 Verifying Multi-phase Agreement Finding ................. 126
6.4.1 Desirable Properties .............. ... ... ... ..... 126
6.4.2 Safety and Place Invariants ....................... 127
6.4.3 Liveness and Causes Deductions ................... 129
6.4.4 Proving Consistency and Termination............... 132
6.5 Case Study — MPAF for Medical Appointment Scheduling 135
7. Composable BDI Agents ............ .. ... .. . ... .... 139
7.1 Demanded Contribution to AUREQON ...................... 139
7.2 Stateof the Art ... ... . . 140
7.3 Composable BDI Agent Architecture ..................... 143
7.4 Mental Components .............coiiuiiiininnenn... 144
741 Beliefs ... 144
742 DeSITeS ..ot 146
7.4.3 Goals ... 147
7.4.4 Intentions .......... ... .. 148
7.5 Generic BDI Reasoning Kernel .......................... 152
7.5.1 Sensing . ..o 152
7.5.2 Thinking ......... . i 152



XII

Table of Contents

7.5.3 Acting ...
7.6 Case Study — Composable BDI Agents
for Medical Appointment Scheduling ......................
7.6.1 Assigning Patients and Diagnostic Units to Agents ...
7.6.2 Composable BDI Agents
in the MPAF Propagation Phase ...................
7.6.3 Composable BDI Agent in the MPAF Labeling Phase .

Internal Constraint Problem Solving .....................
8.1 Demanded Contribution to AURE@N ......................
8.2 Stateof the Art ... ... ... ..
8.3 Distribution-Aware Constraint Specification Architecture
8.3.1 Constraint Objects and Factories ..................
8.3.2 Optimization Objects and Factories ................
8.3.3 Solution Objects and Factories ....................
8.3.4 Properties of DACSA ... ... .. ... ... .. .. ...
8.4 Case Study — DACSA for Medical Appointment Scheduling
8.4.1 Constraint Objects and Factories...................
8.4.2 Optimization Objects and Factories.................
8.4.3 Solution Objects and Factories .....................
8.4.4 DACSA in the MPAF Protocol ....................

Controlling Agent Melting and Agent Splitting ..........
9.1 Demanded Contribution to AURE@N ......................
9.2 Stateof the Art ... ... .. . . . .
9.3 AUREON Controller ........... ..o,
9.4 Control Environment and Representation .................
9.4.1 Mental Components
for Control Environment Representation ............
9.4.2 Self-observation ............ ... .. . ..
9.4.3 ODbservation . ...........uuuiirineiinnnan.,
9.5 Control Decisions ............... ..
9.5.1 Mental Components for Control Decisions ..........
9.5.2 Agent Splitting ........ ... ..
9.5.3 Agent Melting ........ ... . i
9.6 Control Actions .............iiiii
9.6.1 Mental Components for Control Actions ............
9.6.2 Agent Splitting ........ ... ...
9.6.3 Agent Melting ........ ... .. i
9.7 Case Study — Agent Melting and Agent Splitting
in Medical Appointment Scheduling.......................



Table of Contents  XIII

Part TV. Assessment

10. Evaluation ......... .. . . . . 217
10.1 Targets . ... 217
10.2 MeEans .. .vvvi i 218

10.2.1 Test Sets and Assignment ......................... 218
10.2.2 Monitoring and Evaluation ........................ 220

10.3 Scenario . .......oo i 222
10.3.1 Problem Setup .. ... 222
10.3.2 Collaborative Problem Solving Setup ............... 223
10.3.3 Configuration Setup ......... ... ... .. ... ... 224

10.4 Results ... 225
10.4.1 Functionality ........ .. .. . ... . i 225
10.4.2 QUALEY © ..ot 227
10.4.3 Efficiency .........oo i 229

11. Conclusion and Future Work ........... ... .. .. .. .. .... 235

Part V. Appendix

A. Symbols and Abbreviations ................ .. ... ... ..... 241
B. An XML-Encoded Request Message ..................... 249
C. SICStus Prolog Code

for Internal Constraint Problem Solving .................. 251
D. Initialization of the Hospital Scenario Generator ......... 259
References . ..... ... .. i 265

Subject Index . ...... ... .. 281



List of Figures

2.1

2.2

3.1
3.2

3.3
3.4
3.5
3.6
3.7

3.8

3.9

3.10
3.11
3.12
3.13
3.14
3.15

4.1

4.2
4.3
44
4.5
4.6
4.7

Concepts, models and technologies related to collaborative prob-

lem solving and its improvement ............................. 10
Overview to the main theorems and lemmata .................. 24
Simple CSP with two variables and five constraints ............. 31
Simple COP with two variables, five constraints and one optimiza-

tion criterion. . ... ... 33

Steps of an exemplary constructive constraint processing approach 34

Steps of an exemplary narrowing constraint processing approach.. 35
Solution space equivalence between two constraint problems ... .. 36
Solution space extensibility between two constraint problems. . ... 38
Two constraint problems both processed by a constraint process-
ing approach « and transformations between them.............. 41
Two constraint problems both processed by a correct and complete

constraint processing approach « and solution space equivalence
relations among them ......... ... .. .. .. L L i 42
Two constraint problems both processed by a correct and complete
constraint processing approach a and solution space reducibility

relations among them ........ ... .. .. . . L i 43
Simple CSP as constraint graph ........ ... ... .. .. ... ... .. 48
Simple CSP as extended constraint graph ..................... 49
Simple DCSP as extended constraint graph .................... 49
Entities and relations in medical appointment scheduling ........ 50
Small example of a medical appointment scheduling problem. . ... 51
Interpretation of an assignment as a variable in a three-

dimensional search space ......... ... i 51

Hasse diagram of the configurations of all possible DCOPs on
{1, x9,¢1,co} and their “coarser than or equally coarse as” relations 63

Example for a meet on DCOPs............ ... .. ... ... ... 64
Example for a join on DCOPs........ .. ... ... oo, 64
Relations between configured and reconfigured constraint problems 67
External communication costs estimated by external edges. . ..... 70
Ten patient agents competing for four resources ................ 75
Applying agent melting to form patient group agents............ 75



XVI

4.8
4.9
4.10
4.11

4.12
4.13
4.14
4.15
4.16
4.17
4.18

5.1
5.2
5.3
5.4
5.5

5.6
5.7

6.1

6.2

6.3
6.4
6.5
6.6
6.7
6.8
6.9
6.10
6.11

7.1
7.2
7.3

7.4
7.5
7.6
7.7
7.8

List of Figures

Applying agent melting to form patient/resource group agents ... 76
Applying agent melting ....... ... ... . i "
Applying agent splitting .. ......... .. .. 78
Counter example underpinning the necessity of reconfiguration

transactions . ..... ... 78

Reconfiguration transaction realizing an exchange transformation. 79
Example for a meet on DCOPs defined in terms of agent splitting 80
Example for a join on DCOPs defined in terms of agent melting .. 80
Meet and join as shortest paths in the Hasse diagram of DCOPs . 81
Impact of the AURE(ON concept onto the problem solving quality .. 85
Iterative deepening in the constraint processing approach acox—p 88

Local search in the search space of DCOPs .................... 90
Example of firing a transition in algebraic Petrinets ............ 100
Petri net model N; of the inform protocol ..................... 101
Petri net model N of the query protocol ...................... 102
Petri net model Nj,, of the immediate action request protocol . ... 103
Petri net model N, of the commitment-based action request pro-

117070 ) 104
Workspace architecture.......... ... . . . i 106
System of workspaces . ....... ... .. 107

Folding multiple instances of an interaction protocol to a single

Petrimet . ... 121
Coarse Petri net model N, of multi-phase agreement finding

(MPAF ) . 122
Detailed Petri net model N,q of the MPAF labeling phase . ... ... 123
Invariant 1 of NVaf oo oo oi e 128
Invariant 2 of Nag -« oo oot 129
Invariants 3 and 4 of Nafip -+« oo vvviniiii i 130
Generic pick-up pattern 1: Alternative forward branching........ 130
Generic pick-up pattern 2: Synchronization .................... 131
Generic pick-up pattern 3: Alternative synchronization .......... 131
Proof graph for Theorem 6.4.1 ........ ... ... .. .. .. ....... 134
An MPAF instance for medical appointment scheduling ......... 136
Composable BDI Agent Architecture.......................... 143
Mental components and their relations ........................ 149
Interaction of the intention scheduler and an intention via the

intention execution state ......... ... ... i i 150
Update transition in sensing .......... ... .. ... .. .. 152
Create transition in thinking .......... ... ... .. .. ... ..., 153
Select transition in thinking ........... ... ... .. .. . L. 154
Commit transition in thinking ......... ... ... ... .. ... .. .. 155

Execute transition in acting. .......... .. .. ... . o L. 156



List of Figures XVII

7.9 Exemplified run of the intention scheduler with two top-level in-
TeNbIONS . . .o
7.10 Initializing a new composable BDI agent ......................
7.11 Composable BDI agents in the MPAF propagation phase ........
7.12 Composable BDI agents in the MPAF labeling phase............

8.1 Solving constraint problems using DACSA and a CLP solver.....
8.2 Distribution-aware constraint specification architecture..........

9.1 AUREQ®N controller rendered as a typical closed-loop controller . . . .
9.2 Finite state machine of CBeliefOwnReconfiguration...........
9.3 Finite state machine of CBeliefForeignReconfiguration.......
9.4 Representing communication effort in a log tree ................
9.5 Optimal bisection of Fig. 4.6 .......... ... .. o ..
9.6 Case retrieval net for making decisions in agent melting .........
9.7 Petri net model Ny, of preparing an agent melting .............
9.8 Preparing an agent melting in composable BDI agents ..........
9.9 Petri net model Ny, of executing an agent melting .............
9.10 Executing an agent melting in composable BDI agents ..........
9.11 Practical impact of agent melting and splitting to quality and
efficiency ....... ..

10.1 Interaction of evaluation tools.............. ... ... ...........
10.2 Hospital simulator . ......... .. ...
10.3 Monitoring using the system monitor and log files ..............
10.4 Plan vIEWer . .. ..ottt
10.5 The two extremes of configuration ............. ... ... ... .....
10.6 Melting patient agents with diagnostic unit agents ..............
10.7 Melting patient agents with diagnostic unit agents and finally di-
agnostic unit agents .......... ... L i
10.8 Final configuration resulting from autonomous dynamic reconfig-
Urabion . ..o
10.9 Comparing mean patient calendar density and mean make span . .
10.10Comparing mean diagnostic unit calendar density and patient
throughput . ...
10.11Comparing message exchange and runtime.....................
10.12Comparing solver calls and solver time ........................



List of Algorithms and Interfaces

4.1

7.1
7.2
7.3
7.4
7.5
7.6
7.7
7.8
7.9
7.10
7.11

8.1
8.2
8.3
8.4
8.5
8.6
8.7
8.8
8.9
8.10
8.11
8.12
8.13
8.14
8.15

9.1
9.2

IIntentionExecutionState............ ... . ... . ... .. ...
update in SeNSING . ... ..ottt e
create in thinking ........ .. ... .. .. . . .
select in thinking ........ .. .. .. .. .. i
commit in thinking ....... ... .. .. L
executeinacting ......... ... . ... ... il
schedule in acting . .........oiiiiini i

IConstraintObject ......... ... ... .. .. ... .. ... ... ...,
IConstraintFactory ......... ... ... . . .. . .. i
I0ptimizationObject ....... ... .. ... i
I0ptimizationFactory ........... ... .. ... .. ... . . .. ...
ISolutionObject ........ ... ... .. ..
ISolutionAlternatives ............ ...,
ISolutionFactory ......... .. ...
produceSolutionObjects ......... ... . ... . . i
query apps (7.) in the MPAF propagation phase............
producelnternalElements ............. ... ... ... ... .. ....
make proposals (12.) in the MPAF propagation phase ......

evaluate proposals (15./16.) in the MPAF labeling phase ..
evaluate requests (22./23.) in the MPAF labeling phase ...
evaluate answer (25./26.) in the MPAF labeling phase .. ...

retrieve used in the melting case retrieval nets.............
Choosing the best neighbor to melt with ...................



List of Tables

6.1 Symbols used in Fig. 6.3........ .. i 124

9.1 Symbols used in Fig. 9.7.. ... ... . 208

Symbols and abbreviations used throughout the book ........ 241



1. Overview

1.1 Motivation and Targets

Solving problems in the most general sense is a common task in everyday
life. Often, a single individual lacks the knowledge, resources or skills to solve
a problem at hand. A typical and successful resort is collaboration, which
includes both delegation as well as cooperation. Collaboration is inevitably
based on a distribution of problem solving knowledge, goals, resources and
skills. This distribution is what we call configuration throughout this work.
That the configuration is critical in human collaboration is shown by the

following case study from [109].

IBM Credit Corporation is in the business of providing financing to
IBM customers for their purchases of hardware, software and services.
Salespeople would call IBM Credit requesting a deal whenever they
had a customer in a position to buy. It took IBM Credit from 6 days
to two weeks to issue credit. Often they would lose customers during
the lengthy approval process. Initially, to fix this process, IBM put
computer terminals on everyone’s desk to pass information electron-
ically. Next they attempted queuing theory and linear programming
techniques. Finally they tried setting rigid factory-like performance
standards for each employee involved in the credit approval process.
In each instance their changes failed to reduce the time it took to
approve credit applications.
Finally, IBM Credit had a brainstorm. Executives took a financing
request and walked through all ladders in the approval process, ask-
ing personnel in each of the involved offices to put aside what they
were doing and to process this request as they normally would, only
without the delay of having it sit in a pile on someone’s desk. Actu-
ally, they went through the following five steps.
— A request was received by an IBM credit representative, and details
were transcribed on a paper form.
— The paper form was carried to the credit department where a spe-
cialist entered information about the deal into a computer system
and checked the customer’s credit worthiness. The results of the

M. Hannebauer: Autonomous Dynamic Reconfiguration..., LNAI 2427, pp. 3-8, 2002.
(© Springer-Verlag Berlin Heidelberg 2002



4 1. Overview

check were written on the paper form, which was passed on to the
business practices department.

— Using another computer system, an expert in the business prac-
tices department modified the standard loan contract, adding ap-
propriate special clauses for this request. The revised contract was
printed out and attached to the request form, which was passed
on to pricing.

— A specialist in pricing would type the appropriate information into
a spreadsheet to establish the interest rate that should be charged.
This rate was written on the request form and passed on to an
administrator.

— The administrator transcribed the appropriate information from
the request form and created a formal quote letter which was sent
by courier to the sales representative.

The executives learned from their experiments that performing the
actual work took in total only 90 minutes. The remainder, now more
than seven days on the average — was consumed by handing the form
from one department to the next. In the end, IBM Credit replaced its
specialists — the credit checkers, pricers, etc. with generalists. Now
instead of sending an application from office to office, one person,
called a deal structurer, processes the entire application from begin-
ning to end. After this change, the process only took some hours
and IBM credit achieved a minor head-count reduction while simul-
taneously accommodating an increase in deal volume of one hundred
times.

Picking up the paragon of human collaboration for artificial systems, the
major assumption of this work is therefore that the success of solving a com-
mon problem collaboratively decisively depends on a reasonable configura-
tion. The motivation for this book is the observation that today’s collabora-
tive problem solving systems often fail because of the wrong configuration.
In this context, to fail means to produce incorrect solutions, solutions of an
unacceptable bad quality or to spend unreasonable time and resources. The
target of this work is to deal with this difficulty, and more precisely, to im-
prove the process of collaborative problem solving not by tuning the process
itself, but by adaptively adjusting the configuration, i.e. by adaptive recon-
figuration. A further target of this book is to explore mechanisms to make
this adjustment dynamically and autonomously. Altogether, this leads to the
notion of autonomous dynamic reconfiguration (AUREON).

In contrast to many other approaches, our approach resides mainly on
the individual (micro-)level of behavior rather on the social (macro-)level [5],
because the decision to equip an individual with a different set of knowledge,
goals, resources and skills often affects the individual directly and immedi-
ately. Nevertheless, these micro-level decisions have a considerable impact on
the macro-level. Using the concept of collaboration and autonomous dynamic
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reconfiguration to design the interactions between artificial entities has the
potential for yielding two quite different principal insights.

— Understanding natural organizational behavior. The range for exploring
different configurations is much greater in artificial systems of problem
solvers than in natural systems. Hence, autonomous dynamic reconfigu-
ration can be used to quickly assess configurations that are costly and
complicated to implement in natural systems.

— Building flexible and efficient distributed systems. As we will prove in this
book, autonomous dynamic reconfiguration is a suitable means to build
distributed or collaborative systems that are flexible in the given problems
and efficient in compute time and resource usage.

The main idea of this book is the introduction of two individual recon-
figuration operations called agent melting and agent splitting. Given that
artificial problem solvers are called agents, agent melting means unifying the
problem solving knowledge, goals, resources and skills of two or more agents
in a single agent. Conversely, agent splitting denotes a process in which a
single agent splits its problem solving knowledge, goals, resources and skills
and hands it over to one or more new or existing agents.

The potential of using this idea is high. It can be applied to various do-
mains of collaborative problem solving, including information-dense domains,
such as document or workflow management. Despite this generic potential,
we have decided to concentrate on solving mathematical problems in general
or combinatorial constraint optimization problems in particular to keep the
book focussed and the results measurable. This decision does not imply that
other possible application scenarios for autonomous dynamic reconfiguration
are not interesting. In fact, the concept and techniques of autonomous dy-
namic reconfiguration can be of use for the improvement of any collaborative
problem solving system that benefits from a better configuration, i.e. a better
data and process distribution. Nevertheless, in this book we propose a special
collaborative problem solving approach and show the strength of autonomous
dynamic reconfiguration for improving it.

1.2 Core Contributions of the Book

1.2.1 Theoretical Foundations

Based on previous work in modeling and solving mathematical satisfaction
and optimization problems, we have developed a novel model for distributed
constraint satisfaction and optimization problems that contains the notion of
a configuration as a key component and is hence more flexible than any ex-
isting model for such problems. Using set theory, we have made different dis-
tributed constraint problems comparable based on their abstract tractability
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by a given distributed constraint processing approach. The proposed com-
parators form equivalence and partial order relations. In addition, we have
demonstrated that this model can be successfully used to model a realistic
problem from the domain of medical appointment scheduling.

The problem of finding a suitable configuration for a given constraint
problem has been concisely formalized using the constraint problem model
itself. As for the complexity analysis, the AUREN problem has been proven
to be N P-hard using a reduction of the Minimum Bisection graph problem.
We have related the structure of the search space of the AURE(ON problem
to partitions and shown that it forms a lattice with zero and one element.
This special structure allows an elegant definition of agent melting and agent
splitting as operations on equivalence relations. Based on this formalization,
we have proven that agent melting and agent splitting retain the structure
of the search space of the AURE(N problem and that they have a severe
impact on the quality and efficiency of the underlying collaborative constraint
processing approach. In addition, we could prove that they are sufficient to
solve any AURE(N problem and that they can be used concurrently.

1.2.2 Practical Concepts

We have developed novel practical concepts towards a complete micro- and
macro-level foundation for a correct, high-quality and efficient collabora-
tive problem solving process. General facilities for agent communication
and management as well as special purpose protocols, such as multi-phase
agreement finding (MPAF) for external constraint processing, have been de-
signed. MPAF has been proven to be terminating and correct. A new compos-
able belief-desire-intention agent architecture has been proposed that allows
the dynamic exchange of domain-dependent mental components that com-
municate with a generic reasoning framework via standardized interfaces.
Some of these mental components implement our approach to a correct and
complete internal constraint processing approach, i.e. the integration of the
distribution-aware constraint specification architecture (DACSA) with an off-
the-shelf constraint logic programming language. All these concepts are fully
enabled for autonomous dynamic reconfiguration.

For integrating the various practical concepts and for controlling the au-
tonomous and dynamic usage of the reconfiguration operations, we have de-
veloped special mental components for representing the control input by self-
observation and observation, for making decisions when and how to split
or melt and for enacting agent splitting and melting. The control decisions
are made using the internal constraint processing facilities and additionally
a form of case-based reasoning. The control actions are enacted by a spe-
cial commitment-based protocol with crosstalk detection that ensures safe
concurrent agent melting operations.
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1.2.3 Assessment

All the presented concepts have been prototypically implemented in a large
system. Evaluation means for test set generation, simulation and monitoring
have been developed. We have set up a realistic testing scenario inspired by
our case study in medical appointment scheduling. Extensive experiments,
in which we have measured four quality criteria and four efficiency crite-
ria, have been performed. These experiments show that the collaborative
problem solving process is functional, produces high-quality results and is
efficient. Moreover, the experiments prove that autonomous dynamic recon-
figuration is functional, can improve the quality of the collaborative problem
solving process partially by more than 20 percent and can more than halve
the communication effort. In fact, the collaborative problem solving system
using autonomous dynamic reconfiguration can match the quality of a central
approach and is more efficient.

1.3 Book Outline

The book is divided into four major parts. Following this introductory part,
the second part presents theoretical foundations. The third part discusses
practical concepts to realize AURE(ON and the final, fourth part deals with
assessment.

The book starts in Chap. 2 with a thorough introduction to the underlying
concepts of collaborative problem solving, its merits and pitfalls. Influential
basics of constraint technology and agent technology are referred to and com-
bined. Autonomous dynamic reconfiguration is informally introduced and an
integrative view on the theoretical and practical contributions of the book is
provided.

Part IT lays the theoretical foundations for collaborative problem solving
and autonomous dynamic reconfiguration. In Chap. 3, distributed constraint
problems are identified as constraint problems augmented by a configuration
and are made comparable. The case study in medical appointment scheduling,
which is used throughout the work, is formally presented.

In Chap. 4 the problem of finding a good configuration for a given dis-
tributed constraint optimization problem is formalized and proven to be N P-
hard. The controlled usage of agent melting and agent splitting is motivated
and formalized as a suitable means to cope with this problem.

Part III presents all practical concepts for enabling collaborative prob-
lem solving together with autonomous dynamic reconfiguration. Chapter 5
presents all conceptual and technical prerequisites for agent communication
and agent management.

In Chap. 6 the external constraint processing approach is presented, which
has been assumed to exist in the theoretical part of the work. The multi-phase
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agreement finding protocol is presented and (based on its representation as
an algebraic Petri net) proven to terminate and to be correct.

Chapter 7 presents the micro-level architecture used to control AURE(ON
agents. The presented composable BDI agents are a fusion of mental compo-
nents, representing the domain-specific beliefs, desires, goals and intentions
of an intelligent agent, and a generic BDI reasoning kernel that operates on
the mental components only via interfaces.

Chapter 8 deals with the internal constraint processing approach, which
has also been assumed to exist in the theoretical part of the book. The
distribution-aware constraint specification architecture is explained that is
used to flexibly feed an off-the-shelf constraint solver with domain informa-
tion.

Chapter 9 describes how all the techniques presented in the other chapters
can be combined to solve the AURE(ON problem by realizing and controlling
the AURE(ON core concepts agent melting and agent splitting. Control input,
control decision making and control actions are discussed in detail.

In the final Part IV it is assessed, whether the statements made in the
theoretical part can be proven using the concepts from the practical part.
In Chap. 10 the targets and means of evaluation are presented. Based on
the discussion of a realistic test scenario, convincing results in functionality,
quality and efficiency are reported, which show that autonomous dynamic
reconfiguration is very successful in improving collaborative problem solving.
The assessment ends with concluding remarks and notes on future work in
Chap. 11.

Appendix A provides a table of all important symbols used in the the-
oretical parts of this work. Appendices B, C and D provide complementary
material for Chapters 5, 8 and 10.



2. Basics of Collaborative Problem Solving

Based on a brief review of the state of the art, it is argued
that the abstract concept of “collaborative problem solving” is
a merger of the two concepts “problem solving” and “collabo-
ration”. Though this seems immediately obvious, this fact also
holds for the more formal model layer, namely “distributed
constraint problems” as a unification of “constraint problems”
and “multi-agent systems”, as well as for the technological
layer, namely “distributed constraint technology” as a junc-
tion of “constraint technology” and “agent technology”. In ad-
dition, we discuss pitfalls of collaborative problem solving and
introduce autonomous dynamic reconfiguration as a means to
improve it.

2.1 Concepts, Models and Technologies

Research in Artificial Intelligence often follows a path of thinking that starts
at taking paragons from real life to create concepts, find appropriate abstrac-
tions to model these concepts in a mathematically sound representation and
finally invent technologies to work on these representations. Therefore, the
main target of this work is to

— model the abstract concept of collaborative problem solving appropriately
and in a mathematically sound way,

— provide technologies to efficiently work on the model of collaborative prob-
lem solving,

and most prominently to

— improve the quality and efficiency of collaborative problem solving by
means of autonomous dynamic reconfiguration.

To elaborate on the basics of collaborative problem solving, we will de-
compose the notion of “collaborative problem solving” into its two building
blocks “problem solving” and “collaboration” and investigate their concepts,

M. Hannebauer: Autonomous Dynamic Reconfiguration..., LNAI 2427, pp. 9-24, 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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Fig. 2.1. Concepts, models and technologies related to collaborative problem solv-

ing and its improvement

models and technologies as well as potentials for merging them. Figure 2.1
gives an overview to this approach and names the chapters in which the ac-
cording contributions are discussed in detail. The following sections provide
short introductions to the components of this work, including a brief review
of the state of the art. The citations in these sections are only meant to lay
a foundation for understanding the rest of the work. More precise reviews of
the related work can be found in the introductory sections of the according

chapters.
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2.2 From Problem Solving to Constraint Technology

2.2.1 Problem Solving

A formal explication of problem solving is given following [6].

Given a problem domain specification X and a set of problem con-
ditions C, problem solving means to find a composition of elements
from X that satisfies all conditions in C.

Concepts, models and techniques for problem solving can be seen as the
main concern of Artificial Intelligence. In this tradition, classical Artificial
Intelligence has initially tried to specify a problem, i.e. its domain X and
conditions C', in the most generic and declarative way, represent it according
to a certain operational model of problem solving and solve it by using a
“general problem solver”. The name of one of the earliest running systems
in Artificial Intelligence, GPS (general problem solver, [68]), reflects this phi-
losophy exactly. The domain X was usually modeled as a certain state space
with operators leading from one state to another. The basic techniques used
to explore this space of states and operators were frequently based on search
procedures [163]. Today it seems to be evident that the goal of GPS — to
create a single technique or engine for all problems — cannot be reached. This
is because domain knowledge has proven to be extremely important in de-
signing efficient problem solving techniques. Several other systems were built
to avoid the failure of the GPS approach, solving problems by combining
domain-specific rules. OPS5 [82] is among the most prominent representa-
tives of such rule-based systems; theorem provers and expert systems are
relatives.

In the mentioned systems, search was used in the domain X, represented
for example by rules, to generate possible solutions to the given problem
and then test them against the specified conditions from C. This usage of
the knowledge about C is a posteriori. Experiences in using the first Artifi-
cial Intelligence systems showed that the general problem solving techniques
could seldom compete with tailored solutions from other research communi-
ties. In many cases, this followed from the failure of those systems to exploit
the knowledge about the conditions C' in an a priori way to guide the search
for a solution into the proper direction. Hence, the target of modern Artifi-
cial Intelligence research has switched from building general purpose solvers
to building special purpose solvers that are able to incorporate as early as
possible domain-specific knowledge and problem solving methods from other
research communities into the search process.

Since we will mainly consider problems known from mathematical op-
timization in this work, we have to pay attention to the results that have
been established in this area. The target is to unify the generality of Artifi-
cial Intelligence style problem solving with the power of customized methods
for mathematical optimization, covering the three layers of concepts, models
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and technologies. At least two scientific disciplines apart from Artificial Intel-
ligence have contributed to the solving of mathematically modeled problems:
Optimization/Discrete Mathematics and Operations Research. These disci-
plines share a common approach towards solving real life problems by means
of Mathematics. [87] characterizes the objective of Operations Research as
the search for efficient algorithms on abstract problem representations. The
problem is usually that these abstract problem representations are opera-
tional in character. That means that they are tailored to a certain algorithm
and cannot be used to specify a problem in a declarative way that can be used
by several algorithms or even by different algorithms that are interleaved. In
this work, therefore, we are after a problem model that is declarative in na-
ture and allows the application of a combination of several algorithms from
Operations Research and Mathematics with a problem solving framework
from Artificial Intelligence.

2.2.2 Constraint Problems

Mathematics, Operations Research and Artificial Intelligence have often tack-
led the same problems. Viewing these problems from a purely declarative
point, leaving out any influential factors from the operational point of view,
they very often can be described by the model of constraint problems. This
is also true for many famous mathematical problems, such as Diophantine
equations, or equations in physics and chemistry. In the model of constraint
problems, problems are represented by a set of alternative choices. These
choices are modeled by variables that range over sets of possible values. The
variables together with their possible values can be identified with the prob-
lem domain specification X in our initial explication of problem solving. Dif-
ferent possible solutions to the given problem can be generated by choosing
for each variable a value from its set of possible values. This choice of values
is additionally restricted according to given relations among variables. The
set of relations is denoted by C' just as the set of conditions in our initial
explication of problem solving. In addition, the choice of values may be sub-
ject to a certain measure of preference. Choices satisfying all restrictions are
called consistent, all other choices are called inconsistent. More details will
be given in Sect. 3.3.

2.2.3 Constraint Technology

The model of constraint problems has not only made possible a merger of
views on the declarative side, but also on the operational side. General con-
straint problems are undecidable as can be seen by the Diophantine equations
example. Even in the case of finite value sets, constraint problems (called com-
binatorial problems in this case) still remain hard to solve. They are often
NP-hard (the famous SAT-problem [90] can be formulated as a constraint
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problem with finite value sets). Despite these facts, constraint technology has
been successful in dealing with real-world instances of constraint problems
by combining major achievements in Mathematical Optimization and Opera-
tions Research, such as linear programming [55, 56, 57] or (mized) integer pro-
gramming [104, 202, 223], with achievements in Artificial Intelligence, such as
constraint propagation and consistency [191, 256, 179, 85] and heuristic search
[128]. This combination has even found its way into commercial software de-
velopment as it is shown by ILOGs concert technology [143], integrating the
linear and mixed integer programming based product CPLEX [144] and the
constraint propagation and search based product SOLVER [145].

Historically, constraint technology has its ancestors in SKETCHPAD [243]
and ThingLab [18]. Especially Artificial Intelligence researchers later com-
bined refinement search algorithms with logic programming [98]. This research
is referred to as constraint logic programming [147] and lead to systems such
as Prolog IT [51, 148], CHIP [63], Prolog-IITI [52], CLP(R) [150] and CLP(FD)
[46]. Related are also efforts to extend the constraint programming scheme
by concurrency [182, 221, 239], though these languages never had the same
impact as constraint logic programming languages, such as the recent systems
CHIP [206, 45], ECL'PS¢ [253], SICStus Prolog [244] and ILOG [145].

We can only give a shallow introduction to constraint technology here
and refer the interested reader to articles or textbooks such as [250, 47, 164,
248, 149, 89, 183, 10]. A very coarse classification distinguishes refinement
search from local search algorithms. Refinement search algorithms start from
an empty choice of values for variables and extend the choice sequentially by
adding further variable values, always keeping the choice consistent with the
restrictions. Local search algorithms start from a complete, often disallowed
choice of values for variables and try to improve the choice by changing values
gradually. In this work, we will focus on the first class, though many results
presented can also be applied to local search.

Today’s refinement constraint solvers are usually an aggregation of algo-
rithms for anticipating future inconsistencies in an a priori way and some
kind of search to navigate through the remaining search space. Since search
is expensive, it is important to detect inconsistencies as soon as possible and
guide the search into an area in which inconsistencies are unlikely. This is the
main purpose of consistency checking algorithms, e.g. look ahead algorithms,
and search heuristics. Given a constraint problem, consistency checking al-
gorithms try to deduce consequences of the restrictions to the value sets
of the variables and as such recognize potential future inconsistencies. The
strongest versions of consistency checking algorithms are theoretically able to
deduce all consequences of restrictions. However, these algorithms have ex-
ponential complexity. Therefore, weaker consistency algorithms are used in
constraint problem solvers that can only avoid some inconsistency situations.
They have to be combined with heuristic search methods, such as chronolog-
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tcal backtracking and its extensions. More on recent constraint technology is
presented in Sect. 8.2.

Constraint technology has been applied to a wide variety of real-world
problems. An overview including technical diagnosis, scheduling, machine
vision etc. can be found in [86] and [252]. Success stories in our laboratory
include job shop scheduling [102, 99], configuration [155, 156], timetabling
[103] and rostering [1, 222].

2.3 From Collaboration to Agent Technology

2.3.1 Collaboration

Merriam-Webster’s Collegiate Dictionary defines

collaborate: to work jointly with others or together especially in an
intellectual endeavor

From a theoretical point of view, almost any given problem could be dealt
with by a single entity. So why do people collaborate? As we all know, there
are several good reasons for collaboration between natural entities. We will
investigate four important ones according to their applicability to artificial
entities.

Knowledge. In many real-world settings, people often do not possess the
knowledge to solve a problem on their own. The necessary knowledge
may be unreachable, e.g. because of spatial distribution, or it may be too
costly to acquire it. The same holds for solving constraint problems and
artificial entities. The information on variables, values and restrictions
is very often spatially distributed among different natural organizational
units. To facilitate a central problem solver, one would have to collect all
this information from the many sources, combine it, solve the problem
and again distribute the solution pieces among the different users. Hence,
even in case of a central problem solving entity, one has to cope with
communication and information consistency problems.

Competence. Social structures, such as in enterprises or in supply networks
of different enterprises, create heterogeneous fields of competencies and
influences. A single person may simply lack the power to solve a given
problem or to enact its solution. The situation in artificial entities is sim-
ilar. Few executives of organizational units accept transferring all their
process data to other organizational units for global control. Even less
do they accept automatic control over their units’ processes by a cen-
tral authority. For acceptance, there have to be secure interfaces between
realms of competence that only let authorized and restricted information
pass. Decisions on processes have to be done at the same locations of
competence where these processes are enacted in reality.
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Scalability. Typically, a single entity only has limited time of attention. The
work-load that can be assigned to an entity either by someone else or by
itself is not infinitely scalable. Though today’s computers increase in com-
pute and storage capabilities quite quickly, the core problem of limited
local resources will most likely remain since it resides on the layer of the
used computation models. This is especially true when solving complex
combinatorial problems. Constraint problems of real-world size tend to
be too complex to be solved efficiently by a single central approach, be-
cause monolithic systems often scale poorly in the size of variables and
restrictions.

Reliability. Assigning all pieces of a complex problem to a single person
entails that the failure of this person in solving the problem means a
general failure. Similarly, a crash of a central solver or missing connectiv-
ity would influence the whole enterprise connected to and controlled by
the solver, in the end leading to chaos. In contrast to that, collaborative
systems are said to be more robust, since the failure of a single entity
does not necessarily mean the failure of the whole system.

Because of knowledge requirements, competence, scalability and reliabil-
ity, people decompose, distribute, delegate and replicate problems. They solve
problems collaboratively and are successful in doing so. This paragon has
stimulated research in computer science from the beginning on. Partitioning
a problem and searching for a solution composed from solutions of detached
sub-problems is a classical approach in general (divide and conquer) and in
parallel or distributed computing in particular. The discipline of Distributed
Artificial Intelligence [16, 193] adds the component that Merriam-Webster
calls collaboration in an “intellectual endeavor”. Just as Artificial Intelligence
has picked up results from Psychology and Cognitive Science, Distributed Ar-
tificial Intelligence picks up results from Sociology and Economics to enhance
the efficiency, quality and stability of problem solving systems. And as well
as Artificial Intelligence concentrates on problems that are hard to solve for
a single intellectual entity, Distributed Artificial Intelligence concentrates on
problems that are hard to solve for communities of intelligent entities.

2.3.2 Multi-agent Systems

In Distributed Artificial Intelligence, the intelligent entities are called intel-
ligent agents [142, 153, 197, 36]. A seminal work and basis for the research
on intelligent agents has been the investigation of open systems by Hewitt
[135]. He identifies certain key properties of natural environments for socially
integrated information technology: extensibility, continuous operation, asyn-
chronocity, concurrency, decentralized control, inconsistent information and
local action. Inspired by the notion of open systems, Distributed Artificial
Intelligence evolved with the target to cope with this kind of environment.
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In the early years, systems could be mainly categorized as distributed prob-
lem solving systems [238, 16]. Distributed problem solving systems aim at
solving a global problem in a distributed manner. The entities of such sys-
tems are typically altruistic, i.e. they willingly accept tasks assigned to them
in a client-server manner. The form of organization in distributed problem
solving systems is usually restricted since collaboration relations are often
predetermined and fixed. Hence, the entities use their intelligence to solve
the assigned problems, not to build up the collaboration patterns.

In particular the latter has pushed forward research in the more re-
cent area of Distributed Artificial Intelligence, namely multi-agent systems
[11, 236, 257, 71, 20]. The entities of a multi-agent system act much more
autonomously than in distributed problem solving and are not necessarily
interested in achieving a common goal. From the beginning on, they are
designed according to the following principles: autonomy, rationality, collab-
oration, social behavior and sometimes mobility. Collaboration is subject to
a reasoning process and has to be motivated. Therefore, though there may
several other models of collaboration, multi-agent systems model our un-
derstanding of collaboration as a joint process between intelligent, probably
virtual entities quite well.

The notion of an intelligent agent has not clearly been defined so far
because it is used in several contexts and always with quite different mean-
ings. An initial step towards a taxonomy can be found in [84]. An earlier
characterization [215] meets our intuition about intelligent agents quite well.

“We want our agents to faithfully act as our surrogates in encounters
with other agents.”

This is more a specification than a definition, just as the Turing test can
be seen as a specification for intelligence. To get a more operational notion
of an intelligent agent we will use the following explication that assumes the
usage of “intelligent techniques” within an intelligent agent. This explication
rules out purely reactive agents and is quite restrictive regarding the basis of
the internal reasoning procedure.

An intelligent agent is an entity that acts autonomously and goal-
directed on behalf of another entity and uses intelligent techniques
to do so.

As soon as several intelligent agents share a common resource and com-
municate about its usage or are involved in a common process, they form a
multi-agent system. Please note that the following explication is narrower
than common formulations in Distributed Artificial Intelligence research,
since we restrict multi-agent systems to consist of agents that are intelligent
and collaborate.

A multi-agent system is a set of collaborating intelligent agents.
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2.3.3 Agent Technology

The techniques used to realize intelligent agents and multi-agent systems
are subsumed under the term agent technology. These techniques range from
technical matters such as message passing protocols and management of the
life-cycle of agents, over classical Artificial Intelligence issues, such as syntax
and semantics of communication, problem solver architectures and reasoning
techniques to the analysis and control of organizational aspects in multi-agent
systems. Because agent technology covers a broader spectrum of research, its
development has not yet reached the same maturity as constraint technology.
Commercial tools and applications are quite rare. More details on the state of
the art in agent communication, interaction and management can be found
in Sect. 5.2. Related work in agent architectures and the according reason-
ing techniques is presented in Sect. 7.2. Research on agent organization is
summarized in Sect. 4.2.

Because research in applications of multi-agent systems is closely related
to the kind of practical research in this work, we investigate applications of
agent technology to a higher degree of detail than those of constraint technol-
ogy. Intelligent agents have traditionally been considered for the control and
optimization of industrial transport and production processes. Examples for
such research can be found in [246, 171, 29, 107, 188, 43, 129, 173, 260]. A de-
tailed survey is given in [230]. Some results of applying agents to domains of
administration and service are reported in the fields of process management
[154], telecommunications [152, 4], personal meeting scheduling and health
care management. We will focus on the latter two areas, since they are related
to our case study, which will be introduced in Sect. 3.6.

Among the earliest research on distributed meeting scheduling is the work
of Sen and Durfee. Their contributions have focused on a formal study of
search biases by facilitating one host agent for every meeting that controls
the search for solutions [226, 225, 227]. For coordination the agents use a
contract-net-like protocol [238]. The main part of Sen’s and Durfee’s work
is the formal and experimental study of different strategies for announcing,
bidding and commitment.

Meeting scheduling investigated by Liu and Sycara [172] focuses on taking
into account individual preferences and dynamic constraint changes. They
use a multi-round coordination protocol in which the current administrator
of the meeting dynamically changes according to constraint tightness. This
protocol may be well suited for symmetrical groups but is not as good for
socially structured groups. The work of Liu and Sycara has been extended in
[92]. Building upon the protocols of [172] the authors primarily investigate
matters of privacy and information hiding in negotiation and their impact
on efficiency and quality. However, they test their approach in a very small
setting consisting of three agents negotiating about meetings on three three-
hour days. It may be arguable whether their results can easily be scaled up
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to real-life size problems, which are encountered by the concepts presented
in this work.

Besides classical AT approaches, like monolithic expert and planning sys-
tems, image recognition and others, intelligent agents have been applied to
health care management more or less successfully. An application of agent
technology can be found in the integration of heterogeneous databases using
a meta language for content descriptions [208]. A similar project has been de-
scribed in [141]. In their approach, agents model the knowledge and resources
of other agents to handle database transactions.

An extended GRATE* [151] architecture has been used in the AADCare
project [139, 138] to manage medical processes. The system is implemented
in PROLOG and facilitates a rule-based reasoning procedure on unreliable
knowledge. In [83] Fox and others present a description language, called PRO-
forma, that has been used in the PROMPT project for formal knowledge and
process representation. Solotorevsky and Gudes have applied their constraint
approach to time tabling in hospitals [240]. Decker and Li apply their gen-
eralized partial global planning approach to patient scheduling [60]. They
try to conserve the given human organization and authority structures and
use a rather simple bidding protocol to coordinate resource requests. They
announce that they will investigate more complex protocols like multi-stage
negotiation [53] in future work.

2.4 From Collaborative Problem Solving
to Distributed Constraint Technology

2.4.1 Collaborative Problem Solving

As outlined in the previous section, intelligent agents may experience situa-
tions in which collaboration becomes necessary. The investigation of typical
application scenarios underpins this demand for collaboration, at least for the
time needed to achieve a common goal. Not surprisingly, we call the process in
which intelligent agents collaborate to solve a common problem collaborative
problem solving.

Collaborative problem solving denotes a process in which a set of
intelligent agents jointly works on finding a solution to a common
problem.

Following the explications of the notions “problem solving” and “multi-
agent systems” as we use them in this work, we can state that collaborative
problem solving emerges in any multi-agent system with at least one common
problem.

So why don’t we use the term “distributed problem solving” and rather
create a new one? This is because distributed problem solving is a relatively
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fixed term in Distributed Artificial Intelligence and its usage does not meet
our understanding of collaboration in problem solving. We assume the orga-
nization of the intelligent agents in a multi-agent system to be undetermined
in the beginning of the problem solving process and to dynamically evolve
over time. In contrast to that, though distributed problem solving allows
some flexibility in choosing contractors for contracts, the relation between
problem solving entities is usually rigid, often involving one principal and a
set of contractors. In classical distributed problem solving systems this rela-
tion does not change over time. Additionally, in distributed problem solving
the common problem is by definition “common”. It can be decomposed and
its solution can be distributed easily. In contrast, in collaborative problem
solving the decision to make a single agent’s problem a common problem is a
matter of reasoning. A common problem does not have to be “common” from
the beginning of its specification on. In fact, the problem of a single agent
may become the common problem of two or more agents due to the reasons
given in the previous section and therefore by decomposition, distribution,
delegation or replication. Therefore, to avoid stressing a commonly accepted
term such as distributed problem solving too much by adding further im-
portant properties, we have decided to use the term “collaborative problem
solving”, instead.

As a second point of consideration, why is “collaborative problem solv-
ing” a specialization of collaboration? Collaboration is a very general term
for intelligent entities that collaborate. It does not specify why the entities
collaborate. It may be the case that all entities are purely rational and have
to be convinced to collaborate by carefully engineered social rules that ensure
that collaborative behavior has its merits over competitive behavior (refer to
social engineering [215]). On the other hand, it may be the case that some
entities are altruistic, i.e. that they willingly accept all requests for collabo-
ration. This range of behavior is covered by collaboration and researchers in
this field have to carefully handle motivations for collaboration. In contrast,
we assume that in “collaborative problem solving” the motivation for collab-
oration is given implicitly by the common problem. We further assume that
as soon as a set of intelligent entities has accepted a problem to be a common
problem, it willingly accepts collaboration to solve it. This is why the concept
of collaborative problem solving seems to fit better in closed systems where
common problems can easily be defined from the closed system objective.
But collaborative problem solving is not just a concept for closed systems.
As already discussed, in open systems common problems may arise as well,
but the motivation for accepting a problem as common is more difficult to
find.

To sum up, the crucial point of collaborative problem solving is the com-
mon problem. In contrast to distributed problem solving, common problems
may dynamically arise and vanish, and in extension to collaboration, the
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common problem is justification enough to collaborate without further mo-
tivation.

2.4.2 Distributed Constraint Problems

Finding a suitable model for collaborative problem solving is a demanding
task. It is one of the two main concerns of our theoretical work and will
be further elaborated in Chap. 3. For now it may be enough to ask for a
model that unifies the successful models of constraint problems for problem
solving and multi-agent systems as a model for collaboration. This unifica-
tion is called distributed constraint problems. Though the term “collaborative
constraint problems” would better fit our taxonomy, the model we will use
is very close to distributed constraint satisfaction problems [268]. Hence, we
decided to keep that term and not to conceal the relation.

2.4.3 Distributed Constraint Technology

To implement the model of distributed constraint problems by the according
techniques, we could try to extend only one technology to be suited to this
new joint model class. In fact, this has often been done. People from the con-
straint community have tried to extend classical search and constraint prop-
agation schemes to distributed settings that are very similar to our model of
distributed constraint problems (this will be discussed in detail in Sect. 6.2).
At the same time, people from the agents community have tried to extend
agents by giving them problem solving skills (this is the direction Distributed
Artificial Intelligence originated from) or conversely to build systems of many
agents without nearly any problem solving and collaboration skills, hoping
that intelligent problem solving capabilities emerge from the mere number
of interacting agents. Our experiences in the RoboCup soccer tournament
[40, 42, 119, 41] have proven that this can be true, i.e. that complex collabo-
rative behavior can emerge from more simple individualistic behavior (refer
also to [126] for an extensive discussion of the topic). Nevertheless, we have
also found out that this approach is limited as soon as certain guarantees on
the quality of the problem solving results are needed. Since this work con-
centrates on solving combinatorial problems, we have therefore decided not
only to integrate the models of constraint problems and multi-agent systems,
but also the techniques of constraint technology and agent technology using
the strengths of both. We call this merger distributed constraint technology.
Our distributed constraint technology makes contributions to four essen-
tial questions in collaborative problem solving modeled by distributed con-
straint problems. The first two questions stem from agent technology.

— How must the infrastructure of a multi-agent system be constructed to
support collaborative problem solving?
This question is answered in Chap. 5 by introducing the necessary means
for agent communication, agent interaction and agent management.
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— How must a single intelligent agent be constructed to participate in collab-
orative problem solving?
This question is answered in Chap. 7 by introducing the composable agent
architecture that allows to dynamically configure an intelligent agent by
plugging mental components into a generic reasoning cycle.

The second two questions stem from constraint technology.

— How do intelligent agents interact in the collaborative problem solving ef-
fort? (external problem solving)
This question is answered in Chap. 6 by introducing the multi-phase agree-
ment finding protocol (MPAF) with proven properties.

— How do intelligent agents involved in a collaborative problem solving effort
make decisions? (internal problem solving)
This question is answered in Chap. 8 by introducing the distribution-aware
constraint specification architecture (DACSA) that enables agents to flex-
ibly incorporate knowledge from other agents into their decision making
process.

2.5 Improving Collaborative Problem Solving

2.5.1 Pitfalls of Collaborative Problem Solving

Following the argumentation in Sect. 2.3, artificial entities often share the
need for collaboration with natural entities. Collaborative problem solving
enables collaboration in the realm of problem solving. Despite this enabling
property, collaborative problem solving has also major disadvantages. The
disadvantages are various and include also aspects from the software engi-
neering perspective, e.g. high development effort, inherent complexity and
difficult maintenance. In this work we will not discuss these kinds of prob-
lems but will focus on the behavior of collaborative problem solving systems.

Most current multi-agent systems we have mentioned in Sect. 2.3 use a
certain organization of agents that has been designed off-line by the system’s
engineer and stick to it over the complete problem solving process (see “7.2
You have too many agents” and “7.3 You have too few agents” in [264]).
Even in case the system engineer has been lucky and has selected a “good”
agent organization that currently defines the right balance between problem
decomposition and global overview, the organization of agents will fail when
the problem structure is not fully known in advance or changes dynamically
over time. Hence, in addition to the difficulty that finding a “good” agent
organization is a really hard engineering problem, the constructor of a collab-
orative problem solving system faces the fact that a single agent organization
may not be able to cope well with future problems.

In collaborative problem solving, the problem solving effort that has been
saved within the several problem solvers compared to an almighty central
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solver is transferred to the collaboration process. Due to this, foreign and
our own investigations have revealed a vast amount of communication in
collaborative problem solving (see Chap. 10). Depending on the structure
of the common problem and the granularity of the system design, problem
solvers tend to spend more time on communication than on solving actual
problems. This is because the problem solvers usually only care for very small
parts of the whole common problem. Hence, they can produce a solution to
their local problem very quickly but have to communicate a lot to ensure
that their local solution fits into the global objective.

A second disadvantage in the behavior of collaborative problem solving is
closely related. Taking only care for a very small part of the whole common
problem, a problem solver cannot incorporate much knowledge about the
dependencies between the problems assigned to different agents. Therefore,
it usually sticks to its local view or has to gather information about its
surrounding at great expense before making a decision. In optimization, a
lack of a global type of knowledge often leads to very bad optimization results.
On the other hand, the more global knowledge can be incorporated into the
search for a problem solution, the better the results and the less the search
effort. This rule of thumb explains why central problem solvers very often
produce much better results than collaborative problem solvers.

Considering the merits and pitfalls of collaborative problem solving, we
seem to face one of the well-known trade-offs. Central problem solvers are ef-
ficient and produce good optimization results, but fail in coping with knowl-
edge or other social competence restrictions and show weaknesses in scalabil-
ity and reliability. Collaborative problem solving systems can cope with the
latter demands, but yield a vast communication and collaboration overhead
and get stuck in sub-optimal solutions because of insufficient global knowl-
edge. Taking a closer look at this trade-off, all our problems seem to stem
from the organization of the problem solving agents — what we will later call
configuration.

2.5.2 The Idea of Autonomous Dynamic Reconfiguration

Because of these inherent difficulties with collaborative problem solving we
propose the idea of making the agent organization flexible and allow the
system to decide on its organization on its own. Our novel contribution at
this point is that we do not try to reorganize agents on the social level, such
as in team building or coalition formation, but on the individual level. An
individual reorganization of agents is possible and acceptable as soon as a set
of intelligent agents belongs to the same social realm, i.e. a somewhat closed
system such as a unique enterprise or organizational unit. This is quite a
restrictive demand, but it is the basis to achieve superior results compared
to social reorganization, because even in teams or coalitions agents have to
communicate and they cannot use as efficient problem solving techniques as
may be used within a unique agent. Hence, the idea of autonomous dynamic
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reconfiguration (AUREON for short) is to allow agents to autonomously and
dynamically apply two local operators on their organization — agent melting
and agent splitting.

Agent melting joins the knowledge, goals and skills of two agents and
forms a new agent that can proceed with the same knowledge, goals and skills
of the two former agents. In contrast to the two former agents, the new agent
is able to exploit more efficient internal problem solving methods and get
rid of the communication overhead that has hindered the two former agents.
Of course, agent melting cannot cross competence borders, but since we deal
with artificial entities, using agent melting we can investigate organizations
of agents that would not be possible in the case of natural entities.

Of course, we could try to apply agent melting several times and get rid of
the collaboration overhead completely. However, melting agents without any
restriction will sooner or later violate the assumptions we have made on the
limited competence and compute resources within a single agent. In practice,
we will even meet situations in which it is not only impossible to do another
agent melting but also impossible to keep the current agent organization be-
cause of a violation of the limited computing resource restriction. To handle
these situations, the second part of our concept is to allow an agent to de-
compose itself into two agents. This is agent splitting. It reduces the internal
problem solving complexity of an agent but will also yield more collaboration
effort.

Autonomous dynamic reconfiguration (AUREON) denotes a meta-
process interleaved with a collaborative problem solving process,
in which intelligent agents determine on their own the structure of
their organization on the individual level. This is done by melting
and splitting intelligent agents and such redistributing problem
solving knowledge, competence, goals and skills.

A sound theoretical basis for the AURE(ON problem and the two local oper-
ators agent melting and agent splitting is given in Chap. 4. It directly builds
upon our model of distributed constraint problems presented in Chap. 3 and
is hence situated at the model layer. In theory, we mainly investigate five
important aspects of autonomous dynamic reconfiguration.

Complexity. After a formal definition of the problem to find the proper
organization of intelligent agents given a common problem to solve col-
laboratively (the AURE@N problem), we investigate the time complexity
of this problem (Theorem 4.3.1).

Structure. To support further results on the impact and sufficiency of au-
tonomous dynamic reconfiguration we investigate the algebraic structure
of the AURE(N problem and prove important properties of the agent
melting and agent splitting operations (Theorem 4.4.1).

Impact. Based on the structural result we can discuss the impact of au-
tonomous dynamic reconfiguration, in particular of agent melting and
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Fig. 2.2. Overview to the main theorems and lemmata

agent splitting, on the collaborative problem solving process (Theorem
4.4.2).

Sufficiency. Based on the structural result we prove special sequences of
agent melting and agent splitting operations to be sufficient to solve any
AUREON problem (Theorem 4.4.3).

Concurrency. Finally, we prove that agent melting and agent splitting op-
erations can be applied concurrently to the same problem given that they
are independent in their parameters (Theorem 4.5.1).

Figure 2.2 relates the main lemmata, corollaries and theorems, and points to
the proper pages in Chap. 3 and Chap. 4.

As a meta-approach towards improving the collaborative problem solving
process, autonomous dynamic reconfiguration should run on-line without in-
terfering with the core problem solving process. All techniques we propose
in Chapters 5, 7, 6 and 8 in the framework of distributed constraint technol-
ogy have been tailored not only to efficiently support collaborative problem
solving but also to enable the AUREMN concept. This demand is discussed at
the very beginning of each of these practice-oriented chapters. In addition,
controlling the autonomous use of agent melting and agent splitting to reach
a suitable agent organization is a difficult task. We have therefore devoted
the complete Chap. 9 specificially to this problem and how to cope with it.



3. Distributed Constraint Problems —
A Model for Collaborative Problem Solving

In this chapter we motivate the selection of the distributed [121], [123],
constraint problem model for formalizing our understanding [113], [117],
of collaborative problem solving and introduce the basic con- [124]
straint satisfaction and optimization problem model. We inves-

tigate equivalence, reducibility and extensibility relations on

constraint problems, such make constraint problems compara-

ble and derive a formulation of correctness and completeness

of constraint processing approaches.

Distributed constraint problems are then identified as con-

straint problems augmented by a configuration that determines

equivalence classes among constraint problem elements and

leads to a completely technical understanding of agents as

equivalence class representatives. Finally, we present a case

study in medical appointment scheduling that will be used

throughout this work.

3.1 Requirements

Models for collaborative problem solving are nearly as numerous as models
for problem solving in general, since many centralistic problem solving meth-
ods have been recently adapted to the deployment in distributed environ-
ments or extended by parallel or distributed computing aspects. To support
the efficient enactment of collaborative problem solving we therefore have to
carefully select the model on which we build the process of problem solving.
To make a justified decision we have considered the following requirements
for a collaborative problem solving model.

— The model has to be theoretically well-founded such that important prop-
erties of problems and algorithms can be analytically investigated based
on this model.

— The model has to be sufficiently detailed to allow the representation of
problems that are commonly considered as being real-world problems in
size and quality.

— The model has to be sufficiently abstract to be computationally tractable.

M. Hannebauer: Autonomous Dynamic Reconfiguration..., LNAI 2427, pp. 27-57, 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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— The model should cover various aspects of collaboration such as altruistic
or rational behavior, artificial or natural distribution, flat or hierarchical
organization etc.

— The model should be flexible in extending it in size or quality without
changing the problem statement too much.

— The model should allow the seamless integration of various techniques and
heuristics from Artificial Intelligence, Operations Research, decision theory
and so on.

— The interface between parts of the model should be as simple as possible
while still being expressive. This is to support the collaboration of hetero-
geneous problem solvers.

— The model should allow for a unique interpretation of problem solving
processes within agents and between agents. Though this is not a necessary
requirement, it helps in deriving the global system behavior from the local
behavior of the agents.

Following these requirements we will briefly assess collaborative problem solv-
ing models commonly used and such motivate our decision to deploy the
distributed constraint problem model.

3.2 State of the Art

Most models in collaborative problem solving extend centralistic problem
solving models based on research in Artificial Intelligence, decision theory
or Mathematical Optimization. Typical classes of models include market-
based approaches that are sometimes related to game theory, distributed
planning approaches, distributed rule- and logic-based approaches, as well as
distributed constraint approaches.

Market-based approaches often base on some derivate of the contract net
protocol and its extensions [238, 219], multi-stage negotiation [53] or other
reproductions of human economical behaviors [254, 259, 258]. Most of them
do not build upon a general methodology. Instead, they rely on a more or less
detailed intuition about economic processes without working out what the
agents exactly do when making decisions, e.g. how to make proposals, how to
select among proposals and so on. A major difficulty with these approaches is
hence the lack of theoretical foundation. Additionally, the usually imprecise
definition of what constitutes economical behavior and how to communicate
about it yields a problem in interoperability of different market-based sys-
tems. A common ontology as a generic interface between problem solvers is
not at hand yet, though the notions of “money” or “value” seem to be good
starting points. On the other hand, economics has come up with formal mod-
els of economic interaction, in particular game theory including research on
two-player games, auctions and coalitions [217, 220, 218]. However, the gain
in formalism has also caused a lack in generality and flexibility. Usually, in
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game theory agents are assumed to be rational or economic. The disadvan-
tage is that any altruistic (or collaborative) behavior can only be enforced
by social rules [215], which make agent interaction more complex. Therefore,
the assumption of purely opportunistic behavior does not fully meet our goal
of collaborative problem solving.

In the last two decades, people from the Artificial Intelligence planning
community have tried to extend the various planning algorithms to dis-
tributed environments (see [66] for an overview). Partial global planning
[65, 60] or distributed hierarchical planning [67] is an example of this ef-
fort. Unfortunately, these extensions do not only inherit the advantages of
AT planning, namely a relatively sound theoretical foundation and a good
flexibility, but also its disadvantages. Problem models in AI planning are
usually tailored to a certain planning algorithm. Therefore, it is very diffi-
cult to integrate other methods for problem solving into these models. This
holds for the interfacing aspect between different planners, too. In addition,
AT planning problems are usually very difficult to solve. Tractability is hence
often restricted to quite small toy examples such as the blocks world.

Another line of research has been inspired by the classical expert systems
based on rules and logic (for an overview on logic-based reasoning in Dis-
tributed Artificial Intelligence refer to [237]). Theoretically well-founded, it
is often the case that the more the used logic is suitable to model real-world
problems the more it gets computationally intractable. Additionally, the vast
amount of different logics makes it difficult or even impossible for heteroge-
neous logic-based problem solvers to interact. Therefore, though logic-based
formalisms have their merits in providing sound foundations for agent com-
munication (as we will see in Chap. 5) or for agent reasoning (as we will see
in Chap. 7 on BDI reasoning), a pure logic-based problem model seems to
us to be too heavy-weight to fit our purpose of a model that can represent
real-world problems and allows for computationally tractable problem solving
algorithms.

Recently, researchers from the constraint satisfaction/optimization com-
munity have extended the constraint satisfaction problem model (CSP,
[256, 58, 180]) to a distributed setting, called distributed constraint satisfac-
tion problems (DCSPs) [50, 268, 108]. The DCSP model has the advantages
of being theoretically well-founded, not making any unnecessary assumptions
about the agents’ attitudes or the agent organization, allowing simple model
modification by adding or deleting problem elements, integrating methods
from several disciplines, making interfacing easy because of a simple, yet
powerful common ontology of problem elements (only variables and values)
and finally of unifying the realization of problem solving within an agent and
of problem solving among agents in a common framework. This will prove
valuable when we will discuss the possibility to establish a continuous tran-
sition between internal problem solving and external problem solving in the
next chapter. Unfortunately, research in DCSP solving has in most cases di-
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rectly succeeded CSP research considering mainly academic problems with
simple binary constraints and algorithms for very small instances. To over-
come this weakness, we will use a much broader notion of DCSPs in this
work. We will generalize the notion of configuration such that it can handle
any assignment of problem model elements to agents and extend the DCSP
model to distributed constraint optimization problems (DCOPs).

3.3 Constraint Problems

In problem solving one can usually distinguish situations in which one is only
interested in finding a single solution to a given problem, from situations
in which one is interested in finding a good or even the best solution to a
given problem provided an ordering criterion that defines the desirableness
of a solution. The model of constraint problems covers both classes of sit-
uations. The first class is modeled by constraint satisfaction problems, the
second one by constraint optimization problems. As we will see, the defini-
tion of constraint optimization problems bases on the definition of constraint
satisfaction problems.

3.3.1 Constraint Satisfaction Problems

In constraint satisfaction problems (CSPs for short), problems are analyzed
by identifying the atomic points of making a decision in the problem. Every
decision point is modeled by a variable. In addition, for every decision point
the possible alternatives in making a decision at that point are identified.
Every set of alternatives is directly associated with its decision point and
modeled by a set of possible values that the variable of the decision point can
take. The structure of the problem, the dependencies of making decisions,
i.e. the consequence of making a decision at a point on other decision points,
is modeled by relations between the value sets of the decision points. These
relations determine the allowed combinations of assigning values to variables,
i.e. the allowed combinations of choosing for each decision point exactly one
alternative from its set of alternatives. In CSPs, the sets of values are called
domains and the combination of a decision variable and its domain is con-
sequently called domain variable. Relations among the domains are called
constraints. Following this model, solving the problem is defined as assigning
each variable a value from its domain, such that the complete assignment is
allowed by all constraints. This process is called constraint satisfaction. To
use the wording of the initial problem, solving a CSP corresponds to choose
at each decision point an alternative from the set of its alternatives, such that
no choice of an alternative at another decision point is hindered according to
the given consequences.
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Example 3.5.1. Let’s consider the problem to produce a certain amount of
two products p; and po, which we will model by the domain variables
and xo, respectively. Marketing tells us that we have to produce at least two
entities of po and at least three entities altogether. This corresponds to the
constraints xo > 2 and x1 +x2 > 3. To keep our company diversified, we shall
also not produce more than twice as many entities of product po as entities of
product p; (z2 < 221), and the difference between the number of entities of
p1 and py shall be smaller than or equal to 4 (1 —22 < 4). On the operational
side, the machines can only produce discrete entities of both products, only
exactly two entities at a time and at most 10 entities of any product. This can
be modeled by assigning the domain {0, 2, 4,6, 8,10} to z; and z5. Producing
product p; needs two hours of machining, producing product p; needs one
hour of machining. There are only 20 hours of machining available. This
resource restriction can be modeled by the constraint xzo + 2x; < 20. Given
all these restrictions, the problem is to find the number of entities to produce.
Figure 3.1 illustrates this problem by representing the possible values for x;
on the z-axis and the possible values for x5 on the y-axis of a two-dimensional
chart. The constraints are represented by the curves of their linear inequalities
on 1 and xzo. All allowed assignments of values to (x1,x2) are contained in
the gray area of the chart.

The following definition of CSPs can be found more or less similar in
several articles on constraint satisfaction.

Definition 3.3.1 (Constraint Satisfaction Problem). A constraint sat-
isfaction problem (CSP) is specified by a pair II° = (X, C).

— X = {(v1,D1),...,(vn,Dp)} is a set of domain variables z; = (v;, D;)
each comprising a variable v; and a domain D;.

— A labeling A : X — Dy U...U D, assigns a domain value d; € D; to
each domain variable x; € X. It is represented by the tuple (dy,...,d,) €
Dy x ... x D, =: A(II*®), A(IT®) is called search space of IT°.

A partial labeling \ : ({a:,\/l,...,a:,\;} =X CX)— Dyu..U Dy
assigns a domain value d; € D; to each domain variable x; € X'.
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— C ={c1,...,cm} is a set of constraints ¢; C D;, X...xD;, , each of which is
a subset of all (partial) labelings. X (I1°) = {(d1,...,dyn) € A(II*®)|Ve; €
C:(di,...,d;,) € ¢;} is called solution space of II®. All A € X(II°®) are
called consistent labelings or solutions. All A ¢ X' (II°®) are called inconsis-

tent labelings.

Given this specification, the problem is to find one/all solution(s) of IT%.
A constraint satisfaction problem is called binary (II°®), iff all constraints
c; € C are binary, i.e. ¢; C D;, X D;,.

Remark 3.3.1. Unary constraints only restrict the domain of a single variable
and can hence be satisfied directly by reducing the proper domain. Therefore,
they can be left out in the definition of binary constraint problems.

The constraint satisfaction problem described in Ex. 3.3.1 can such be
defined by I35 = (X,C) where X = {1 = (v1,{0,2,4,6,8,10}), z2
(v2,{0,2,4,6,8,10})} and C = {z2 > 2,21 + 2 > 3,19
2x1,x1 — we < 4,29 + 221 < 20}. The search space is A(Il331)
{0,2,4,6,8,10} x {0,2,4,6,8,10} and the solution space is X(Il531)
{(2,4),(4,2), (4,4), (4,6), (4.8), (6,2), (6,4), (6,6), (6,5), (5, 4)}.

A

3.3.2 Constraint Optimization Problems

Usually, when solving mathematical problems we are not only interested in a
feasible solution but either in a “good” solution. In this case, we are leaving
the realm of constraint satisfaction and enter the realm of constraint opti-
mization. In our model, optimization is just a specialization of satisfaction
defined by the addition of an optimization criterion that maps labelings of
the underlying constraint satisfaction problem to reals according to their de-
sirableness. Following this model, solving the optimization problem is defined
as assigning each variable a value from its domain, such that the complete
assignment is allowed by all constraints and has the highest possible desir-
ableness value.

Ezample 3.3.2. Revisiting our production scenario (Ex. 3.3.1), we may have
been told that we should produce as many entities as possible such that
our profit is maximized. This can be modeled by extending Il331 by an
optimization criterion 0 = x; + z2 and creating II335 = (X,C,0). This
optimization criterion is illustrated in Fig. 3.2 by a flexible linear curve that
has to be pushed as far as possible into the upper right direction to maximize
the profit. The optimal solution is (6,8) with o = 14.

Definition 3.3.2 (Constraint Optimization Problem). A constraint
optimization problem (COP) is specified by a triple II°° = (X,C,0). X and
C are defined as in Def. 3.3.1. o : A((X,C)) — R is a function called
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optimization criterion that maps labelings of the underlying constraint satis-
faction problem to reals according to their desirableness.

Given this specification, three variants of the constraint optimization problem
are

1. Is o* = max{o(\)|A € X((X,C))} > r € R? (decision problem,)
2. Find o*! (optimal value problem)

3. Find one/all solution(s) A such that o(A) = o, de X =
arg max{o(A\)|A € X((X,C))}! (optimal solution problem)
A(II®) = {(dy,...,dp,0((d1,...,dn))|(d1,...,dn) € A(X,C)))}.

SIT) = {(d1,- .., dn,0((dy, . ...dn)|(ds,....dy) € D((X,C))}.

Given the definition of the optimization space (the search space of the con-
straint optimization problem) as an augmentation of the search space of the
underlying CSP by an additional dimension for the optimization value, the de-
cision variant of the constraint optimization problem is again a classical CSP
that is derived from the underlying CSP by adding the constraint o(A) > r
to the set of constraints C.

3.3.3 Constraint Processing Approaches and Their Properties

From a mathematical viewpoint, the solution space of a constraint problem
is determined as soon as the constraint problem is completely specified. This
is also true for II53; from Ex. 3.3.1 as well as for II535 from Ex. 3.3.2.
Unfortunately, the constraints of these constraint problems have been given
only implicitly. Implicit representations of constraints and such of the solution
space tend to be less “accessible” than explicit representations, such as sets
of tuples. Hence, what the algorithmic manipulation of constraint problems
is mainly about, is to make the representation of the solution space of a
given constraint problem explicit, i.e. accessible. As an example, we may
first concentrate on constraint satisfaction and inspect two complementary
approaches to constraint processing applied to Ex. 3.3.1. One way to cope
with I3 31 is to perform exhaustive search. Starting with an empty labeling,
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Fig. 3.3. Steps of an exemplary constructive constraint processing approach

one successively adds value assignments for variables without violating any
constraints. Figure 3.3 illustrates this approach. It starts at ;1 = 0 and marks
all points (0,-) (with arbitrary xs-values) as infeasible (small dots), then it
proceeds to z1 = 2 and marks (2,4) as feasible (large dot), all other pairs
(2,-) as infeasible and so on. We call this kind of approaches constructice.

Exhaustive search is usually costly. In practice, constructive approaches
are combined with a second kind of constraint processing for pruning the
search tree, called narrowing approaches. Narrowing approaches do not make
assignments to variables but restrict their domains by handling the given
constraints. Starting from the search space given by the variable domains,
they iteratively consider the constraints and try to cut away inconsistent
partial labelings. Figure 3.4 illustrates this for Ex. 3.3.1. The approach shown
there simply adds constraints one by one and propagates all consequences of
the constraints on the domains of the variables, such that finally, after all
constraints have been added, the correct solution space is identified.

In the following, we are after an abstract definition and characterization
of constraint processing approaches. As mentioned above, a constraint pro-
cessing approach can be interpreted as a mapping from a given constraint
problem I7; to another constraint problem I7. Such a constraint processing
approach is considered to be useful, if the representation of the solution space
of Il is more accessible than the representation of the solution space of IT.
Though the representations of the solution spaces may differ, they should be
somehow related. This is to allow to associate labelings of IT5 in general and
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solutions of ITs in particular with labelings and solutions of IT;. We call the
relation between the labelings of IT; and I transformation.

Definition 3.3.3 (Transformation). A transformation 7 relates labelings
of a constraint problem IIy to labelings of a constraint problem Iy, i.e. T C
A(ITy) x A(11s).

Remark 3.8.2. We write 7(\1) = {\a|(A1, XA2) € 7}, 771 (N2) = {\|(A1, \2) €
h (X)) = {X|(M\, ) € T AN € X(IL)}, Y X)) =
{)\1‘(/\1,)\2) ETAN E E(Hg)}

Given this, we can abstractly define a constraint processing approach.

Definition 3.3.4 (Constraint Processing Approach). A constraint
processing approach « is a function that maps a constraint problem II; to a
pair of a constraint problem Iy and a transformation 7 C A(I11) x A(Il).

There are many properties of constraint processing approaches that are
worth consideration. Efficiency is prominent among them, but depends on the
concrete approach and will hence not be discussed here. We are after prop-
erties that can be identified using only the information implied by Def. 3.3.4
and therefore investigate the relation between the given constraint problem
II; and the constraint problem Il produced by «. In general, we want to
make constraint problems comparable. In comparing constraint problems, we
can often not rely on comparing their domain variables or constraints, be-
cause two constraint problem models may differ significantly in variables and
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Fig. 3.5. Solution space equivalence between two constraint problems

constraints but still describe the same natural problem.! This is why we re-
duce constraint problems to their solution spaces to compare them. Given a
relation between the labelings in the first constraint problem and the label-
ings in the second constraint problem, i.e. given a transformation 7, we can
define equivalence of constraint problems as follows.

Definition 3.3.5 (7-Solution Space Equivalence). Given two  con-
straint problems I and Ily and a transformation T C A(ll;) x A(Ils),
ITy and IIs are T-solution space equivalent (IIy =, Is), iff

() = 7(X(IL)) A Z(IT,) = 7~ (2(I1,)).

Remark 3.8.3. A similar, though a little more strict and operational charac-
terization of constraint problem equivalence can be found in [216]. There it
is proven that for any arbitrary general CSP one can construct a binary CSP
that is solution space equivalent to the general CSP.

Figure 3.5 illustrates that the problem II; specified in Ex. 3.3.1 is
-solution space equivalent to T3, assuming that 7 = ((d},d3) = 1(d}, d})),
which is actually a scaling of the initial problem by the factor % L.e. we can
state IIh =((g2 42)=1(ar a1y 112 Please note that not only the domain values
are affected by the scaling, but also the additive constants in the constraints.

The following lemma states important properties of 7-solution space
equivalence. These properties all depend on properties of the given trans-
formation(s). Hence, they are called conditional.

Lemma 3.3.1. 7-solution space equivalence has the following relational
properties.

a) I =, Il < 7Y (X)) = 2(II) = 7(2(II)) (conditional reflexivity)

L' A prominent example for this is the primal and dual model of a linear pro-
gramming problem. Variables in the primal model imply constraints in the dual
model, and constraints in the primal model imply variables in the dual model.
Nevertheless, both models describe the same natural problem and yield the same
solution.
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b) I =, I, <= I, =.-1 1T (conditional symmetry)
c) Iy =, IIo N1y =, [Ty = I} =ry0r, 113 (conditional transitivity)
Proof.

a) by definition

b) I, =, Iy, <= (1) = 7(X(I1))) A X(IT)) = 7~ (2 (I13))

— Y(II) = 71X (IL)) AN X(ITy) = 7(E(IT))) <= Iy =, 1T}
C) H1 =n HQ A Hg =r2 H3

= 2(IL) = n(S(IL)) A S(Ih) = 7' (2 I2)) A
Y(II3) = 1o (X(I1y)) A 2(I15) = 75
— X(II3) = 7o (r (Z(I1))) A 2(IT,) =

— I =rs0m 113
a

Many reformulations of constraint problems from literature, e.g. adding re-
dundant constraints, retain the structure of the variables and domains. There-
fore, labelings in the new constraint problem can be directly identified with
labelings in the former constraint problem. In this case, the used transforma-
tion is the identity (id). Using the identity as transformation we can directly
derive the following corollary from Lemma 3.3.1.

Corollary 3.3.1. =iq is an equivalence relation on constraint problems,
i.e. =iq 18 reflexive, symmetric and transitive.

Just as we have introduced 7-solution space equivalence between con-
straint problems, which corresponds to “equals”, we can introduce “larger or
equal” and “less or equal”.

Definition 3.3.6 (7-Solution Space Reducibility). Given two con-
straint problems II and IIy and a transformation 7 C A(Il;) x A(Ils),
IT; is T-solution space reducible to Iy (II; >, II3), iff

X(I,) C (X)) A Z(ITy) D 771 (X(I1,)).

Definition 3.3.7 (7-Solution Space Extensibility). Given two con-
straint problems ITy and IIy and a transformation 7 C A(Il1) x A(Il2),
I, is T-solution space extensible to ITy (I <, II3), iff

Y(I) D 7(X(I)) A (ITy) € 771 (X(I1,)).

Remark 3.3.4.

a) II; >, II5 denotes that I15 is a specialization of ITy, i.e. if there is a solution
A to I, there will be also a solution 77 1(\) to I1;. IT; <, Il denotes that
II, is a relaxation of ITy, i.e. if there is no solution to Il there will be also
no solution to I1y.

b) 7-solution space equivalence IIy =, IIy can of course be formulated as
Iy <; IIh NIy >4 1.
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Fig. 3.6. Solution space extensibility between two constraint problems

Figure 3.6 again shows the constraint problem I7; from Ex. 3.3.1. In this
case, we have relaxed II; to a constraint problem II, by calculating the
bounding box on z; and z2 implied by the constraints of I1;. Obviously, 115
accepts more solutions than I7y, I, is 7-solution space extensible to Il and
11, is T-solution space reducible to I1;.

Just as in the case of T-solution space equivalence, we can state important
properties of 7-solution space reducibility and 7-solution space extensibility
given a certain transformation and derive an according corollary in case we
are using the identity as a transformation. Both the lemma and the corollary
are prerequisites for Cor. 3.3.4, Lemma 4.3.2 and such for the impact result
of autonomous dynamic reconfiguration (Theorem 4.4.2).

Lemma 3.3.2. 7-solution space reducibility has the following relational
properties.

a) I >, Il < =1 (X(II)) C X(II) C 7(X(I)) (conditional reflexivity)

b) IIh >, [Ib N1y >, [T = 111 =; 1], (conditional anti-symmetry)
c) Iy > o N1s >, I3 = IT1 >1p0r, 13 (conditional transitivity)
Proof.
a) by definition
b) Iy >, IIh N1y >, 11y

= Y(II) C 7(X(I,)) A X(IT) 2 7712 (1)) A

=

S(IL) C 7YX (I12) A 2(IT5) 2 7(2(IT))
— Y(IIy) = 7(X(I1))) A X(I1)) = 7~ (2 (I12))
— I =; 1,
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c) Iy 27 s NI >4, 113
= X(Iy) € n(Z(IN)) A Z(I) 2 7 H(S(IT2)A
2(Il3) C (X (I12)) A 2(I13) 2 75 (X (I13))
= X(II3) C ro(ni(Z(I0))) A 2(I) 2 7y N (S (113)))
= I} >;,0r, 13

Analogous results can be derived for 7-solution space extensibility.

Corollary 3.3.2. >4 and <iq are reflexive partial orders on constraint prob-
lems, i.e. >iq and <iq are reflexive, anti-symmetric and transitive.

Since we are now able to compare constraint problems solely by comparing
their solution spaces given a certain transformation 7, we can investigate the
impact of a constraint processing approach « on a given constraint problem
II. In the following, («(I1)); denotes the constraint problem produced by
a and («(IT))z denotes the according transformation between IT and the
produced constraint problem.

Definition 3.3.8 (Correctness). A constraint processing approach o ap-
plied to a constraint problem Il is correct, iff it constructs a constraint prob-
lem that accepts at most as many transformed solutions as I, i.e II > (4(11)),

(a(Il))1-

Definition 3.3.9 (Completeness). A constraint processing approach v ap-
plied to a constraint problem II is complete, iff it constructs a constraint prob-
lem that accepts at least as many transformed solutions as I1, i.e II <(4(11)),
(a(ID)):.

Remark 3.3.5. This definition adopts the solution space centric or construc-
tive view of correctness and completeness. Since narrowing constraint pro-
cessing approaches work on the set of inconsistent labelings A(II) \ X'(IT)
instead of the set of consistent labelings (solutions) X'(II), their correctness
and completeness behaves dual to the above given definitions.

Theoretically, the use of a correct and complete constraint processing ap-
proach is sufficient to retain the 7-solution space equivalence between the
initial constraint problem and the produced constraint problem. As stated in
Sect. 2.2, the use of a single constraint processing approach is usually compu-
tationally intractable in practice, and hence often a correct but incomplete
narrowing approach is used to speed-up and guide a correct and complete
constructive approach.

Because the decision variant of constraint optimization problems is in fact
a constraint satisfaction problem, the notions of transformation, 7-solution
space equivalence, 7-solution space reducibility /extensibility and such also
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correctness and completeness can be applied to the decision variants of con-
straint optimization problems as well. The optimal value and optimal solu-
tion variants of the constraint optimization problem require a meta-approach
of constraint processing for solving them. Often this meta-approach is built
on top of solving the decision variant of the constraint optimization prob-
lem various times with tightened bounds for » € R. Therefore, solving the
optimal value and optimal solution variants typically yields a considerable
amount of extra effort. The branch-and-bound approach known from integer
programming is an example for this kind of meta-approaches.

Since one is often not interested in the complete solution space of a con-
straint optimization problem but only in optimal solutions, we can weaken
the notion of 7-solution space equivalence to compare constraint optimiza-
tion problems. This leads to the notion of 7-solution equivalence. The relation
between correctness and completeness of a constraint processing approach «
and 7-solution equivalence will be detailed in the next subsection.

Definition 3.3.10 (7-Solution Equivalence). Given two constraint opti-
mization problems I, and IIy and a transformation T C A(Il1) x A(Ils), I
and IIs are T-solution equivalent (II1=.11s), iff

X = TN AN =771 (35).

3.3.4 Tractability of Constraint Problems
Given a Constraint Processing Approach

In autonomous dynamic reconfiguration we are after improving the quality
and efficiency of collaborative problem solving. As we will see later, collab-
orative problem solving is in fact a constraint processing approach for dis-
tributed constraint problems. According to Sect. 2.5, autonomous dynamic
reconfiguration is not meant to improve the underlying constraint processing
approach itself, but the organizational structure of the collaborative problem
solving system. As we will discuss in Sect. 3.4, this organizational structure
is a feature of the distributed constraint problem, not of the constraint pro-
cessing approach. That means, that in autonomous dynamic reconfiguration
we are facing a situation in which the constraint processing approach is given
and cannot be changed. Assuming a fixed constraint processing approach «,
empirical experiences show that some constraint problems are more tractable
by «a than others. Hence, it makes sense to compare constraint problems not
always by their complete solution spaces, as it is done by 7-solution space
equivalence/reducibility /extensibility, but by their tractability given a cer-
tain constraint processing approach «, i.e. by the qualitative performance of
« on them.

Having defined constraint processing approaches and their impact on the
solution space of constraint problems, it is possible to specialize the 7-solution
space relations to the case that we assume the existence of a certain given
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I T > 1

(@12 (@22 Fig. 3.7. Two constraint problems

both processed by a constraint pro-
cessing approach « and transforma-

(a(ITg))z0ro0(a(IT1))7 |
(o(Ilh)h 22 22y (a(II2))1 tions between them

constraint processing approach «. Figure 3.7 shows two constraint problems
I, and II;. We assume that we are given a transformation 7 between them.
Applying « to II; yields the new constraint problem («(I17)); that is related
to ITy by (a(Il1))2. Applying a to IIy yields the new constraint problem
(a(II2))1 that is related to IIs by (a(Il3))2. Given this, how does (a(Il1))1
relate to (a(I12))1? Well, to relate labelings in A((«(Il2))1) to labelings in
A(((IT1))1) we have to navigate from (a(IT7)); back to IT; via (a(I11))5 .
Then we have to navigate from II; to Il via 7 and finally from IIs to
(a(Il3)); via (a(Il2))s. The concatenation of these three transformations
yields (a(ITz))2 o 7o (a(IT1)); " as a sound transformation between (a(IT1));
and («(II3))1. This leads to the following specialization of 7-solution space
equivalence.

Definition 3.3.11 (a-7-Solution Space Equivalence). Given two con-
straint problems II; and Iy, a transformation T C A(Il1) x A(Il3) and a
constraint processing approach o, II1 and Ils are a-T-solution space equiva-

lent (I, =% II), iff
(@)1 Z(a(i1,))z0ro(aim; (@T2))1-

Since id o id 0 id™! = id, we can directly derive the following corollary
from Cor. 3.3.1.

Corollary 3.3.3. Given VII : (a(I]))2 = id, =0 is an equivalence relation
on constraint problems, i.e. =3 is reflexive, symmetric and transitive.

The following lemma states the connection between a-7-solution space
equivalence and 7-solution space equivalence, given that « is correct and
complete. It is a prerequisite for Lemma 3.3.5 and such for our sufficiency
result of autonomous dynamic reconfiguration (Theorem 4.4.3). Figure 3.8
illustrates the proof of the lemma.

Lemma 3.3.3. Given two constraint problems II; and Il5, a transformation
7 C A(II1) x A(I13) and a correct and complete constraint processing approach
«a. Then,

11, E? I, = I, =, 1.
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Similar to 7-solution space equivalence, we can specialize T-solution re-
ducibility /extensibility to a-7-solution space reducibility /extensibility.

Definition 3.3.12 (a-7-Solution Space Reducibility). Given two con-
straint problems IIy and I, a transformation T C A(Ily) x A(Il3) and a
constraint processing approach «, Il is a-T-solution space reducible to Il
(IIy >$ o), iff

(a(ITh))1 2 (a(M2))z0r0(a(ll1)); (a(I12))1.

Definition 3.3.13 (a-7-Solution Space Extensibility). Given two con-
straint problems II; and I3, a transformation T C A(Ily) x A(Il3) and a
constraint processing approach o, Il is a-T-solution space extensible to Il
(Hl Sg H2)7 lﬁ.

(Oé(Hl))l S(Q(HQ))2OTO(Q(H1));1 (O[(HQ))l

Remark 3.3.6. II, > II; means that, given 7, II; is more tractable than or
equally tractable as IIy to a. Accordingly, IT; <% II; means that, given T,
11, is less tractable than or equally tractable as I to a.

Since id o id 0 id™! = id, we can directly derive the following corollary
from Cor. 3.3.2. It is a prerequisite for Lemma 4.3.2 and such for the impact
result of autonomous dynamic reconfiguration (Theorem 4.4.2).
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Corollary 3.3.4. GwenVII : (a(Il)) = id, > and <, are reflexive partial
orders on constraint problems.

Similar to Lemma 3.3.3 the following lemma states the connection between
a-T-solution space reducibility and 7-solution space reducibility, given that
« is correct and complete. Figure 3.9 illustrates the proof of the lemma.

Lemma 3.3.4. Given two constraint problems II; and I, a transformation
7 C A(Il1)x A(Il3) and a correct and complete constraint processing approach
«a. Then,

I >3 1y = 1) >, 1.

Proof. Analogous to the proof of Lemma 3.3.3.

Analogous results can be derived for a-7-solution space extensibility.

Instead of specializing 7-solution equivalence between constraint opti-
mization problems for a given constraint processing approach, we state the
following lemma that relates the correctness and compleness property of a
constraint processing approach a to 7-solution equivalence and is a prerequi-
site of the sufficiency result of autonomous dynamic reconfiguration (Theorem
4.4.3).

Lemma 3.3.5. Given a constraint optimization problem II and a correct
and complete constraint processing approach a that additionally retains the
order of the optimization criterion. Then, « retains the optimal solution of
H, i.e. Hé(a(m)z(a(ﬂ))l.

Proof. IT* := (a(II))1, 7 := (a(II))2. Retainment of the order of the opti-
mization criterion means

v(d1,17"'7d’n,1701)7(d1,27'°'7dn,2702) S A( )

V(Y15 dpy1,07) € T((d1as -+ dn1,01))

V(df o5 s dpy0,05) € T((d1y2, - -+, dn2,02)) : 01 > 02 == 0f > 05
and
V(dfy, ..o dy1,07),Y(dT o, diyy 0, 05) € A(IT®)

v(dl,l)"'adn,laol) € T_l(( (1x717~-~7d%,1,0(11))
V(dl,g,. .. ,dn’Q,OQ) c T_l((di%. .. ,d%VQ,Og)) : O? > Og — 01 > 02.
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Then
\* = arg max{o\(dl, coydy,0) € X(IN)}
= VY(dj,...,d;,0%) € \*
V(dl,.. dn,o) e X(II)\ X" :0" >0 (Def. arg max)
= V(df Ty eT(\)
v(dy, ..., dy,0 ) e (D) \ 7(\*) : 0% > 0% (Order Retainment)
= 7(\*) = arg max{o®|(d{,...,dy,,0%) € 7(X (1))} (Def. arg max)

= arg max{o®|(dy,...,dy,,0%) € X(II*)}
(Lemma 3.3.3: IT =, IT*)

o

— A\ =7(\)

A = 771(A*") can be proven accordingly. O

3.4 Distributed Constraint Problems

3.4.1 Distributed Constraint Satisfaction Problems

In Sect. 2.4 we have defined collaborative problem solving as “a long-lasting
process in which a set of intelligent agents jointly works on finding a solution
to a common problem”. Though common problems may arise dynamically
in a multi-agent system and hence there may be several common problems
to solve, we model each of them and their according collaborative problem
solving processes separately. Since we are in search for a unifying model for
problem solving and collaborative problem solving, it should be comprehen-
sible to try to augment the central constraint problem model to distributed
environments.

As a first step, we will define the term of “configuration” that is our means
to model the relation between elements of the common problem and agents
involved in the collaborative solving process of the common problem. The
philosophy behind this term is the interpretation of collaborative problem
solving as a process in a space of common problem elements that is segmented
or partitioned by knowledge and competence. This is why the structural or-
ganization in collaborative problem solving is part of the problem and not
part of the used constraint processing approach. Since any partition of a set
defines an equivalence relation among the elements of the set and vice versa,
we have decided to define a configuration as a mere equivalence relation in
which problem elements are equivalent iff they belong to the same realm of
knowledge and competence. One representative from each of the equivalence
classes is selected to become the “agent” of that equivalence class imperson-
ating the knowledge and competence of the equivalence class.
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Definition 3.4.1 (Configuration and Agents). Given a constraint prob-
lem IT = (X,C) or II = (X,C,0). A configuration ¢ C (X UC) x (X UC(C)
of IT is an equivalence relation on X UC. The set ®(II) of configurations on
X UC is called configuration space of I1.

Each equivalence class [xc] = {zc|(zc,zd) € ¢} is called configuration
block and is assigned a special representative afy called agent. The set
of configuration blocks is denoted by X U C/y = {[zc]|lzc € X UC}. The
set of agents induced by ¢ is the set of equivalence class representatives
Ay ={apql[zd € X UC/y}.

Remark 3.4.1.

a) We write [zc]x = {z|z € [zc] Az € X} and [zc]c = {c|c € [zc] Ac € C}.
b) Since ¢ is an equivalence relation on X U C, X U C/, is a partition of
XUC,ie. |JXUC/y = XUC and V[zc;], [zcj] € XUC/y : [w¢;] # [w¢;] =
[zci] N [zej] = 0.

¢) According to Def. 3.3.1, domains are directly associated with the variables
they restrict. Hence, their assignment to agents completely depends on the
assignment of the domain variables. Following the classification given in [178]
this approach is variable-based.

Given the definition of a knowledge and competence structure in form of
a configuration, a distributed constraint satisfaction problem is a “configured”
constraint satisfaction problem.

Definition 3.4.2 (Distributed Constraint Satisfaction Problem). A
distributed constraint satisfaction problem (DCSP) is specified by a pair
Hdcs — (HCS, ¢)

— II%® is a constraint satisfaction problem.
— ¢ is a configuration of IT1°.

Given this specification, the problem is to find one/all solution(s) of IT9%
(i.e. of IT®). A(IT9%%) = A(II®), X(I19%%) = X(II°%). The set of all DCSPs
based on II°® is denoted by A(II) := {(II®, ¢)|¢p € P(II®)}.

Remark 3.4.2. Because of the underlying CSP definition and the flexible def-
inition of configuration, our DCSP definition is much more general than the
classical one of Yokoo et al. [267, 268]. It allows for complex constraints
and additionally allows the assignment of constraints independent from vari-
ables. That means that the knowledge and competence needed to handle
a constraint is not necessarily assigned to an agent that handles connected
variables also, but can be assigned to totally different agents.

From a theoretical point of view inspired by the notions of search and so-
lution space, a DCSP can be seen as an ordinary CSP. That means, that the
notions of (a-)7-solution space equivalence, (a-)7-solution space reducibil-
ity /extensibility and such also correctness and completeness can be applied
to DCSPs, too.
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In this work we will interleave two different constraint processing ap-
proaches to solve DCSPs. The first approach is applied to the problem ele-
ments (variables and constraints) within a unique configuration block. This
approach is called internal problem solving. The second approach is applied
to the interface variables and constraints among agents and is called exter-
nal problem solving. Interface variables and constraints are defined by being
connected to constraints or respectively variables that are not in the same
configuration block. Internal problem solving has to ensure that the labeling
of the variables within a configuration block is consistent with the constraints
of the same configuration block. External problem solving has to ensure that
the labeling of variables within a configuration block is consistent with the
constraints and labelings of variables in other configuration blocks.

Though these two approaches are closely interwoven, they may have differ-
ent properties. While internal problem solving may be correct and complete,
there may be good arguments for using correct but incomplete external prob-
lem solving. Only when both internal and external problem solving are correct
and complete, their interleaving will be correct and complete, too. This will
be discussed further in the next chapter. For now, it is enough to recognize
that the configuration may heavily influence the solution space explored by
the used problem solving approach.

3.4.2 Distributed Constraint Optimization Problems

Similar to extending the constraint satisfaction problem model to a dis-
tributed one, we can extend the constraint optimization problem model to a
distributed one. The special feature of a distributed constraint optimization
problem is the existence of a function w that determines local optimization
criteria for each possible configuration block.

Definition 3.4.3 (Distributed Constraint Optimization Problem).
A distributed constraint optimization problem (DCOP) is specified by a
triple IT9° = (IT°, ¢, w).

— [I°° = (X, C,0) is a constraint optimization problem.

— ¢ is a configuration of I1°°.

—w:XUC/y — 2A(X.CN—R 45 o function that maps configuration blocks
to local optimization criteria.

Given this specification, three variants of the distributed constraint optimiza-
tion problem are

1. Is 0* = max{o(A\)|A € X((X,C))} > r € R? (decision problem)

2. Find o*! (optimal value problem)

3. Find one/all solutions(s) A such that o(\) = o, de A =
arg max{o(A)|A € Z((X,C)}! (optimal solution problem)

A(IT9°) = A(IT°), X(I19¢°) = X (II¢°). The set of all DCOPs based on IT¢°
and w is denoted by A(IT®°, w) := {(II°, ¢,w)|p € P(II°°)}.
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In this definition, we assume that each local optimization criterion is fully
determined by the set of variables and constraints in a single configuration
block. At first glance, this seems to be restrictive. But taking a closer look, we
can see that it is in fact much less restrictive than defining the local optimiza-
tion criteria depending on certain agents or following a decomposition rule of
the global optimization criterion. Using this DCOP definition, we can model
collaborative optimization scenarios in which the intelligent agents share a
global optimization criterion as well as competitive optimization scenarios in
which the intelligent agents follow their own local optimization criteria but
interact in a common constrained environment.

In case of a collaborative optimization scenario (as it is assumed in col-
laborative problem solving), o is given and represents the global optimization
criterion. w has to be engineered such that it is a proper decomposition of
0. Proper means that the maximization of each local optimization criterion
contributes to the maximization of the global criterion. In case of a competi-
tive optimization scenario (which is out of the scope of this work), w is given
and represents the local optimization criteria of rational agents. o has to be
engineered such that it is a proper aggregation of the local optimization crite-
ria determined by w. This situation is similar to multi-objective optimization
and typical aggregations include the distance to pareto-optimality?, weighted
combinations, hierarchies or trade-offs. The interested reader is referred to
[69] for more details on this topic.

Since the search and solution space of a DCOP is the same as the
search and solution space of the underlying COP, the notions of trans-
formation, (a-)7-solution space equivalence, (a-)7-solution space reducibil-
ity /extensibility and such also correctness and completeness can be applied
to DCOPs also. The same holds for the notion of 7-solution equivalence.
Nevertheless, it is even more difficult in DCOPs to ensure 7-solution equiva-
lence to the underlying COP than guaranteeing 7-solution space equivalence
between a DCSP and its underlying CSP. This is because, we cannot easily
ensure the precondition of Lemma 3.3.5 that would be sufficient to guarantee
T-solution equivalence. It is not easy and sometimes even impossible to de-
compose a global optimization criterion to several local ones without loosing
the order of the global criterion. This is because even though the agents may
be informed about the global criterion they usually lack the needed global
information on the complete labeling to evaluate it. And as already outlined
in Sect. 2.3, it is not always desirable to allow all agents to know the com-
plete labeling. Nevertheless, the DCOP model comes closest to our notion
of collaborative problem solving in which several intelligent agents are aware
of a common optimization criterion (a global goal) in a constrained space of
possible solutions and try to reach it.

2 A labeling )X is said to be pareto-optimal, iff in any other labeling an improvement
in one of the optimization values compared to the value defined by A would cause
at least one of the other optimization values to deteriorate from the value defined
by A.
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X, = (v, {0.2,4.6,8.,10}) Fig. 3.10. Simple CSP as constraint graph

3.5 Visualizing Constraint Problems

As can be seen in Fig. 3.1, visualizing a constraint problem by drawing its
search and solution space in vector space is limited to a view variables (usu-
ally two or three). Nevertheless, it is often necessary to illustrate constraint
problem graphically. In particular binary constraint problems are easily rep-
resented by constraint graphs.

Definition 3.5.1 (Constraint Graph). A constraint graph of a binary
CSP IT°* = (X, C) is a triple I'** = (N, E,v).

— N = X is a set of nodes.

— E C {{zj, a1} | xj,xr € NANxj #xi} is a set of edges with {xj,z1} €
E<+=3dcecC:cCDjxDy.

—v: NUFE — T marks nodes and edges with terms built from symbols of
II°%; v(xy) = ((vi, D)), v({zj,zx}) = (e1, .. sem)s €1y ooy em € Dj X Dy.

Figure 3.10 shows the constraint graph of the CSP from Ex. 3.3.1. The
constraint x5 > 2 has been integrated into the domain of xs.

Though it is theoretically possible to reduce every general constraint prob-
lem to a binary one, this is not very convenient and the constraint graphs
tend to explode. To illustrate general constraint problems graphically, we in-
troduce an extended form of constraint graphs that can encode any type of
constraints.

Definition 3.5.2 (Extended Constraint Graph). An extended con-
straint graph of a general CSP II® = (X,C) is a 4-tuple ['*® =
(VN,CN,E,v).

— VN = X is a set of variable nodes.

— CN = C is a set of constraint nodes.

—E C {{zj,zx}|z; e VN Acy € CN} is a set of edges with {xj,c} €
Esc C...xD;x...

—v:VNUCN — T marks variable and constraint nodes with terms built
from symbols of II®; v (x;) = ((vi, Dy)), v (¢c;) = (¢;).

The problem given in Ex. 3.3.1 can be illustrated by an extended con-
straint graph as shown by Fig. 3.11. The advantage of this form of graph-
ical illustration e.g. compared to hyper-graph illustrations is the compact
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treatment of constraints. A hyper-arc (a set of variable nodes) may have a
complex graphical representation when connecting nodes that are quite re-
mote in representation. In contrast to that, illustrating constraints as special
nodes allows for a simple localization of the constraint in the representation.
This also meets our understanding of variables and constraints as equally
important problem elements.

‘\ X, = (v, (0.24.68.10})
w Fig. 3.11. Simple CSP as extended

K23 constraint graph

x, = (v, {2:4,6,8,10})

Distributed constraint problems are denoted graphically by using ex-
tended constraint graphs together with VENN-diagram-like hulls illustrating
the configuration. Edges connecting nodes from different configuration blocks,
ie.e={zc;} AN(xi,cj) ¢ ¢ are called external edges. All other edges are
called internal edges. An example is given by Fig. 3.12.

Fig. 3.12. Simple DCSP as ex-
tended constraint graph

3.6 Case Study — Medical Appointment Scheduling

The case study presented here is derived from the ChariTime project
[170, 122, 198, 101] that is mainly conducted by the Artificial Intelligence
Lab at Humboldt University Berlin and NTeam GmbH. It deals with med-
ical appointment scheduling. In principle, medical appointment scheduling
involves a set of patients each demanding appointments for a set of medical
examinations and a set of diagnostic units each offering a certain set of ex-
amination types. Constraints restricting the choice of appointments include
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Fig. 3.13. Entities and relations in medical appointment scheduling

partial orders among examinations of patients, capacity constraints defined
by the working hours of the diagnostic units and several others. Figure 3.13
shows the main entities involved in medical appointment scheduling and their
relations. Patients, diagnostic units and workplaces pose special constraints
(denoted in the middle field of the entity box). In addition, patients and di-
agnostic units have local optimization criteria (denoted in the lower field of
the entity box).

Figure 3.14 shows an extended constraint graph for a small example of
such a medical appointment scheduling problem. Only partial order and ca-
pacity constraints are shown. Two patients p; and ps compete for two com-
mon diagnostic resources. The appointments ap; are sequentialized by before-
relations. The figure also illustrates the configuration ¢. There are four agents,
two patient agents a,, and a,, and two diagnostic unit agents a,, and a,,.

To model the medical appointment scheduling problem as distributed
constraint optimization problem we will first identify the abstract notions of
variables X, constraints C' and the global optimization criterion o. Later on,
we will specify the configuration as well as local optimization criteria.
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3.6.1 Identifying Variables

Basically, scheduling deals with the assignment of time points and resources
to a given set of tasks. This is illustrated by Fig. 3.15. Hence, the notion
of time is an important one. Since we would like to employ techniques of
heuristic search and constraint propagation to solve scheduling problems, we
restrict the notion of time to the following discrete, non-branching model.

Definition 3.6.1 (Horizon). A horizon T = {0,...,t} is a finite set of
integers that represents the set of possible starting times for appointments.

Given a constant number nd of starting times per day, day(t) =t +nd + 1,
Day(T) = {day(t)|t € T}.
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In our case, resources in medical appointment scheduling correspond to
diagnostic units comprising staff and several workplaces each with a different
set of provided appointment types. In describing the provider structure we
concentrate on attributes of the physical entities that directly relate to the
scheduling problem. Any medical information is omitted.

Definition 3.6.2 (Workplace). A workplace is a pair w = (AT, Tovail)-
AT = {(at,tdqur,techange)} 15 the set of appointment types provided by the
workplace with the identifier at € N, the duration tqw € T \ {0} and the
required change time tchange € T\ {0} between two appointments of this type.
Tavail C T is the set of starting times on which the workplace is available.

Definition 3.6.3 (Diagnostic Unit). A diagnostic unit is a triple v =
(W, AT, Pseare). W is the set of workplaces in this diagnostic unit, AT =
{(at, Paay)|(at,-,-) € W AT Aw € u.W}3 is the set of appointment types pro-
vided by the diagnostic unit with the identifier at € N and the maximum
number of appointments of this type per day fqay € N. Tstagr € N is the mawi-
mum number of staff resources available for parallel appointments.

Given the notions of time and resources, it is quite easy to define the
central notion in our application scenario — appointment. It is defined as
follows.

Definition 3.6.4 (Appointment). An appointment is a 5-tuple ap =
(at, pr, Tstafr, ASdesire, aS) ). at € N is the appointment type’s identifier, pr € N
18 the priority, reag € N is the amount of staff required, aSgesire 95 the desired
(potentially partial) assignment, asy is the actual assignment.

The connection to time points and resources is not directly encoded in the
appointment structure but in a substructure called assignment.

Definition 3.6.5 (Assignment). An assignment is a triple as =
(tstart, tdurs W) tstart € T is the starting time, tqu, € T \ {0} is the dura-
tion, w is the workplace of this assignment.

It is obvious that assignments are the variables X of the appoint-
ment scheduling problem (please refer again to Fig. 3.15). Since they are
triples, they range over a domain D given by the three-dimensional space
T x T\ {0} x W of starting times, durations and workplaces. Of course, dura-
tions of appointments are not freely selectable, but they are not fixed in the
initial specification of the scheduling problem and depend on the workplace
selection. Hence, they belong to the problem variables.

Appointments are grouped by the notion of a patient that additionally
defines a partial order among appointments.

Definition 3.6.6 (Patient). A patient is a 4-tuple p = (AP, pr,bef, Toyail)-
AP is the set of appointments of the patient, pr € N is the priority, bef :

3 2.y denotes the projection of the structure = onto the component with name y.
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QAPXAP s the partial order relation among appointment, Tavait € T is the

set of starting times on which the patient is available.

The variables of the scheduling problem and their domains are finally
combined by the unifying notion of a clinic comprising patients and diagnostic
units.

Definition 3.6.7 (Clinic). A clinic is a pair ¢l = (P,U). P is the set of
patients, U is the set of diagnostic units.

As given by Def. 3.3.1, a labeling )\ assigns values to variables ac-
cording to their domain. In our model of medical appointment scheduling,
this labeling corresponds to the set of instantiated assignment structures,
ie A= UPECZ_P{ap.as)\|ap € p.AP}. As soon as every appointment has
been assigned a starting time, a duration and a workplace, the labeling is
complete.

Finding a consistent labeling within the unrestricted domain of assign-
ments would be an easy task without further constraints. However, the med-
ical appointment scheduling problem poses several such constraints on con-
sistent labelings. In the following, we will describe the most important ones
classified by the physical entities that define the parameters of the constraints.

3.6.2 Identifying Constraints

Patient Constraints C),.

Availability. Similar to release and due dates in job-shop-scheduling, pa-
tients enter the clinic on a certain time point and would like (or should)
leave the clinic on another certain time point. This is formalized by the
availability of the patient.

Vap € p.AP : ap.asy tsart € P-Tavail

Since the due date of the patient (corresponding to the desired “make
span”) is usually a soft constraint subject to the optimization criterion,
it is usually the case that the availability of the patient is virtually open-
ended covering the whole scheduling horizon.

Partial Order. The partial order among appointments is motivated by
medical reasons and has to be obeyed in any case.

Yapy,aps € p. AP :
(ap1,aps) € pbef =
ap1-aS)-tstart + apr-asy.taur < ap2.asx -tsart
Non-overlap. The patient itself can be modeled as a scarce resource that

has to be available for each appointment. In our model, a patient can only
participate in one appointment at a time. Hence, appointments must not
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overlap. This is expressed by the more general cumulative constraint.*
Given that p.AP = {ap1,...,aps}, we can formalize this by

cumulative((api.asy.tstarts - - - » APs-AS)-Lstart),
(ap1.asy-tdury - - -, APs.aSx.tdur),
(Lal)vl)
——

S

Workplace Constraints C,,. Given the set of appointments assigned to
a certain workplace AP, = {aplap.asy.w = w Aap € p. AP Ap € ¢.P} =
{ap1, ..., ap:}, the workplace poses the following constraints on the labeling.

Appointment Type Sufficiency. The appointment types of all appoint-
ments that are assigned to w have to be provided by w.

Yap € AP, : (ap.at,-, ) € w. AT

Availability. Just like patients the workplace has to be available for all
assigned appointments.

Vap € AP, : ap.asy . tsiart € W.Tavail

Duration. Assigning an appointment of a certain appointment type to w
directly determines the duration of the appointment according to the
specification given by w.AT.

Yap € AP, :
ap.asy .ty = (head{(ap.at,-,-) € w.AT}).tqur

Change Time. In our real-world scenario we have a restricted form of
change times. Change times may be necessary between appointments
of the same type, but not between appointments of different types. This
is motivated by certain diagnostic devices that need to cool down or heat
up before the next appointment of the same type.

4 Given a tuple (t1,...,t,) of integer starting times t; € 7T, a tuple
(tdur,1y- -, tdur,n) Of integer durations tauwr; € T \ {0}, a tuple (r1,...,7x)
of integer resources r; € N and an integer resource threshold # € N,
cumulative((t1,...,tn), (tdur,1,-- -, tdur,n), (F1,...,7n),7) is specified by

Vk € { min {¢}, max {t; + tdur,i — 1}] ¢
i€[1,n] i€[1,n]

Z T'jgf'

t;<k<t;+At;—1

I. e. if there are n appointments, each starting at a certain starting time t;,
having a certain duration tqur,; and consuming a certain (Constant) amount r;
of a resource, then the sum of resource usage of all the appointments does not
exceed the resource threshold 7 at any time.
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Vapy, apz €AP,,ap1 # apz,
tehange = (head{(ap1.at,-,-) € w.AT}).tehange :
api.at = aps.at =
ap1.aSx-Tstart + aP1.aSx-Tdur + tchange
< apz.asy-tstartV
ap2.asy.tstart + ap2.asx.taur + tchange

S api.asy -tstart

Non-overlap. A workplace can only participate in one appointment at a
certain time. Again, this is modeled using the more general cumulative

constraint.
cumulative((ap1.asx.tstarts - - - s AP:-AS - Tstart )
(ap1.asy-taur, - - -, ape.asSx-taur),
(1,...,1),1)
—

t

Diagnostic Unit Constraints C,. Finally, diagnostic units pose con-
straints on a feasible labeling spanning all their workplaces.

Given that AP, = |J AP, = {ap1,...,ap,}, there are two impor-
tant relations.

weu. W

Daily Demand Profile. People in the diagnostic units want to influence
the daily demand profile of their units. This is done by specifying certain
upper bounds for the number of appointments of the same type per day.
This prevents diagnostic units from monotonic work. This is a typical
constraint in scheduling human work, quite different from the situation
found in job-shop-scheduling.

V(at, Paay) € u.AT Vd € Day(T) :
{ap € AP,|ap.at = at A day(ap.asy tsare) = d}| < Fday

Resource Usage. Staff is assigned to diagnostic units and not to work-
places. Hence, there is a natural restriction in how many workplaces of a
diagnostic unit v can be active in parallel. This restriction is ensured by
a more complicated cumulative constraint defined by all appointment
assignment of the workplaces of u and the resource demand of these
appointments.

cumulative((api.asy.tstart, - - - » APp-AS - Lstart ),
(ap1.asx-tdury - - - APp-aSx-Ldur),

(ap1~Tstaff7 <. 7apv-rstaff)7 u-"ﬁstaff)
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3.6.3 Identifying the Optimization Criterion

In a complex setting such as medical appointment scheduling there is usually
no single global optimization criterion but a heterogeneous set of different
local criteria that very often compete with each other. Examples for this
are the competitive criteria of patient satisfaction and resource usage. While
putting patients into waiting queues may be optimal for resource usage it is
not at all optimal for patient satisfaction and hinders other diagnostic units
in serving patients that are in a queue somewhere else. In contrast, offering
every patient the most convenient appointment will almost inevitably lead
to a decrease in resource usage.

Given the case study at Charité Berlin, an increase in patient satisfaction
is the global target of medical appointment scheduling. Though this is very
simplistic, we assume patient satisfaction to be related to a short stay in
hospital and few waiting times. Hence, we have chosen a derivate of the min-
imum mean make span criterion known from job shop scheduling to become
the global optimization criterion. It is defined by

O(Acl) =
ZPECLP [max{ap.asy.tstart + ap.asx.taur|lap € p.AP} — minp.Toyai] - p-pr
|cl. P

Additionally, we have identified further optimization criteria, such as mean
patient calendar density, mean diagnostic unit calendar density and overall
patient throughput. These measures are also subject to evaluation and are
detailed in Chap. 10.

3.6.4 Configuration and Local Optimization Criteria

In a first attempt and inspired by the natural configuration of knowledge and
competence, we assign a patient p;, its appointments X,,, and constraints C,,
to a patient agent a,, and a diagnostic unit w;, its unit and workplace con-
straints C,, U C\, to a diagnostic unit agent a,,. This approach resembles
the natural distribution of the scheduling problem and allows for local ac-
tivities on parts of the problem. Given that the set of variables of a patient
pi is defined as X, = {ap.asy|ap € p;.AP} and that the set of workplace
constraints of a diagnostic unit u; is defined as C\,; = U{Cw|w € u;.W}, the
configuration is given by

¢ = “belongs to the same physical entity”, i.e.

XUC/y={Xp UCpy,o iy Xy o UG,

< Ple.P|

Cuy UCy,,...,C UCU\C,U|}

c.P|? » M Ulc.U|

As already mentioned, an increase in patient satisfaction is the global
target of medical appointment scheduling in our setting. Hence, all local
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optimization criteria — even the ones of the diagnostic units aim at pro-
viding the most convenient appointments to patients. This includes keep-
ing given appointments as long as possible and such keeping calendars as
stable as possible. All this is reflected in diagnostic units using the follow-
ing local optimization criterion that minimizes the cumulated weighted dis-
tance dist of current appointment assignments to desired appointment as-
signments. In case of new appointments having desired assignments corre-
sponding to the release date of patients, i. e. ap.aSdesire-tstart = Min p.Toyail
and dist(ap.asy, ap.aSdesive) = aP-aS).tstart + AP.aSx.tdur — AP-ASdesire-Lstart,
this will resemble the minimum make span criterion.

0(Ay;) =w(Cy, UCy,) = Z dist(ap.asy, ap.aSdesire) *+ GP-pr — min
ap€AP,

This optimization criterion is assigned to diagnostic unit agents since they
have a good oversight on all the appointments scheduled for their unit. Be-
cause we have defined a DCOP to be a maximization problem, we have to
negate w(Cy, U Cy,).

Patients in hospitals do not like waiting. They rather want something
to happen. Hence, there is an additional criterion reflecting this demand by
maximizing the calendar density of the patient. This leads to appointment
sequences closely following each other.

0(/\1%') = W(quz U sz) =
ZapEpiAP ap.aS)\.tdur

maXgpep. AP {apﬂS)\ Astart Hap.asy ~tdur} - minapGp.AP {GPGSA 'tstart}

— max

This local optimization criterion is assigned to patient agents because they
have a good oversight on all the patient’s appointments. Again, we have to
negate it to fit our definition of a DCOP.

Given the variables, domains, constraints, global optimization criterion
and additionally the configuration and local optimization criteria, we have
completed the DCOP model of our medical appointment scheduling scenario.
Before describing how to solve it in practice, we will come to the core problem
of AUREMON that deals with improving the configuration of agents.



4. Autonomous Dynamic Reconfiguration —
Improving Collaborative Problem Solving

Motivated by the pitfalls of collaborative problem solving in [121], [123],
solution quality and communication efficiency, in this chap- [113], [117]
ter we set forth some important requirements to avoid these

pitfalls and inspect the literature for possible solutions. We

state a lack of self-organization research on the individual level

of agency rather than on the social level. On this basis, the

AUREON problem of finding a good configuration for a given

distributed constraint optimization problem is formalized as

a constraint optimization problem itself and proven to be at

least N P-complete.

In the main section our concept to solve this problem is pre-

sented — the controlled usage of local reconfiguration opera-

tions called agent melting and agent splitting. In a detailed

analysis we investigate the properties of this concept, namely

its relation to the structure of the AURE(ON problem, its impact

on the underlying collaborative problem solving process and

its sufficiency to solve the AURE(MON problem. In addition, we

investigate concurrency and autonomy issues in AURE(N.

4.1 Requirements

In Sect. 2.5 we have discussed some common pitfalls in collaborative problem
solving. We have also stated that the organization of agents — represented
by the notion of configuration in our distributed constraint problem model —
is crucial for the quality and efficiency of the collaborative problem solving
process. We will detail this conjecture in the following section. First, we will
set forth some important requirements which we think to be decisive for the
success of a reorganization approach to avoid the pitfalls of collaborative
problem solving. The reorganization approach should

— expedite the usage of the best-suited problem solving techniques, namely
tightly coupled techniques for strongly connected problem elements and
flexible, loosely coupled techniques for weakly connected problem elements.

— decrease the communication effort in the collaborative problem solving
process.

M. Hannebauer: Autonomous Dynamic Reconfiguration..., LNAI 2427, pp. 59-92, 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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— not affect adversely the collaborative problem solving process but improve
its quality.

— obey restrictions given by knowledge and social competence as well as by
time complexity and compute resources.

— dynamically accompany the collaborative problem solving process.

— be adaptive and reversible.

— be of local nature such that no global reorganization control is needed.

Following these requirements we will briefly assess reorganization and load
balancing approaches and such motivate our decision to develop a new reor-
ganization scheme.

4.2 State of the Art

4.2.1 Reorganization in Multi-agent Systems

To soften the disadvantages of collaborative problem solving, researchers from
the multi-agent systems community have often tried to adapt theories and
methods from organization theory and management science. Most of these
approaches impose an organizational structure onto the set of agents such
that communication is restricted and guided. An exhaustive overview can be
found in [66]. There, an organizational structure is said to be defining roles,
responsibilities, and preferences for the agents within a cooperative society.
Organizational structuring is therefore a means to identify other agents that
may be interested in the results of an agent’s solving process. Durfee states
that the design of organizational structures is a complex search problem in its
own right. In [203], a similar statement is made in the context of agent tech-
nology for manufacturing. On a scale from 1 (well-understood) to 4 (research
frontier), the problem of decomposing a problem for processing by several
agents was rated as 4. These two statements directly support our motivation
and underline the necessity for enabling reorganization in an automatic way.

Earlier work in reorganization [59] only allowed flexible structuring in the
initialization phase of the system and kept the structure fixed in the actual
problem solving process. Later on, approaches allowed to dynamically adapt
to the problem structure (refer e. g. t0[205]). Among them is the MetaMorph
project. MetaMorph I [184, 185] incorporated an architecture for distributed
task decomposition in manufacturing and coordination in dynamically cre-
ated clusters. The agents in this system were organized by mediators and con-
tained templates and a copying mechanism to create new agent (sub)levels.
The follow-up project, MetaMorph II [229] extends these concepts by taking
into account manufacturing design issues, marketing, supply chain manage-
ment and execution control.

Agent cloning [61, 228] denotes the reproduction of a similar agent in place
or remotely. This approach claims to subsume mobile agents. It has been
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mainly developed to support load balancing by delegating tasks to other or
new agents that are idle. While this approach utilizes the paragon of delega-
tion, coalition structure generation [218] takes a closer look at transient teams
or coalitions interpreted as partition blocks. However, this approach does only
take into account the cumulated value of a certain coalition structure which
is not dependent on the communication structure. This simplification allows
the usage of specialized algorithms that cannot be applied in our setting.

All the named approaches reorganize the multi-agent system on the social
level [44]. That means that they usually keep the identity of a unique agent
through the whole problem solving process but reorganize the relations be-
tween agents. This is also the approach found in [249]. Social reorganization
approaches have their advantages in not affecting adversely the collaborative
problem solving process, obeying social competence restrictions, sometimes
being dynamic and adaptive. On the other hand, it is often not the case
that the reorganization process is controlled solely by the problem solving
agents. More severely, their support for the usage of the best-suited prob-
lem solving techniques and such for the decrease in communication is only
weak. Social reorganization approaches allow to some extend the use of dif-
ferent interaction protocols for intra-group communication and inter-group
communication. But in fact the agents still have to communicate, still have
to gather information that is not given to them and hence often cannot apply
sophisticated problem solving techniques. Therefore, it is our thesis that a
significant improvement in the communication effort and solution quality of
collaborative problem solving can only be made by an individual approach
in which the uniqueness of an agent is not static anymore. Searching for a
paragon in economy, our approach can only be compared to the organization
of artificial entities such as companies. To distinguish this idea from reor-
ganization on the social level, we call reorganization on the individual level
reconfiguration.

A predecessor of reconfiguration is the dynamic assignment of tasks to
agents. [174] presents an off-line approximation algorithm for this purpose.
In [102] the assignment of tasks to agents is called competence. This compe-
tence is made flexible by decomposing the set of tasks according to several
decomposition rules and assigning the tasks to different agents. The disad-
vantages of both approaches are the need for a central decomposer and the
missing dynamics and adaptivity. The proposal in [102] is additionally re-
stricted to the job shop scheduling problem. The only research work we know
to be directly comparable to ours is the one reported in [146]. It is based
on organization self-design (OSD, [54]) and adds two novel reorganization
primitives to it, namely composition and decomposition. They allow to join
agents or split them. Though this idea is quite similar to the one that will
be presented in the following, it strongly relies on the usage of rule-based
production systems as the reasoning mechanism for agents. Hence, this ap-
proach inherits the disadvantages of rule-based computing (e. g. rules are not



62 4. Autonomous Dynamic Reconfiguration

combinable) and cannot be applied to support other problem solving tech-
niques. In fact, rule-based computing is not very well-suited to the solution
of combinatorial problems as we focus on.

4.2.2 Load Balancing and Graph Partitioning

The problem of communication overhead can also be found in parallel com-
puting where several processors compute detached parts of a single (usually
mathematical) problem in parallel. Research in load balancing [62] for parallel
computing has mainly focused on partitioning [14, 234, 235] and in partic-
ular graph partitioning algorithms. [133] provides a good overview on static
graph partitioning algorithms. They include greedy algorithms like the one
by Kernighan and Lin [160] and extensions of it [27, 28], so-called spectral
methods [9, 17, 8] and other hybrid approaches. Several of these algorithms
have been implemented and integrated into tools that can be used as off-
line pre-processors to partition a central computing problem. Among these
tools are Chaco [134], METIS [159] and JOSTLE [255]. All these tools share
the advantage of being very generic, not making any assumptions about the
used problem solving techniques and decreasing the communication effort by
solving an abstract graph problem. Because of their background of parallel
computing, they do not care about restrictions on knowledge and social com-
petence, they are often not dynamic and not local in nature. Recent research
also tackles the problem of dynamic load balancing [81]. In [132] an assess-
ment of different approaches to dynamic load balancing can be found. This
area is not yet as fully developed as static load balancing.

Though the problem of load balancing in parallel computing is similar in
its objectives to our research context, the given environmental situation is
usually quite different. In our setting, decomposition is a dynamic problem.
Sub-problems are not easy to find and have to be constructed such that inter-
relations are minimized. These interrelations are not just communication lines
but semantic connections, like shared resources or other complex constraints.
Nevertheless, results from load balancing have influenced this research work
as can be seen in the complexity results obtained in this chapter.

4.3 AUREON Problem: Model and Complexity

The pitfalls of collaborative problem solving given in Sect. 2.5 may be intu-
itively clear, but nevertheless we are in need of a more formal understanding
of what kind of problem autonomous dynamic reconfiguration is supposed to
deal with. We already have a powerful means at hand to model optimization
problems — constraint optimization problems as given by Def. 3.3.2. There-
fore, we will use this model to specify the AUREON problem. To do this, we
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Fig. 4.1. Hasse diagram of the configurations of all possible DCOPs on
{z1,x2,c1,c2} and their “coarser than or equally coarse as” relations

have to identify the domain variables, constraints and the optimization crite-
rion of this problem which is done in the following subsections. Additionally,
we will analyze the complexity of the AURE(ON problem.

4.3.1 Identifying Variables

There are two main impact factors for the quality and efficiency in terms of
communication overhead in collaborative problem solving — first, the struc-
ture of the problem elements existing in different agents, and second, the
structure of the relations between them. Following Def. 3.4.1 and Def. 3.4.3,
both factors are determined by the configuration of the underlying distributed
constraint problem. Hence, adapting the configuration seems to be the pri-
mary key towards coping with the pitfalls of collaborative problem solving,
and hence configuration is the variable of the AURE(ON problem.

A distributed constraint optimization problem is a triple of a constraint
optimization problem, a configuration and a local optimization criterion gen-
erator. Assuming that the underlying constraint optimization problem I7°°
and the local optimization criterion generator w remain unchanged in the re-
configuration process, the search space of the AURE(ON problem is determined
by the set of all possible distributed constraint optimization problems based
on IT°° and w, namely A(II°°,w) = {(II®°, ¢,w)|¢p € P(II°°)}. Therefore,
we are searching for a certain DCOP 79 € A(IT°°,w) that fulfills certain
demands and has the highest desirableness.

The search space A(I1°°,w) of the AURE(ON problem has a nice struc-
tural property that will later help us in proving important properties of our
AURE©N concept. As an illustration, Fig. 4.1 enumerates the configurations
of all 15 possible distributed constraint optimization problems on the set
{x1,22,¢1,c2} of variables and constraints. The figure also shows that this
set of DCOPs can be structured by an order, that is called coarser than or
equally coarse as. It is formally defined as follows.
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Fig. 4.2. Example for a meet on
DCOPs

0 Fig. 4.3. Example for a join on
DCOPs

Definition 4.3.1 (2 on A(Il,w)). Given a set of distributed constraint
optimization problems A((X,C,0),w), a distributed constraint optimiza-
tion problem II; = ((X,C,0),¢1,w) € A((X,C,0),w) is coarser than or
equally coarse as another distributed constraint optimization problem Il =
((X,C,0),¢2,w) € A((X,C,0),w) (II; 3 II5), iff each configuration block
[zc] € X UC/y, is a union of configuration blocks [xc;] € X U C/¢o. Iy is
called coarsening of I, Il is called refinement of I1;.

Remembering algebraic relations and operations in set theory and inspired
by the fact that we can define an “inclusion-like” relation among distributed
constraint optimization problems, we can try to find analogues of union and
intersection on DCOPs. Figure 4.2 shows an example of the analogue of
intersection on DCOPs, called meet. Figure 4.3 shows an example of the
analogue of union on DCOPs, called join. Both operations can formally be
defined as follows.

Definition 4.3.2 (M on A(II,w)). Given a set of distributed constraint op-
timization problems A(Il,w), meet M : A(Il,w) x A(Il,w) — A(Il,w) is
a function that assigns a distributed constraint optimization problem Il3 =
IT, N1II; to two constraint optimization problems Iy, ITy € A(IT,w) such that

I, O 113 AN 1Dy 3 113 AV EA(H,(U) : (Hl d1I; N1y QHZ):>H3QHZ

11, M 115 is called coarsest common refinement of I1; and Il.
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The intuitive interpretation of the meet operator is the computation of
the DCOP that is first a refinement of both given DCOPs, and second the
coarsest DCOP that satisfies the first demand. The meet presented by Fig. 4.2
can also be identified graphically as the shortest path from {{x1,z2}, {c1,c2}}
to {{z1,c1,c2}, {x2}} using the refinement direction. This is also shown by
the bold elements in Fig. 4.1.

Definition 4.3.3 (U on A(Il,w)). Given a set of distributed constraint op-
timization problems A(Il,w), join U : A(Il,w) x A(Il,w) — A(Il,w) is
a function that assigns a distributed constraint optimization problem I3 =
IT, U 15 to two constraint optimization problems Iy, IIy € A(Il,w) such that

I3 3111 NIz 3 I ANVII; € A(U,w) : (Hl JIL, NI D Hg) = II; 3 115.
I, U 115 is called finest common coarsening of IT; and Il.

The intuitive interpretation of the join operator is the computation of the
DCOP that is first a coarsening of both given DCOPs, and second the finest
DCOP that satisfies the first demand. The join presented by Fig. 4.3 can also
be identified graphically as the shortest path from {{z1,c1}, {z2}, {c2}} to
{{z1,c1,c2},{z2}} using the coarsening direction.

Taking a closer look at Fig. 4.1 reveals that {{x1,c1,z2,c2}} seems to be
the configuration of a DCOP that is coarser than any other DCOP. Simi-
larly, {{z1},{c1}, {z2}, {c2}} seems to be the configuration of a DCOP that
is finer than any other DCOP. Additionally, given two arbitrary DCOPs,
meet and join of the two DCOPs seems to always exist, at least in the form
of {{z1},{c1}, {za}, {ca}} or {{z1,c1, T2, ca}}, respectively. In fact, these ob-
servations resemble the definition of an algebraic structure — a lattice with 0-
and 1-element. This is stated by the following lemma. It is a prerequisite of
the structural result of autonomous dynamic reconfiguration (Theorem 4.4.1)
and such of the impact result (Theorem 4.4.2) and the sufficiency result (The-
orem 4.4.3).

Lemma 4.3.1. (A(II,w),M,U) is a lattice with 0- and 1-element.

Proof. The only variable in A(I1,w) is the configuration ¢, i.e. distributed
constraint optimization problems (I, ¢,w) € A(Il,w) only differ in ¢. Ac-
cording to Remark 3.4.1b), ¢ defines a partition on the set of variables and
constraints X UC of IT. Hence, A(I1,w) is isomorph to the set of partitions of
XUC'. Additionally, 3 on A(II,w) is defined analogously to the coarsening or-
der on the set of partitions of X UC. Therefore, (A(II,w), N, L) = (Partitions
of XUC, meet on partitions of X UC, join on partitions of X UC'). The latter
is known to be a lattice with 0- and 1-element [242] and is called partition
lattice.

The 0-element in (A(I1,w), M, L) corresponds to the 0-element in the parti-
tion lattice, namely cho = (1, ¢y ,w) where ¢, = {(zc,zc)|lzc € X UCH.
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The 1-element in (A(I1,w), M, ) corresponds to the 1-element in the parti-
tion lattice, namely IT$¢ := (II, ¢1,w) where ¢3 = (X UC) x (X UC). O

Remark 4.3.1.
a) (A(IT,w),M, ) is called DCOP lattice of II.
b) The set of agents A% is the largest possible and contains one agent for

each zc € X UC. The set of agents Ay, is the smallest possible and contains
only one agent.

Corollary 4.3.1. 3 is a reflexive partial order on A(Il,w).

4.3.2 Identifying Constraints

As already outlined in Sect. 2.3, multi-agent systems operate in domains that
are often subject to knowledge and social competence restrictions. The prin-
ciples of “decisions are made where decisions are put into practice” and data
protection demands rule out certain configurations that separate variables
and constraints that are closely related in the real world and group variables
and constraints that are parts of different realms of competence. We reflect
these social demands by using a so-called social configuration. A social con-
figuration is an equivalence relation on the set of variables and constraints
according to their membership to a certain realm of social competence. Con-
figurations that cross these realms are ruled out as being infeasible.

Definition 4.3.4 (Social Feasibility). Given a distributed constraint op-
timization problem IT = ((X,C,0),¢,w) and a (social) configuration ¢, IT
is social feasible (feasible,(II, ¢s)), iff

Ve, xe; € X UC : (xe, xci) ¢ ¢ps = (04, 2¢5) & ¢.

Remark 4.3.2. Given ¢s, a DCOP II is social feasible, iff II; :=
((X.C,0),¢s,w) I II.

Also in Sect. 2.3 we have motivated that there are computational bounds
on the complexity of problems that can be solved by common centralistic
approaches in a reasonable time. Even in the case of an approach that scales
well or can trade-off the quality of the solution against the time needed to
compute it, solutions may become too bad to be acceptable. Hence, we want
to deploy collaboration as a means to speed up the solving process by parallel
work. Instead of directly encoding the need for collaboration into constraints,
we assume that we can compute, estimate or measure the time complexity
of solving a given constraint optimization problem. This time complexity
depends on the variables, the constraints, the relation between constraints
and variables and the optimization function. Hence, all these influence factors
are provided to a generic complezity estimator.
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Definition 4.3.5 (Complexity Estimator). Given a constraint optimiza-
tion problem II = (X,C,0), a complexity estimator & (2XVC %
2A((X’C))*>R) — R is a function that maps constraint optimization prob-
lems to the estimated time to handle them.

Given the existence of a complexity estimator for constraint optimization
problems, we can specify a lower and upper bound on the admissible inter-
nal complexity and such define the complexity feasibility of a distributed
constraint optimization problem.

Definition 4.3.6 (Complexity Feasibility). Given a distributed con-
straint optimization problem II = ((X,C,0),0,w), a complexity estimator
&, an internal complezity lower bound & € R and an internal complexity
upper bound &, € R, IT is complexity feasible (feasible.(II,£,&;,84)), iff

V[ze € XUC/y - & < E(([2e]x, [zele, w(lzd]))) < &

A distributed constraint optimization problem that fulfills the social fea-
sibility constraint and the complexity feasibility constraint is called feasible.

4.3.3 Identifying the Optimization Criterion

A last important and very demanding step towards the formalization of the
AUREON problem is the definition of the term “good DCOP”. Following our
discussion in Sect. 2.5, in this work we will concentrate on two main influence
factors: the quality of the solution of the collaborative problem solving process
and its efficiency in terms of communication effort.

In solving constraint optimization problems, the quality of the produced
solution is strongly connected to the oversight of the constraint processing
approach on the search and solution space. As long as the constraint process-
ing approach knows definitively where to look for good solutions and where
not, it is not even necessary to literally explore the complete solution space
to find the best solution(s). The same holds for distributed constraint op-
timization problems. Figure 4.4a) illustrates the situation in which we are
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using a correct and complete constraint processing approach « for collabora-
tive problem solving. The COP and all DCOP formulations are a-id-solution
space equivalent, because « is able to explore the complete solution space
in any configuration. In this case, reconfiguration cannot change anything in
the quality of the collaborative problem solving process, only in its efficiency.

Unfortunately, correct and complete constraint processing approaches for
collaborative problem solving are usually such inefficient that they can only
be applied to academic toy problems. Therefore, practical approaches are
after good solutions that can be found more efficiently. To achieve this, we
will use a correct and complete constraint processing approach «; for in-
ternal problem solving, and a correct but incomplete constraint processing
approach «, for external problem solving. The interleaving of these two con-
straint processing approaches will yield our constraint processing approach
a = a;|ae for collaborative problem solving. The transformation produced by
« is always the identity, i.e. the search space of the distributed constraint opti-
mization problem produced by « is the same as the search space of the initial
distributed constraint optimization problem. Using an incomplete constraint
processing approach « of course changes the relations among the different
DCOPs. Figure 4.4b) illustrates this situation. In this case, reconfiguration
can change the quality of the collaborative problem solving process, because
DCOPs are not a-id-solution space equivalent anymore.

Given «, a constraint optimization problem I7°° and a local optimization
criterion generator w, we will prefer a DCOP IT%° € A(IT°,w) over a DCOP
I1§° € A(IT°,w), iff a can explore more solutions on IT{ than on IT$.
According to Def. 3.3.12, exactly this demand is encoded by IT{ >4 IIgee
(a-id-solution space reducibility). Though this definition of relative prefer-
ence over DCOPs is theoretically aesthetic, it is not very operational. The
definition of >{ bases on applying a twice, on both given DCOPs to compare.
Most realistic constraint processing approaches have a considerable running
time. Therefore, checking IT{* >4 I71§°° will most probably take much time.
Hence, we are in need of an estimation, whether I7{ >& I7d< holds without
using its correct definition.

The following lemma gives us justification that we can compare two
DCOPs by the “coarser than or equally coarse as” relation and still deduce
the a-id-solution space reducibility relation. It is the main prerequisite of our
impact result of autonomous dynamic reconfiguration (Theorem 4.4.2).

Lemma 4.3.2. Given two distributed constraint optimization problems I[I; =
((X,C,0),¢1,w) and IIs = ((X,C,0),¢p2,w) and an interleaving o = a|a
of a correct and complete internal constraint processing approach «; and a
correct external constraint processing approach .. Then

I, 31, = 11 Z;)é II5.

Proof. The essence of the theorem is that the interleaved constraint pro-
cessing approach « can compute at least as many solutions on II; as on
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II5, given that IT; is coarser than or equally coarse as Il5. According to
Def. 4.3.1, II; is coarser than or equally coarse as II, iff each configuration
block [zc] € X U/, is a union of configuration blocks [z¢;] € X U C/¢s.
If Iy = IIy, II; > II, is trivially correct (due to Cor. 3.3.4). Else, we can
wlog assume that at least one configuration block [zc] € X U C/y, is the
union of [zc;] € X UC/y, and [zco] € X UC/g,. Agent af,q can easily simu-
late the behavior of agent aj,.,) and agent a[,.,) using the external constraint
processing approach a. internally. Such, it can compute at least as many
solutions. Due to the completeness property of the internal constraint pro-
cessing approach «; it may even explore more solutions than ap.,) and @z,
with their (potentially) incomplete external constraint processing approach
Qle. O

To define an optimization criterion it is not sufficient to have a relative
notion of preference. We are in need of an absolute measure applicable to
each given DCOP. We derive this measure from the 0-1-lattice property of
the search space of AURE(ON. This property guarantees that each DCOP is
somehow related to the 1-element of the lattice and to the 0-element of the
lattice. To get an absolute measure, for each DCOP we simply determine
the cardinality of each configuration block minus 1 and cumulate this value
over all configuration blocks. Hence, coarse configurations with few and large
configuration blocks are rewarded, since they suffer less from subtracting 1
from the cardinality of each configuration block. In fact, this sum corresponds
to the number of times we can break up a single block in the inspected
configuration until we reach the 0-element. We call this measure coarseness.
To norm the result, we want the 1-element to get a coarseness value of 1
and the 0-element to get a coarseness value of 0. All other DCOPs shall get
coarseness values from the open interval (0,1). Hence, we divide the above
described sum by the maximum number of break ups, namely | X U C| — 1.
All this is formalized by the following definition.

Definition 4.3.7 (Coarseness of a DCOP). Given a distributed con-
straint optimization problem II = ((X,C,0),¢,w), the coarseness of IT is
defined by
Z[a:c]GXUC/d, I[JJC” -1

[Xuc|-1

Remark 4.3.3. As demanded, the coarseness of the 1-element of the DCOP
lattice (A(IT,w),M,U) equals 1, the coarseness of the 0-element equals 0.
There are exactly | X UC| different coarseness values which all range in [0, 1].

() =

Taking a look at Fig. 4.1 again shows that we have only four different
coarseness values 1, %, % and 0, though we have 15 different DCOPs. This
reflects the fact that in a DCOP lattice many DCOPs are incomparable and
hence reside on the same level of coarseness. This gets even worse for larger

sets of variables and constraints, because the number of different coarseness
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Fig. 4.5. External communication costs estimated
by external edges

values grows linearly with the number of variables and constraints while the
number of possible DCOPs grows exponentially in the number of variables
and constraints (see below). The consequence is that many DCOPs cannot
be distinguished according to their coarseness. We have traded a precise, but
computationally intractable measure (solution space size) against a weak, but
computationally efficient measure (coarseness).

To strengthen our notion of the quality of a DCOP and to incorporate the
second influence factor — communication efficiency — we introduce a second
measure. By communication efficiency we do not mean the physical time for
transmitting a message from one agent to another, but we denote the effort of
running one complete instance of the external problem solving approach a.
to ensure consistency between the several agents. This usually involves sev-
eral messages and the number of messages depends on the current situation.
Nevertheless, we assume this effort to be directly related to a very simplistic
measure: the number of external edges between different configuration blocks
of the extended constraint graph representation of a DCOP. Figure 4.5 il-
lustrates this measure by using thick lines for external edges and thin lines
for internal edges. Again, we norm this measure by computing the degree of
dependence of a DCOP as the quotient between the number of external edges
and the total number of edges.

Definition 4.3.8 (Dependence of a DCOP). Given a distributed con-
straint optimization problem IT = ((X,C,0),¢,w), the dependence of IT is
defined by
HrxeX|cC...x (x)2 X ...\ (x,¢) & ¢}
S() =3

Hzre X|eC...x (z)2 x ...}

ceC

The target of reconfiguration is to increase the quality of the collaborative
problem solving process as far as possible, i.e. to increase the coarseness of the
DCOP, and to decrease the dependence of t