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“Software constraints are only if you use them for what they’re intended to be used for”

David Byrne
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Abstract

Distributed Constraint Satisfaction Problem (DisCSP) is a mathematical formalism
solving many combinatorial distributed problems. It has proven its effectiveness in rep-
resenting and solving many real problems. This thesis presents an extension of the state
of the art of the DisCSP domain. Therefore, the made contributions are regrouped into
four main parts. In the first part, we have studied the exiting DisCSP algorithms, pre-
pared the dynamic DisCSP platform JChoc, and proposed new DisCSP algorithms based
on the existing algorithms’ merge.

The second part broaches DisCSPs with Complex local problems. We proposed the
Minimal Perturbation based Asynchronous Backtracking (MP-ABT), an algorithm treat-
ing the DisCSP local problems as Minimal Perturbation Problems (MPP), the Selective
Sorting and Smart Nogood (SS&SN), a general method applicable to every DisCSP algo-
rithm so as it can solve DisCSPs with Complex local problems, and SS&SN based ABT
(ABT-SS&SN) and SS&SN based AFC-ng (AFC-ng-SS&SN), the application of the SS&SN
method on the DisCSP algorithms ABT and AFC-ng.

The third part approaches the creation of a new formalism named Ethical DisCSP
(E-DisCSP). We integrated the ethics concept into DisCSPs. We dealt the gravity of the
presence of an unethical agent into a DisCSP resolution, we proposed some methods to
detect such an agent, and we suggested actions to apply on so as the DisCSP resolution
is as smooth as possible. Whilst the fourth part is an initiation to the application of what

we have realized on a realistic and recent problem which is the Smart Grid.

Keywords: Artificial Intelligence, Distributed Constraint Satisfaction Problems (DisCSP),
DisCSPs with complex local problems, ethics, Ethical DisCSPs (E-DisCSP), Smart Grid.
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Résumé

Les problemes de satisfaction des contraintes distribuées (DisCSP) représentent
de nombreux problemes distribués combinatoires. Il a prouvé sa puissance dans
I'interprétation et la résolution de nombreux problemes réels. Cette these présente une
extension de 1’état de I'art du domaine du DisCSP. Les contributions apportées sont re-
groupées en quatre parties principales. Dans la premieére partie, nous avons étudié les
algorithmes DisCSP existants, préparé la plateforme DisCSP dynamique JChoc, et pro-
posé de nouveaux algorithmes DisCSP basés sur la fusion des algorithmes existants.

La deuxieéme partie entame les DisCSPs avec des problémes locaux complexes. Dans
cette partie, nous avons proposé le Minimal Perturbation based Asynchronous Back-
Tracking (MP-ABT), un algorithme considérant les problemes locaux du DisCSP comme
des problémes de minimisation des perturbation (MPP), le Selective Sorting and Smart
Nogood (SS&SN), une méthode générale applicable sur chaque algorithme DisCSP afin
qu'il puisse gérer les DisCSP avec les problemes locaux complexes, et SS&SN based ABT
(ABT-SS&SN), SS&SN based AFC-ng (AFC-ng-SS&SN), 1'application du SS&SN sur les
algorithmes DisCSP ABT et AFC-ng.

La troisiéme partie s’attaque a la création d’un nouveau formalisme nommé Ethical
DisCSP (E-DisCSP). Nous avons intégré le concept d’éthique dans les DisCSPs. Nous
avons traité la gravité de la présence d’un agent non éthique dans une résolution DisCSP,
proposé quelques méthodes pour détecter un tel agent, et nous avons suggéré des actions
a appliquer afin que la résolution DisCSP soit aussi normale que possible. Tandis que la
quatrieme partie est une initiation a l’application de ce que nous avons réalisé sur un

probleme réaliste et récent qui est le Smart Grid.

Mots clés: L'intelligence artificielle, les problemes de satisfaction des contraintes dis-
tribués (DisCSP), les DisCSPs avec les problemes locaux complexes, Iéthique, les DisC-

SPs éthiques (E-DisCSP), Smart Grid.
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Résumeé étendu

Constraint Satisfaction Problem (CSP) est un formalisme représentant plusieurs prob-
lemes combinatoires réels. I1 modélise les problemes en un ensemble de Variables,
définies dans un ensemble de Domaines, et liées par un ensemble de Contraintes. La
nature distribuée de certains probléemes a causé 1’extension du formalisme CSP en Dis-
tributed CSP. En plus des parametres CSP, les problemes DisCSP sont modélisés par un
ensemble d’Agents. Les parametres sont donc distribués entre ces agents qui se con-
nectent via des contraintes aussi.

Plusieurs algorithmes sont apparus afin de résoudre de tels problémes. Ils se basent
en général sur I’échange des messages soit d"une maniére synchrone ou asynchrone. Les
messages échangés peuvent étre divisé en deux catégories. Les messages qui portent
les instanciations des agents, et ceux qui expriment leur blocage. Les algorithmes se
différe par la maniere d’envoi des messages (synchrone ou asynchrone) et la maniere
d’exprimer le blocage. Parmi les algorithmes DisCSP existants, nous pouvons men-
tionner 1’Asynchronous Backtracking ABT et le nogood based Asynchronous Forward
Checking (AFC-ng). Les performances de ces algorithmes dépendent du probléme a ré-
soudre. Par exemple, AFC-ng est performant lorsque les problémes sont denses, alors
que dans le cas contraire c’est I’ABT le meilleur.

Dans un premier lieu, et avant d’entamer 1’extension de l'état de 1’art en ce qui con-
cerne les méthodes, les algorithmes et les formalismes, nous avons préparé une plate-
forme DisCSP nommée JChoc, dans le deuxiéme chapitre de la premiére partie, apres
avoir abordé 1'état de 1’art DisCSP dans le premier chapitre. La plateforme permet
d’exploiter les algorithmes existants, de créer de nouveaux algorithmes, de les expéri-
menter, et de permettre aux non-experts la résolution des probléemes DisCSPs sans avoir
besoin a connaitre les algorithmes. Les résultats expérimentaux ont montré 1’efficacité de
la plateforme méme dans des environnements dynamiques.

Dans le troisiéme chapitre de la méme partie, et toujours dans le but d’exploiter et
de tirer profit de l'existant, nous avons essayé de lancer plus qu'un algorithme en méme
temps, et proposé deux méthodes d’apprentissage des nogoods (une maniére d’exprimer
le blocage) entre ces algorithmes. Elles se basent sur le fait que les performances d'un

algorithme dépendent du probleme a résoudre. La premiere méthode garde les deux



ix

algorithmes en exécution, et fait 'apprentissage mutuel des différents algorithmes, alors
que la deuxieme permet de piquer en quelques sortes le meilleur algorithme, au départ et
d’arréter l'autre. Les expérimentations ont prouvé 1'efficacité de I’apprentissage, surtout
celle de la deuxieme méthode.

La conception des algorithmes DisCSP est faite de telle sorte a supporter les prob-
lemes dont les agents sont simples ; chacun gere une seule variable. Dans le cas com-
plexe, la communauté DisCSP utilise des méthodes qui transforment les problemes lo-
caux des agents. Parmi ces méthodes, on trouve la compilation qui crée pour chaque
agent complexe une variable abstraite, dont le domaine est ’ensemble de ses solutions
locales. On trouve aussi la décomposition, qui considére chaque variable locale comme
un agent virtuel.

Dans la deuxiéme partie, nous avons abordé ces DisCSPs ayant les problemes locaux
complexes. Dans son premier chapitre (Chapitre 4), nous avons détaillé les méthodes
précitées ainsi que les autres méthodes et algorithmes existants. Tous les algorithmes se
basent en général sur soit la compilation, ou bien la décomposition.

Dans le chapitre 5, nous avons proposé 1'algorithme Minimal Perturbation based
ABT (MP-ABT), une extension de I’ABT. Dans cet algorithme, nous considérons chaque
agent complexe, comme un probléeme de minimisation des perturbations (MPP pour
Minimal Perturbation Problem). A chaque fois 'agent regoit un message demandant
le changement de son instanciation, il cherche une nouvelle instanciation trés proche de
I'antécédente, changeant le minimum des variables locales. La minimisation des pertur-
bations locales a pour objectif de minimiser la perturbation des agents et donc minimiser
I’échange des messages. Tous ces objectifs ont été atteints dans les résultats expérimen-
taux.

Dans le chapitre 6, nous avons proposé le Selective Sorting & Smart Nogood SS&SN.
Une méthode générale a intégrer dans les algorithmes DisCSP afin qu’ils puissent ré-
soudre les DisCSP complexes. A priori, la méthode se base sur la compilation et se com-
pose de deux sous méthodes. La premiere Selective Sorting SS effectue un tri sélectif
du domaine compilé de la variable abstraite créé, a chaque fois une nouvelle instancia-
tion est requise. Le tri se fait sur la base de choisir d’abord l'instanciation qui est la plus
proche de la précédente, qui va perturber les agents les moins prioritaires et qui engen-
dra la vérification de moins de contraintes. Pour la deuxiéme méthode Smart Nogood
SN, elle améliore la forme du nogood/le message de blocage. Le nogood envoyé lors de

l'utilisation de la compilation renvoie toute I'instanciation d’un agent. Donc, un simple



changement d’une valeur d'une seule variable, est considérée comme une autre instanci-
ation non bloquée, méme si la variable changée n’a aucun rapport avec le blocage. Donc,
'objectif du SN est de concevoir un nogood renvoyant seulement les valeurs respons-
ables du blocage.

Dans le chapitre 7, nous avons présenté les algorithmes ABT-SS&SN et AFC-ng-
SS&SN, résultats de l'intégration de la méthode SS&SN dans les algorithmes ABT et
AFC-ng. Nous avons comparé ces algorithmes avec les existants. Les résultats expéri-
mentaux ont montré la force de la méthode SS&SN surtout lorsque les problemes sont
solvables. Dans le cas contraire, 1’effort mis dans le tri des domaines se gaspillent par la
déclaration de l'insolvabilité du probleme. Mais le SN reste toujours bénéfique.

En parallele avec 1'étude des DisCSPs complexes, nous avons travaillé, dans une
troisiéme partie, sur la possibilité d’intégrer la notion de 1’éthique dans les DisCSPs.
Dans le chapitre 8, le premier de cette partie, nous avons d’abord défini I’agent DisCSP
non éthique, en présentant quelques réactions possibles de cet agent, qui peut mentir, ou
bien négliger un message de blocage. Puis, nous avons présenté la gravité de la présence
d’un tel agent dans une résolution DisCSP. Parmi les résultats, nous avons trouvé que
la plupart des résolutions ratent la premiere solution, donnent des solutions incorrectes,
bouclent infiniment, ou bien s’arrétent aprés un time out. Afin de résoudre ce probleme
nous avons créé un nouveau formalisme Ethical DisCSP (E-DisCSP), qui, en plus des
parameétres DisCSP, ajoutent des regles éthiques a respecter, et des actions a appliquer
dans le cas du non-respect de ces regles. Dans le méme chapitre nous avons congu un
systéme de contrdle assurant le controle de ces nouveaux parametres. Ils se composent
de trois unités principales. L'unité des hypotheses (Assumptions unit), qui récupére les
messages échangés et les transforme en fbf, l'unité éthique (Ethical unit), qui enregistrent
les régles éthiques ainsi que les actions, et 'unité TMS, qui vérifie la consistance des
fbfs, récupérés depuis les messages, contre les regles éthiques enregistrées dans 1'unité
éthique. Lors de la détection d’une violation d'une régle, il récupére ’action appropriée.

Avant d’entamer l'intégration des régles éthiques dans 1'unité éthique, nous avons
veillé a controler, d’abord, les activités anormales communes, comme le mensonge et
la négligence des messages, dans le chapitre 9. Nous avons proposé une méthode de
conversion des messages en fbf et nous avons utilisé les résultats dans 1'unité TMS, afin
de détecter les activités anormales précitées. Les résultats expérimentaux ont montré que
le taux de détection est tres élevé d’our la force de la méthode de conversion utilisée et

celle de la détection.
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Une fois la détection est faite, nous avons proposé quelques actions a appliquer sur
les agents responsables dans le chapitre 10. Nous avons proposé comme actions : le
changement de la priorité de I’agent non éthique, ou bien son élimination du processus
de la résolution. Les actions prises ont pu diminuer d’une maniére tres importante le
nombre de solutions erronées, des boucles infinies, et des times out.

Dans la quatrieme partie, nous avons pris un probléme réel qui est le Smart Grid,
afin d’appliquer progressivement tout ce nous avons réalisé. Dans le chapitre 11, nous
avons commencé par la modélisation CSP, des niveaux locaux du probleme. La modéli-
sation vise, en général, a prioriser 1'utilisation des énergies renouvelables, ne pas avoir
une consommation locale qui dépasse les prévisions, et stocker I'énergie renouvelable, si
exces.

Avant de passer a la modélisation DisCSP, nous avons réalisé que les problemes lo-
caux du Smart Grid sont des problemes d’optimisations, par définition. Donc, dans
le chapitre 12, nous avons modélisé le probleme en Constraint Optimization Problem
(COP), qui rajoute au CSP des fonctions objectives a optimiser. Les fonctions objectives
définissant ce probleme sont en général, la priorisation du fonctionnement des appareils,
la maximisation du nombre d’appareils fonctionnel et la minimisation de ’écart entre la

vraie consommation des locaux et les prévisions.
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General Introduction

Constraint Programming is a well-known area in Artificial Intelligence. The use of this
tield’s approaches and formalisms, especially Constraint Satisfaction Problem (CSP), al-
lows representing stylishly several real problems as Variables taking values in Domains
and linked by Constraints, and therefore solving them smartly, by assigning those vari-
ables from their domains without violating any constraint. The CSP is operative in dif-
ferent domains, namely drones, logistics, medicine, and industry 4.0.

Many real problems are naturally distributed among some entities. Hence the ap-
parition of the Distributed CSP (DisCSP) formalism. It consists of distributing the CSP
parameters among a set of autonomous agents. DisCSP represents therefore the problem
as a set of agents, handling each one a set of constrained variables, and connecting each
other via other constraints. Many real problems can be considered as DisCSP, as dis-
tributed meeting scheduling problems [Tsuruta and Shintani, 2000; Meisels and Lavee,
2004], military unmanned aerial vehicles teams [Jung, Tambe, and Kulkarni, 2001], dis-
tributed vehicle routing problems [Léauté and Faltings, 2011], and distributed sensor
network problems [Jung, Tambe, and Kulkarni, 2001; Béjar et al., 2005].

To simplify the CSP use, several CSP solvers have been created, using existing al-
gorithms to solve the problems defined by their parameters. We quote SAT4J [Le Berre
and Parrain, 2010], Abscon [Merchez, Lecoutre, and Boussemart, 2001], Mistral [Hebrard,
2008], and Choco [Jussien, Rochart, and Lorca, 2008].

To solve DisCSP problems, an important number of approaches have been proposed.
The most prominent ones are the Asynchronous Backtracking(ABT) [Yokoo et al., 1992;
Yokoo et al., 1998; Bessiere et al., 2005], the Asynchronous Weak Commitment (AWC)
[Yokoo, 1995], the Asynchronous Forward Checking (AFC) [Meisels and Zivan, 2007],
and the Nogood-based Asynchronous Forward Checking (AFC-ng) [Wahbi et al., 2013].



2 . General Introduction

All these algorithms are based on synchronously or asynchronously exchanging mes-
sages between agents, either to send their instantiations or to express failure. For simpli-
fication assumptions, all these algorithms assume that agents are simple; there is exactly
one variable per agent.

Similarly to CSPs, there are some open-source DisCSP platforms alimented by DisCSP
algorithms, allowing to solve DisCSP problems, to experiment existing DisCSP algo-
rithms, and to create new ones, namely Framework for Open Distributed Optimization
(FRODO) [Petcu, 2006; Léauté, Ottens, and Szymanek, 2009], AgentZero [Lutati et al.,
2014], and DisChoco [Ezzahir et al., 2007b; Wahbi et al., 2011]. All these platforms are
based on simulating each agent by a thread.

The variety of DisCSP algorithms and applications, the agents” simplicity assumption

assumed by algorithms, as well as the autonomy of the agents lead to several questions.

e How about merging the DisCSP algorithms?

e Is it possible to have a realistic DisCSP platform, used not only by developers but

also by simple users?
e How to solve complex problems, when agents handle more than one variable?

e And what is the fate of the DisCSP problem’s resolution, if these autonomous

agents make unethical decisions?

In this thesis, we are going to tackle those questions in four parts. In the first part,
we are going to contribute to the DisCSPs problems’ resolution, by proposing a new
DisCSP platform ensuring the resolution of the problems, the integration of new DisCSP
algorithms, and the experimentation of the different algorithms. In the same part, we are
going to try to capitalize on the existing DisCSPs algorithms, while trying to run more
than one algorithm asynchronously and learn from each other.

The second part will broach the third question, namely DisCSPs with complex local
problems. We are going to tackle the different methods and algorithms proposed to han-
dle those problems and broaden the state of the art, by proposing new algorithms and
methods.

The ethics question is going to be discussed in the third part. We are going to assess

the presence of an incorrect agent into DisCSP resolution, propose the Ethical DisCSP
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formalism to take the unethical agents into consideration, propose some methods to de-
tect such agents, and take decisions against them so as the DisCSP resolution is still as
normal as possible.

Once the state of art enlargement is done, either by proposing methods and algo-
rithms, or even formalisms, we must bring intention to the applicability of what we
achieved. Hence the objective of the fourth part. We are going to gradually begin ap-

plying what we realized on the smart grid problem.
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4 1. Background

1.1 Introduction

Programming has appeared before modern computers which were born just in the 1940s.
There are several types of programming: concurrent programming[Andrews, 1991],
declarative programming [Myers, Giuse, and Zanden, 1992], functional programming
[Reade, 1989; Hirayama and Yokoo, 1997], imperative programming [Xi, 2000], logic pro-
gramming [Apt, 1990], object-oriented programming [Rentsch, 1982], procedural pro-
gramming [Brilliant and Wiseman, 1996], structured programming [Vessey and Weber,
1984], and Constraint Programming (CP) [Podelski, 1994].

Constraint Programming is the most recent and most ideal paradigm according to E.
Freuder !. It appeared in 1970. It allows to represent and solve big sizes’ problems, using
constraints which allow to simplify and reduce the problem size.

As CP parts, several paradigms have been appeared. We can mention Constraint Sat-
isfaction Problems (CSP) [Kumar, 1992; Tsang, 1995], Constraint Optimization Problems
(COP) [Amadini, Gabbrielli, and Mauro, 2014], Valued CSPs (VCSP) [Schiex, Fargier, and
Verfaillie, 1995], Distributed CSPs (DisCSP) [Yokoo, 2001] and Distributed COPs (DCOP)
[Liu and Sycara, 1995].

In this chapter, we are going to present the definitions related to the CSP and DisCSP

paradigms, as well as examples and resolution algorithms.

1.2 Constraint Satisfaction Problems (CSP)

A Constraint Satisfaction Problem is a mathematical problem where a solution, states or
objects, satisfying a number of constraints or criteria, is/are sought.

Many real problems can be modeled as CSPs [Nadel, 1990b]. We can cite Computer-
Aided Design, scheduling and timetabling problems, optimization problems, and hard-
ware configuration.

To well understand CSP modeling and resolution methods, some concepts need to be

defined in more details.

1.2.1 Definitions

Definition 1 (CSP) A CSP is a paradigm representing a mathematical problem as a triplet {X,
D, C} such that:

L"Constraint Programming is one of the closest approaches to computer science. computer solves it” E. Freuder
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o X = Xy,Xo,..., Xy: is the set of variables
o D = Dq,Dy, ..., Dy: is the set of domains. Each variable X; takes its values in domain D;.
o C=Cq,Cy, ..., Cy: is the set of constraints

The CSP objective is to assign each variable a value so as all constraints are satisfied.

Definition 2 (Constraint) A constraint ¢ € C is a mathematical relation between a subset of
variables X' C X. This relation can be an intention or an extension one.

An intention constraint is defined using known mathematical properties (+, —,=,>, <
,....). The constraint "x is equal to y” is written as x = y;

An extension constraint is defined by quoting the tuples of values belonging to the relation.

The constraint "x is equal to y” is, for example, written as {(1,1), (2,2), (3,3),...}.

Definition 3 (Assignment) A = {(x1,v1), (x2,02), ..., (X, vx) } is an assignment of a subset
of variables X4 = {x1, ..., xx} C X, when those variables are instantiated with values belonging
to their domains (v1 € D1, v € Do, ..., X € Dy).

An assignment A can be total (ie, X4 = X) or partial (ie X4 # X), consistent (ie, all

constraints are satisfied) or inconsistent (ie. at least one constraint is violated).

Definition 4 (CSP Solution) A CSP solution is an assignment of all variables with values from

their domains, so as the existing constraints are all satisfied. It is a total consistent assignment.

1.2.2 CSP example

There are many known CSP examples. We can mention the problems: SEND + MORE
= MONEY [Lemlouma and Boudina, 2000; Nareyek, 2001], Zebra [Salavati, Hajjarzadeh,
and Mazloom, 2009], Graph coloring [Gualandi and Malucelli, 2012], N queens [Nadel,
1990a], Sudoku [Mantere and Koljonen, 2006] and Meeting Scheduling problems [Sen
and Durfee, 1995].

Let take a real problem that is the Meeting Scheduling Problem (MSP) [Sen and Dur-
fee, 1995; Garrido and Sycara, 1996], as an example. It consists of scheduling m meetings,
that were attended by 7 attendees having each one its personal calendar, split into time
slots. Figure 1.1 shows an MSP example containing five meetings and three persons at-
tending each one a subset of these meetings. Ali should assist the meetings 1 and 2, Driss
has to attend the four meetings 1, 2, 3 and 4, while Hamid has the three meetings 1, 3 and
4.



6 1. Background

Su Mo Tu We Th Fr Sa Su Mo Tu We Th Fr Sa

5 6 F-%-9-i611
F2-H b5 61518
+9-20-21-22-23-24-25
26-27-2-29-30-34-—

B T .
19-20-23-32-23-24-25 e Meetlngl

2-27-28-29-30-34---

Meeting 2

Su Mo Tu We Th Fr Sa

+2 3 4
5 6 F-%-9-i6-1
“F2-H-H-E5 1518
+5-20-21-22-23-24-25
2627-28-29-30-34-—

FIGURE 1.1: Meeting Scheduling Problem example

The availabilities of each attendee, the duration of each meeting, its location, as well
as the displacement time between every two different meetings (Arrival-Time (AT) Con-
straint) should be taken into consideration.

Formally, the problem can be modeled as:

o X = {Mj, My, M3, ..., M, } the set of m variables. Each M;, represents a meeting. m

is equal to 5 in the example shown in Figure 1.1;

e D ={D(M;),D(M), D(M3), ..., D(My,)} is the set of domains. D(M;) is the vari-

able M; 's domain. It is the shared (intersection) availabilities of the M;’s attendees.

D(M;) = N availabilities(At;) (1.1)
At;€ Attendees(M;)

e C is the set of Arrival-Time constraints. For each person participating in at least
two meetings, there is an AT (i, j) constraint for each pair (M;, M;) of its meetings.
in the example 1.1, Driss has the 4 meetings 1,2, 3 and 4, so there are 6 AT constraints

AT(1,2), AT(1,3), AT(1,4), AT(2,3), AT(2,4), AT(3,4). AT(i,j) is defined by:

AT(i,j) =
| Time(M;) — Time(M;)|| — Duration(M;) > Displacement(Location(M;), Location(M;))  (1.2)
Once a problem is well modeled, its resolution is done via the CSP algorithms, as

the BackTracking (BT) [Kumar, 1992], the Forward Checking (FC) and many other algo-

rithms.
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1.2.3 CSP Algorithms

The first algorithm, used to solve CSP problems, is Generate and Test (GT) [Kumar, 1992].
It consists of generating assignments and testing whether the generated combination sat-
isfy the constraints or not. The first combination satisfying all the constraints is returned
as a CSP solution.

The resolution with this method is blind and becomes difficult or impossible when the
problems are bigger. For this, several ordered algorithms appeared, such as BackTracking
(BT) [Kumar, 1992], Forward Checking (FC) [Bacchus and Grove, 1995], BackJumping (BJ)
[Dechter and Frost, 2002], Arc Consistency AC-1, AC-2, AC-3, AC-4, AC-2001 [Bessiere,
1991], [Mackworth, 1977], [Mohr and Henderson, 1986], [Bessiere, 1994], [Freuder, 1995]
and Maintaining Arc Consistency (MAC) algorithm [Larrosa and Schiex, 2004].

We are going to describe the BT and FC algorithms since we are based on these two

algorithms in the thesis.

BackTracking (BT)

Algorithm 1 BT algorithm

1: procedure BT(A,7)
2 if X4 = X then return A
3 else
4 if D is empty then return null
5: else
6 for each v; from D; do
7 if isConsistent(A U (x;,v;)) then
8 A%AU(X,’,U]');
9: 1 1i+1;
10: BT(A, i);
11: end if
12: end for
13: 1+ 1—1;
14: remove v; from D;;
15: remove x; value from A;
16: BT(A, i);
17: end if
18: end if

19: end procedure

BackTracking [Kumar, 1992; Dechter and Frost, 1999] instantiates synchronously the
variables. Each variable chooses a value from its domain and tests if all the constraints are
satisfied. If so, the instantiation process passes to the next variable. Otherwise, another

value is assigned to the variable. If all the variable” values are tested without finding a
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consistent value, a BackTrack is made to the previous variable, to choose a new value. The
algorithm ends when i) all variables are instantiated, meaning that a solution is found, or,
ii) a BackTrack is performed at the first variable, meaning that the problem is insolvent.
Algorithm 1 shows the BackTracking procedure. It checks whether if the instantiation
A is total, by verifying if the set X 4 is exactly equal to the set X (line 2). If so, A is returned
as a solution. Otherwise, the first unsigned variable is chosen and its domain is browsed
to find a consistent value which satisfies all constraints (lines 6 and 7). If is that possible,
it adds the chosen value to A (line 8) and a recursive call of BT is made to move on to the
next variable (line 10). If the procedure does not find any consistent value, the last signed
variable is removed from A (line 14), its value is deleted from its domain (line 15), and a
recursive call of BT is made to find another consistent value to this variable (line 16). If

the first variable’s domain become empty (line 4), the problem is insolvable.

Forward Checking (FC)

Algorithm 2 FC algorithm

1: procedure FC(A,7)
2: BT(A,i);
3: end procedure

4: function ISCONSISTENT(A)

5 for each x; from X\ X, do

6: for each v from D; do

7 if - isConsistent(A U (x;, vy)) then
8 remove vy from Dj,'

9

: end if
10: end for
11: if D; is empty then return false
12: end if
13: end for return true

14: end function

Forward Checking (FC) [Bacchus and Grove, 1995] algorithm improves BT algorithm
by adding a propagation technique. For each instantiated variable X;, it removes all
inconsistent values from the uninstantiated variables” domains. This method allows pre-
dicting the conflict before it happens. After deleting the values from domains, the algo-
rithm checks if there a variable domain which is empty. If this is the case, the value of the

current variable X; is changed.



1.3. Distributed Constraint Satisfaction Problems (DisCSPs) 9

Algorithm 2 shows the procedure and the function applied by the FC algorithm. The
FC procedure is the same as the BT (line 2). But the consistency test made by BT is differ-
ent to that for FC. IsConsistent function shows how FC checks if an assignment is consis-
tent or not. For each unsigned variable (line 5), it browses its domain (line 6) to remove
the inconsistent values from (lines 7 and 8). If one of the domains becomes empty the
assignment A is considered inconsistent (line 11). If all unsigned variables are browsed

without emptying of any domain, the assignment is considered consistent (line 13).

1.24 Constraint Optimization Problems (COPs)

In this report, we are going to use the COP concept in some parts, without the need to
detail the resolution methods. This is why a COP definition is necessary.

A COP [Chong and Zak, 1996; Meisels, 2008] is an extension of the CSP formalism.
As the CSP, the COP produces valid solutions satisfying the defined constraints. Further-
more, it allows to choose some preferred solutions. The preference is defined as a/set of
function(s) to be optimized. It is/they are called Objective Function(s).

Formally, a COP is defined by the tuple (X, D, C, f), such as X, D and C are defined
similarly as for CSP:

e X ={Xj, Xy, ..., X;;}: is set of n variables;
e D={Dq, Dy, ..., D,}: is set of domains (ie. D; is the domain of the variable X;);
e C={Cy, Cy, ..., Cyl: is set of constraints which link the variables

and

e f: Dy x Dy x...x D, = Ris the function objective to optimize.

All CSP algorithms can solve COP problems, by looking for all solutions and keep
the one which optimizes the objective functions. In addition, there are several COP al-
gorithms as Branch and Bound [Clausen, 1999], Russian doll search [Verfaillie, Lemaitre,

and Schiex, 1996], and Bucket Elimination [Rollén and Larrosa, 2006].

1.3 Distributed Constraint Satisfaction Problems (DisCSPs)

The distributed nature of some problems limits the power of CSPs to model such prob-

lems adequately. Due to the complexity reasons (i.e. these problems are more complex
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to be modeled in centralized way) and confidentiality (i.e. centralizing a naturally dis-
tributed problem decreases privacy), the Distributed Constraint Satisfaction Problem
(DisCSP) concept has been created.

In DisCSPs [Yokoo et al., 1992; Yokoo et al., 1998], the parameters (X, D, C) are dis-
tributed among a set of autonomous agents in a Multi-Agent System (MAS) [Liu, Jing,
and Tang, 2002]. These agents must exchange messages in order to find a solution satis-

fying the intra-agent and the inter-agent constraints.

1.3.1 Definitions

We are going to define terms we have already mentioned such as MAS, DisCSP, intra-
agent constraint, inter-agent constraint, and DisCSP solution. Other terms will be defined

as needed.

Definition 5 (MAS) A Multi-Agent System is a set of autonomous agents, interconnected via

relations. These agents share a problem and try to solve it collectively.

Definition 6 (DisCSP) A DisCSP is a CSP whose components (variables, domains, and con-
straints) are distributed among several agents (a MAS). It is defined by 5-tuple (A, X, D, C, ¢)

where:

o A={A1, Ay, .., Ay} isaset of n agents;
o X ={Xy,Xa,.... Xiu} is a set of m variables;

e D = {Dy,Dy,..., Dy} is a set of m domains, such that D; is the set of values that X; can
take;

o C={C,Cy,...,Cp} is aset of p constraints;
e ¢ is the function which associates each variable to an agent.

Definition 7 (Intra-agent constraint) An intra-agent constraint is a constraint linking the

variables of the same agent. Cjj is an intra-agent constraint that links X; and X; if and only
Fo(X:) = 9(X)).
Definition 8 (Inter-agent constraint) An inter-agent constraint is a constraint linking the

variables of different agents. C;; is an inter-agent constraint that links X; and X; if and only
if p(Xi) # ¢(X;).
Definition 9 (DisCSP Solution) A DisCSP solution is an assignment of all variables with val-

ues from their domains, so as the inter-agent and intra-agent constraints are all satisfied.
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FIGURE 1.2: Distributed Meeting Scheduling Problem example

1.3.2 DisCSP Example

We are going to treat the same real problem taken in CSP example (the MSP). It was mod-
eled and presented in section 1.2.2 as a CSP. In the CSP modelization, all informations are
centralized, while the problem is distributed by nature. Generally, persons prefer to not
reveal their informations for privacy reasons. This is why a DisCSP modeling of Dis-
tributed MSP (DisMSP) is proposed in [Meisels and Lavee, 2004; Tsuruta and Shintani,
2000].

Since a DisCSP problem is defined by a set of agents, in addition to the other three
CSP parameters, the agents are plainly the set of persons attending the meetings. The set
of variables of each agent is the different meeting attending by that agent (a meeting M;
can figure as many times as the number of participating agents). The domain of a vari-
able/meeting is the availabilities of the agent handling the meeting. and the constraints
are the Arrival-Time constraints in addition to the equality constraint which links the var-
ious apparitions of the same meeting in different agents, expressing that they represent
the same meeting.

Figure 1.2 shows the DisCSP modelization of the example shown in Figure 1.1.

This example is defined by {A, X, D, C, ¢} where:

e A ={Aj, Ay, A3} such as A; represents Ali, A, represents Driss, and Az represents

Hamid;

o X ={Mj1, M1, M5, M1, Moo, Ma3, Mpa, M3,
Ms3, Ms4};
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e D= {D(Mi1),D(Mi2),D(Ms), D(My1),D(M22), D(M33), D(Mz4), D(Ms1),
D(Ms3), D(Ms4)}, such as:

* D(Mll) = D(Ml.z),: D(M1.5) = calendar(Ali),
* D(Mp1) = D(Mp3) = D(Mp3) = D(My4) = calendar(Driss),

* D(M31) = (Ms3) = D(Msy) = calendar(Hamid);
o C={(C],C},C},C,C3,,CEyChy Cls, G5, C3 4, C35,C3 4}, such as:

* Ci1 is the equality constraint: M;; = My;
* C%]- is the Arrival-Time (AT) constraint between My ; and My ; for each agent

Ay. The Arrival-Time Constraint is defined by: || Time(My;) — Time(My)| —
Duration(My ;) > Displacement(Location(My;), Location(My));

e ¢(M;;) = A;.

As in CSP, there are many existing DisCSP algorithms that solve such problems.

1.3.3 DisCSP Algorithms

There are several DisCSP algorithms. Let start with the Synchronous BackTracking (SBT)
[Yokoo et al., 1992] Which is the easiest one. It is based on the BackTracking algorithm
[Kumar, 1992]. In the SBT, the agents instantiate its variables synchronously. The only
agent that can instantiate its variables, is the one having the Current Partial Assignment
(CPA) structure. After each instantiation, the agent adds the value of its variable to the
CPA structure and sends it to the next agent (lower priority agent).

The synchronization is a limitation of the SBT algorithm. This is why it was necessary
to create the well known and used Asynchronous BackTracking (ABT) [Yokoo et al., 1992;
Yokoo et al., 1998; Bessiére et al., 2005]. Contrary to the SBT, the agents instantiate their
variables asynchronously.

As the asynchronism, the synchronization has also its benefits. This is the reason
of the apparition of Asynchronous Forward Checking (AFC) [Meisels and Zivan, 2007].
This algorithm allows agents to instantiate their variables synchronously, and to spread
the assignments asynchronously, in order to detect the failure as soon as possible. The
only message that circulates among agents and handles its instantiations, is the CPA mes-
sage. If an agent detects an empty domain, it generates a new Not_OK message and
sends it to the agents that don’t have yet a value in the CPA. The agent that receives this

message and has the CPA structure, changes its values.
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The authors, in [Wahbi et al., 2013], improved the AFC algorithm, by creating another
new algorithm named Nogood Based AFC (AFC-ng). They are based on the fact that, in
the AFC, the agents send the Not_OK messages to all agents that do not yet instantiate
their variables, while it is possible to know the exact causes of the failure (the values in
the CPA that causes the failure). From this fact, they proposed to send a single message
nogood (Definition 10), containing the causes, to the lowest priority agent, among the

responsible agents.

Definition 10 (Nogood) A nogood is a justification of inconsistency of a variable xy. It is writ-
ten under the form x; = v; A xj = vj A\ ... — Xy # Uy, meaning that as long as the value of x; is

equal to v; and the value of x; is equal to vj, ..., x cannot take the value vy.

In this thesis, we have used the well-known algorithm ABT and the recent one AFC-
ng.

Asynchronous BackTracking (ABT)

The ABT [Yokoo et al., 1992; Yokoo et al., 1998; Bessiere et al., 2005] algorithm is the most
well-known algorithm for solving DisCSP Problems. It is the basis of all other algorithms
which have appeared after. This algorithm solves the DisCSP problem asynchronously.
The order of the agents participating in the resolution is made statically beforehand, and
all existing agents execute the ABT algorithm at the same time.

Algorithm 3 presents the procedures and functions used by the ABT algorithm.

When the algorithm starts, each agent chooses its first local solution, and sends it to
the lower priority connected agents via an ok? message (CheckAgentView procedure
line 2).

When an agent receives such a message (line 6), it stores the received value in its
AgentView (ProcessInfo procedure, line 42). If the receiver AgentView contains, al-
ready, an old sender solution, the receiver updates its AgentView with the new one.
After updating the AgentViews, each agent checks whether its current value is still
consistent with its AgentView (CheckAgentView procedure, line 13). If so, the agent
will do not anything. Otherwise, it tries to look for another consistent value in its do-
main(CheckAgentView procedure, line 14), while recording a nogood in its NogoodStore
(ChooseValue function, line 37), justifying the inconsistency of each non-chosen value.

In the search of a new consistent value, the agent may do not find it (CheckAgentView

procedure, line 19). In which case it gathers the nogoods registered in its nogoodStore
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Algorithm 3 ABT algorithm

1: procedure ABT myvalue <— empty;end < false;
2: CheckAgentView();

3 while —end do

4 msg < getMsg();
5: Switch (msg.type)
6:

7

8

9

Ok? : ProcessInfo(msg);
ngd : ResolveConflict(msg);
stp :end < true;
: adl : SetLink(msg);
10: end while
11: end procedure

12: procedure CHECKAGENTVIEW(msg)
13 if —consistent(myValue; myAgentView) then

14: myValue <— ChooseValue();

15: if myValue then

16: for each child € T (self) do

17: sendMsg : Ok? (child, myValue);
18: end for

19: else Backtrack();

20: end if

21: end if

22: end procedure

23: procedure RESOLVECONFLICT(15g)
24:  if Coherent(msg.Nogood, I~ (self) U {self}) then

25: CheckAddLink(msg);

26 add(msg.Nogood, myNogoodStore);

27: myValue < empty;

28: CheckAgentView();

29:  else if msg.sender € I'* (self) A Coherent(msg.Nogood, self) then
30: SendMsg : Ok? (msg.Sender, myValue);

31: end if

32: end procedure

33: function CHOOSEVALUE()
34: for each v € D(self) not eliminated by myNogoodStore do

35: if consistent(v,myAgentView) then return (v);

36: else

37: add(x; = val; — self # v, myNogoodStore); > v is inconsistent with x;'s
value

38: end if

39: end for return (empty)
40: end function
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41:
42:
43:
44:

45:
46:
47.

48:
49:
50:
51:
52:
53:
54:
55:
56:
57:
58:
59:
60:
61:
62:
63:
64:
65:
66:

67:
68:
69:
70:
71:
72:
73:
74:

75:
76:
77:

78:
79:

80:

procedure PROCESSINFO(1msg)
Update(myAgentView, msg.Assig);
CheckAgentView();

end procedure

procedure SETLINK(m5sg)
add(msg.sender, T (self)); sendMsg:ok?(msg.sender, myValue);
end procedure

procedure CHECKADDLINK(msg)
for each var € lhs(msg.Nogood) do
if var ¢ T~ (self) then
sendMsg:adl(var,self);
add(var,I'~(self); Update (myAgentView, var < varValue);
end if
end for
end procedure
procedure BACKTRACK
newNogood <« solve(myNogoodStore);
if newNogood = empty then
end < true;
sendMsg:stp(system);
else
sendMsg:ngd(newNogood);
Update (myAgentView, rhs(newNogood) < unknown);
CheckAgentView();
end if
end procedure

procedure UPDATE(myAgentView, newAssig)
add(newAssig, myAgentView);
for each ng € myNogoodStore do
if ~Coherent(lhs(ng), myAgentView) then
remove(ng, myNogoodStore);
end if
end for
end procedure

function COHERENT(nogood, agents)
for each var € nogood U agents do
if nogood[var| # myAgentView[var| then
return false;
end if
end for
return true;
end function
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(Backtrack procedure, line 57) to build one containing all the failure causes, and sends
the newly generated nogood to the lowest priority agent, among those that exist in the
resolved nogood (Backtrack procedure, line 62).

When an agent receives this message (ABT procedure, line 7), it checks if there is a
value of an agent which is not linked with it. If so, it sends an adl message to the latter in
order to add a link. Then, the receiver updates its nogoodStore (ResolveConflict proce-
dure, line 26), and tries to find a new solution that will be consistent with its AgentView
and that is not removed by any of the nogoods registered in its the nogoodStore (Re-
solveConflict procedure, line 28). If a solution is found, it is sent to lower priority agents.
Otherwise, it sends a nogood message, in the same way as before.

After receiving a message Ok?, the update is made not only on the AgentView but also
on the nogoodStore (update procedure, lines from 69 to 73), by removing the nogoods
that have become obsolete (ie, they contain values which do not exist in the AgentView).
This process is repeated until the algorithm stops.

The algorithm ends when a silence is detected by a master agent, which stops the
resolution declaring that all agents are okay. Or when an empty nogood is found by an
agent, meaning that the problem is unsolvable.

Let’s apply the ABT on the example shown in Figure 1.2, supposing that each agent
handles just one meeting and a reduced domain (M, € {2,3,4} for A;, My, € {1,2,3,5}
for Ay and My3 € {1,3,4,5} for Aj3) for simplification assumptions, and there is no link
between A; and A;. Figure 1.3 illustrates the ABT execution on the example.

In the first step (1), each agent chooses the first value from its domain and sends it
the lower priority agents via Ok? message. A; chooses 2 and A, chooses 1 and send ok?
messages, carrying the chosen values, to A3. A3 chooses 1 but does not send any message
as long as it is the lowest priority agent.

In step (2), A3 stores the received values from A; and A; in its AgentView, and re-
marks that its current value is not consistent with the updated AgentView. It browses
its domain, value by value. It tests the first value '1’, but it finds that it is inconsistent
because of A; value. For this it stores a nogood M;, = 2 — M3, # 1 in its nogood-
Store. It does the same think for the other values, by storing a nogood for each no chosen
value. After browsing all values, it finishes with a blockage. To this end, it gathers the
stored nogoods and generates a summed nogood which contains the values of A; and
Ap» Miy =2 — Mjo # 1 (The right hand side contains the value of the lowest priority

agent among A; and Aj) and sends it to A;.
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FIGURE 1.3: ABT execution example
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In (3), Ay receives the nogood, and finds that it contains the value of A;, which is not
linked with it. So, it sends an adl message to the latter.

In (4), A1 accepts the message and adds a link with A,.

In (5), A, tries to respond to the nogood message, by changing its value. But it failed
because of the A; value. For this, it sends an ngd message to Aj, claiming to change its
value.

In (6), A1 finds another consistent value '3, which is not removed by any stored no-
good, and sends it via Ok? messages to Az and also A;, because it became a new child of
A

In (7), A, finds a consistent value ‘3" and sends it to As. In the same time, A3 finds
also "3” as consistent value. After receiving the new message of A, A3 does not change
its value, as long as it is still consistent.

After a silence (8), the solution is reported.

Nogood based Asynchronous Forward Checking (AFC-ng)

The AFC-ng algorithm [Wahbi et al., 2013] (Algorithm 4) is the most recent complete
DisCSP algorithm. Like ABT, the agents’ priority is made statically. But, unlike the ABT,
only one agent can instantiate its variable at the same time.

At the algorithm beginning, the highest priority agent creates a CPA (Current Par-
tial Assignments) structure (AFC-NG procedure, line 3), initializes its counter and puts
its first value with the initiated counter in the CPA (Assign procedure, line 20). Then
it sends the CPA to the next agent as well as the other lower priority agents which are
connected to it. The agents which receive the CPA message (AFC-ng procedure, line 7)
checks if the received CPA is not obsolete by comparing the counter of each agent in
the received CPA with those which exist in the AgentView receiver (ProcessCPA proce-
dure, line 44). If the CPA is new compared to the AgentView, the receiver updates its
AgentView (ProcessCPA procedure, line 45), with the new received CPA and revises its
domains (ProcessCPA procedure, line 47), by browsing it, value by value (Revise proce-
dure, line 37), and adding for each inconsistent value the best nogood in the nogoodStore
(Revise procedure, lines 38 and 39). The best nogood is chosen using the Highest Possible
Lowest Variable (HPLV), which, between two nogoods, selects the one that will be sent
to the highest priority agent.

At the end of the domain review, each agent checks whether it remains a consistent

value in its domain (ProcessCPA procedure, line 49). If so, it checks whether the sending
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Algorithm 4 AFC-ng algorithm
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D L T

procedure AFC-NG

end < false; AgentView.Consistent < true;

if A; =IA then Assign();
end if
while —end do

msg < getMsg(); Switch (msg.type) do

cpa : ProcessCPA(msg);
ngd : ProcessNogood(msg);
stp :end < true;

end while

: end procedure

procedure INITAGENTVIEW

> [A:Initial Agent

for each x; < x; do AgentView[j] < {(xj, empty,0)};

end for
end procedure

procedure ASSIGN
if D(x;) # @ then
v; <—ChooseValue();
i+t +1;
CPA <+ {AgentView U (x;,v;, t;)};
else Backtrack();
end if
end procedure

procedure SENDCPA(CPA)
if size(CPA) = n then Report SOLUTION;
else
for each (x; € T (x;)) do
sendMsg:cpa(CPA) to Ay;
end for
end if
end procedure

procedure CHECKASSIGN(sender)
if predecessor(A; = sender) then Assign();
end if

end procedure

procedure REVISE
for each (v € D%(x;)) do
if v is ruled out by AgentView) then

end < true;

Store the best nogood for v; > according to the HPLV [Hirayama and Yokoo,

2000]
end if
end for
end procedure




20

1. Background

43

44:
45:
46:
47:
48:
49:
50:
51:
52:

53

54:
55:
56:
57:
58:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:

71:
72:
73:
74:
75:
76:
77:
78:
79:

80:
81:
82:
83:
84:
85:
86:
87:

: procedure PROCESSCPA(CPA)
if msg.CPA is stronger than AgentView then
UpdateAgentView(msg.CPA);
AgentView.Consistent < true;
Revise();
if D(x;) = @ then Backtrack();
else CheckAssign(msg.Sender);
end if
end if
end procedure

: procedure BACKTRACK
ngd < solve(myNogoodStore);
if ngd = empty then

Report FAILURE;

end < true;

end for
for each (nogood € NogoodStore) do

remove (nogood, NogoodStore);
end if

end for

AgentView.Consistent <— false;

v; < empty,

sendMsg:ngd(ng) to Aj;

end if

end procedure

procedure PROCESSNOGOOD(m1sg)

if Compatible( msg.nogood, AgentView ) then
add(msg.nogood,NogoodStore);
if (rhs(msg.nogood).value = v;) then
v; < empty;
Assign();
end if
end if

end procedure

procedure UPDATEAGENTVIEW(CPA)
AgentView < CPA;
for each (ng € NogoodStore) do
if - Compatible(ng, AgentView) then
remove(ng, myNogoodStore);
end if
end for
end procedure

else > Let x; denote the variable in rhs(ng)
fork =j+1toi-1 do AgentView[k].value < empty;

if (-Compatible(nogood,AgentView) V x; € nogood) then

> according to the HPLV

> update values and tags




1.3. Distributed Constraint Satisfaction Problems (DisCSPs) 21

agent is its predecessor (CheckAssign procedure, line 33), if so it puts its value in the
CPA and sends it (Assign procedure) to the lower priority agents, in the same way. If
the domain of one agent becomes empty (i.e. All values are removed by nogoods) (Pro-
cessCPA procedure, line 48), it generates a nogood, based on the nogoods registered in
its nogoodStore (Backtrack procedure, line 54) and sends it to the lowest priority agent,
among those existing in the generated nogood (Backtrack procedure, line 68).

The agent receiving the nogood message (AFC-ng procedure, line 8) updates its no-
goodStore, by the received nogood, while keeping the best nogood for each inconsistent
value (by applying the HPLV method) (ProcessNogood procedure, line 73). The receiver
checks if its domain has become empty. If so, it proceeds, in the same way, to build and
send a new nogood.

In this algorithm, the agent, that owns the CPA and which is the successor of the agent
sending the last CPA message, is the only one that can add its value to the CPA structure
and send it to the other agents.

The algorithm ends when the CPA contains all the values of the existing agents (Send-
CPA procedure, line 25), meaning that a solution is found, or when an empty nogood is
generated (Backtrack procedure, line 55), meaning that the problem is insolvent.

Let’s take the same example taken in the ABT execution, with the same suppositions.
Figure 1.4 illustrates the example’s AFC-ng resolution.

In the first step (1), A; creates the CPA structure, takes the first value '2’, adds the
value to the created CPA, and sends the CPA message to the lower priority agents A,
and Asz. Even if A; is not linked with Ay, it receives the CPA message of A1, as long as it
is the A" predecessor.

After receiving the CPA from A;, A3 notes, in (2), that it is not possible to choose any
consistent value, because of the A; value. For this, it sends an ngd message to A;.

In (3), A1 responds the the ngd message by changing its value to '3’, and sending it
via CPA message to A and As.

After receiving the first CPA from A;, A; chooses a consistent value 2" in step (4),
adds it to the CPA and sends it to A3. A3 does not take the received CPA, into considera-
tion, because it became obsolete (the counter of the A; value is 1). It is inferior of the A;’s
counter stored in its AgentView (it is equal to 2).

In step (5), A, treats the new CPA received from A;. It chooses the value '3’, adds it
in the CPA, and sends it to A3.
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FIGURE 1.4: AFC-ng execution example

In step (6), Az chooses, in its role, the value ‘3" and adds it to the CPA. The size of the

last updated CPA is equal to the number of agents. So the solution is found and reported.

1.3.4 Performance Measurement of DisCSP Algorithms

For each newly created DisCSP algorithm, its performance must be measured, by com-
paring it with the already existing algorithms. To do this, we compute two metrics, the
number of exchanged messages MSGs and the number of Concurrent Constraint Checks
CCCs (Definition 11) when the algorithm is trying to solve either random problems or

real ones, as DisMSPs.

Definition 11 (Concurrent Constraint Checks CCCs) The Concurrent Constraint Checks is

a metric used to evaluate the DisCSP algorithms. It computes the number of the constraints



1.4. Conclusion 23

checked concurrently. Each agent handles a constraint counter which is incremented after each
constraint test. Each sent message carries this value. The receiver tests if the received value is
greater than the its counter value. If so, it updates its own counter by the received one. When
the resolution is over. The largest counter value is selected as the Concurrent Constraint Checks

value.

Random problems are characterized by two parameters: the constraint tightness (Def-

inition 12) and the constraint network density (Definition 13).

Definition 12 (Tightness) The tightness of a constraint is the ratio of the number of its forbid-
den tuples and the Cartesian product of the sizes of the scope variables” domains. For a constraint
reporting n forbidden tuples, of arity a, and linking variables whose domains’ size is d, the tight-

ness is equal to ;.

Definition 13 (Density) The density of a constraint network is the number of network/DisCSP’s
constraints, compared to the maximum number of possible constraints. For a problem of n vari-

ables with c constraints of arity a, the density is equal to &.

Based on the constraint network density, we discern between two types of random

problems; sparse problems and dense ones.

1.4 Conclusion

In this chapter, we introduced the CSP and DisCSP problems, some real examples and
the most known algorithms of resolution that we have used in the thesis.

In order to investigate DisCSPs, either by improving existing algorithms, or even by
proposing other DisCSP algorithms, we need a DisCSP platform, gathering the existing
algorithms, allowing a flexible integration of modifications, expediting the implementa-

tion of new algorithms, and containing tools to experiment the algorithms.



24

JChoc DisSolver: a Platform for DisCSP
Algorithms

Contents
21 Introduction. . . . . . ... . .. 25
22 Stateoftheart . ... ... ... ... ... 25
23 JChoc . . . . 27
2.3.1 JChoc Architecture . . .. ... ... ... ... ... 27
2.3.2  JChocin a Static Environment . . . . . .. ... ... ... .. .. 29
233 JChocin a Dynamic Environment . . . . ... ... ... ..... 32
24 Experimental Results . .. ... ... ... ...... ... .. .. ... 35
24.1 Performance of JChoc in Static Environment . . ... ... ... 35
2.42  Performance of JChoc in Dynamic Environment . ... ... .. 36

25 Conclusion . . ... ... .. 37




2.1. Introduction 25

2.1 Introduction

One of the most advantageous points of Constraint Programming is generally the math-
ematical modeling. Once the problem is well modeled and defined the resolution is done
via the existing solvers. Which in turn use existing algorithms, depending on the type of
problem whether is CSP, COP, DisCSP or DCOP.

There are many CSP and COP solvers, implementing algorithms and allowing to
solve CSP/COP problems by just declaring their parameters namely their variables, do-
mains, and their constraints.

Unlike CSP solvers, there are few open sources DisCSP platforms that allow to: solve
DisCSP problems while keeping the distributed nature of those problems, include im-
provements to the existing algorithms, implement new algorithms, and compare algo-
rithms newly created with the existing ones.

In this chapter, we focus on the development of a Multi-Agent platform for Dis-
tributed Constraint Reasoning, namely JChoc DisSolver. This platform allows non-
expert users to address and solve easily real Distributed Constraint Satisfaction Problems,
as well as researchers and developers to bring improvements to the existing algorithms
and even to propose new ones.

The chapter is organized as follows. Section 2.2 presents the state of art. Section 2.3
introduces the JChoc platform in static as well as dynamic environments. Section 2.4
shows the experimental results in both environments. Finally, the chapter is closed by a

conclusion in section 2.5.

2.2 State of the art

The principle of Constraint Programming is modeling the problem under variables, do-
mains, constraints, and other parameters according to the type of problem. So, the de-
velopment of platforms and solvers allowing the resolution of such problems and tak-
ing into consideration their parameters, using the existing algorithms, is indispensable.
There are several CSP and COP solvers such as SAT4] [Le Berre and Parrain, 2010],
Abscon [Merchez, Lecoutre, and Boussemart, 2001], iZplus [Stuckey et al., 2014], Mis-
tral [Hebrard, 2008], Ilog Solver [Lemaitre and Verfaillie, 1997], Chip [Simonis, 1995],
Gecode [Schulte, Lagerkvist, and Tack, 2006], and Choco [Jussien, Rochart, and Lorca,
2008]. In the distributed case, there are few open source DisCSP / DCOP platforms, like
Framework for Open Distributed Optimization (FRODO) [Petcu, 2006; Léauté, Ottens,
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and Szymanek, 2009], AgentZero [Lutati et al., 2014], DisChoco [Ezzahir et al., 2007b;
Wabhbi et al., 2011], and MELY [Orlov and Meisels, 2006].

FRODO is a MAS framework, implemented using Java language and uses several
algorithms and benchmarking generators. It is based on simulating the agents in a single
Java Virtual Machine (JVM), as for AgentZero.

AgentZero is also a MAS platform, supporting diverse domains, and applicable to
Distributed Constraint Satisfaction and Optimization Problems. Despite the variety of
application areas, but it is designed only for simulation use and it is used only by re-
searchers.

DisChoco is a distinguished DisCSP/DCOP platform. It uses several algorithms, of-
fers a benchmarking generator, and disposes of a graphical interface to launch and dis-
play experimentations. But as the others platforms, it is satisfied with the agents” simu-
lation.

Melly is also a DisCSP platform implemented using Java language. Unlike other plat-
forms, this one uses real agents’ distribution using sockets. Although, it is designed only
to researchers and still complex to understand so as to integrate new algorithms or to
update the existing ones.

Most of these platforms are open-source and use different DisCSP and DCOP algo-
rithms. But, for simplification assumptions, they treat DisCSP/DCOP with simple local
problems, where each agent handles exactly one variable. In the case agents deal with
multiple variables, each variable is considered as an agent. That can increase the resolu-
tion time and the number of exchanged messages and affect the solution.

In addition, the message exchange is simulated, since all agents’ problems are col-
lected in one site. That is not suitable because of the communication time, the cost of
translation of each sub-problem in a common format, and for security and confidential-
ity reasons.

The centralization of all data in one single machine thwarts also developers and re-
searchers in the integration of modifications to the existing algorithms and even in the
proposition of new ones, even if the platform is open-source.

Switching from the simulation to the actual development practice often leads to loss
of accuracy. Hence, bridging the gap between simulation and actual development and
deployment within distributed constraints solvers is the primary motivation for present-

ing the different ideas discussed in the present chapter.
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2.3 JChoc

The effectiveness of newly proposed distributed constraints algorithms (DisCSP, DCOP,
or others) is assessed by comparing it with the existing ones. Another way can prove the
forceful of those algorithms is to use them in realistic multi-platform agents, so as the gap
between theory and practice is reduced.

JChoc is a distributed constraints multi-agent platform proposed for:

Solving combinatorial problems within a specific distributed environment;

Implementing new algorithms;

Making updates to the algorithms proposed by researches;

Testing and comparing algorithms.

This platform is presented in the form of an Application Program Interface (API) as
well as applications for different types of users. Hence, JChoc is addressed to three main

users:

e Developers: to conceive client, web or mobile applications within distributed con-

straints programming, based on JChoc API;

e Researchers: to make updates, to add, or to experiment distributed constraints

programming algorithms;

e Non-expert user: to interact and resolve problems based on distributed constraints

programming;

To allow realistic use, agents should have a tool of communication, that allows send-
ing and receiving multiple messages. This is possible by means of JADE model (JADE,
2013). It is designed for the development of MAS, according to the Intelligent Physical
Agents (FIPA) standard. FIPA is an IEEE Computer Society standards organization in-
stigating standards of agent-based technology with other technologies. In addition to
JADE, the platform uses Choco solver in each agent, to consider even agents with multi-

ple variables. Choco will be used to find solutions to the CSP local problem of the agent.

2.3.1 JChoc Architecture

Based on FIPA standards, JChoc an open-source Java platform, including two other open-

source platforms JADE and Choco. Figure 2.1 shows the JChoc architecture.
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FIGURE 2.1: JChoc architecture

JChoc supports complex problems, when agents can handle multiple variables con-
nected via intra-agent constraints. Hence, the Choco Solver (CS) is used to solve the local
problems of these agents.

Once local problems are resolved and local solutions are identified, agents must col-
laborate, send messages, and react after receiving new ones, in order to find a global
solution. This is done via the Distributed Constraints Reasoning Protocols (DCRP), as
ABT, AFC, and AFC-ng.

To ensure good communication between agents without bugs, each agent is identified
with a unique ID. JADE awards an Agent Identifier (AID) to each agent.

The Agent Management System (AMS) plays the role of agents” monitor. It has
global visibility on the platform events, the agents’ authentication, their access to the
system, and the exchanged messages. The information available to the AMS can be com-
municated to another component called Sniffer GUI. This Sniffer is used to display and
track the various messages exchanged between a set of selected agents. Each message
exchanged can be selected, viewed in detail, or even saved.

The management of the communication between agents is done via the Message
transport Service or Agent Communication Channel (ACC). In addition, the platform
provides a service of "yellow pages" via the Directory Facilitator (DF).

The platform is used in a static environment and can be used even in dynamic prob-
lems when agents, variables, domains or constraints can be changed, deleted or added

during the resolution process.



2.3. JChoc 29

2.3.2 JChoc in a Static Environment

To use the platform, three mean components have to be declared, the agents participat-
ing in the resolutions, their sub-problems, and the master agent which will monitor the
resolution by deciding when launching the resolution and when stopping it. To illustrate
how these components are declared, we are going to use the DisMSP problem, taken
in chapter 1 figure 1.2, as example. The problem is composed of three agents Ali: A,
Driss: A, and Hamid: A3z, handling each one its personal local problem, containing vari-
ables, domains, intra-agent constraints and connecting with the others via inter-agent

constraints.

Defining Sub-Problems

To participate in the resolution, an XML file is prepared for each agent, containing its
local problem and the necessary information to communicate with its neighbors. Figure
2.2 represents the XML file of Driss(A;)” sub-problem.

Firstly, the file exposes the domain. In case every variable is defined in a different
domain, the number of domains is introduced and every domain is put with a different
name. To define a domain, two ways are possible. In case, the values of the domains are
continuous, we put the first and the last value separated by "..". In case they are discrete,
all values are mentioned and separated with a ";".

For variables, the number of variables has to be mentioned and every variable has
to be defined by a unique name, a unique id, and the name of the domain, in which
the variable is defined (D; in Figure 2.2). The name is a concatenation of a character,
the id of the owner agent, and the identifier of the variable in the current sub-problem.
The variable M, 3 is the 3! variable of A, (2 is the A, id and 3 is the variable id in A,’
sub-problem).

For constraints, two constraints’ types are possible, intention constraints with prede-
fined functions as: equal eq(X,Y), greater than gf(X,Y), greater than or equal ge(X,Y),
lower than It(X,Y), lower than or equal le(X,Y), and extension constraints by defining
the tuples of values in a relation and mentioning the type of the relation either it is for-
bidden or allowed.

In the example, there are 6 intention constraints of Arrival-Time constraints, which
are defined as a predicate in the XML file. These constraints link M, ; with Mp>, M3 and
Mp 4; M3, with Mp 3 and Mp4; and M3 with M 4.
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<?xml version="1.0" encoding="UTF-8"?>
<instance>
<presentation name="MSP" type="DisCSP"
model="Complex" constraintModel="TKC" format="XDisCSP 1.0" />

<domains nbDomains="1">
<domain name="D1" nbValues="5">1;3;4;5;6</domain>

</domains>

<variables nbVariables="4">

<variable id="1" domain="D1" description="M_1" />
<variable id="2" domain="D1" description="M_2" />
<variable id="3" domain="D1" description="M_3" />

<variable name="M2.4" id="4" domain="D1" description="M_4" />
</variables>

<constraints nbConstraints="6">

<constraint model="TKC" name="C0" reference="ArrivalTime"
scope="M2.1 M2.2" arity="2">
<parameters>M2.1 M2.2 1</parameters>

</constraint>

<constraint model="TKC" name="C1" reference="ArrivalTime"
scope="M2.1 M2.3" arity="2">
<parameters>M2.1 M2.3 1</parameters>

</constraint>

<constraint model="TKC" name="C2" reference="ArrivalTime"
scope="M2.1 M2.4" arity="2">
<parameters>M2.1 M2.4 1</parameters>

</constraint>

<constraint model="TKC" name="C3" reference="ArrivalTime'
scope="M2.2 M2.3" arity="2">
<parameters>M2.2 M2.3 1</parameters>

</constraint>

<constraint model="TKC" name="C4" reference="ArrivalTime"
scope="M2.2 M2.4" arity="2">
<parameters>M2.2 M2.4 1</parameters>

</constraint>

<constraint model="TKC" name="C5" reference="ArrivalTime"
scope="M2.3 M2.4" arity="2">
<parameters>M2.3 M2.4 1</parameters>

</constraint>

</constraints>

<predicates nbPredicates="2">
<predicate name="ArrivalTime">
<parameters>int Mi,int Mj,int cte</parameters>
<expression>
<functional>ge(abs(sub(Mi,Mj)), cte)</functional>
</expression>
</predicate>
<predicate name="eq">
<parameters>int Mi, int Mj</parameters>
<expression>
<functional>eq(Mi,Mj)</functional>
</expression>
</predicate>
</predicates>

<agents_neighbours>
<agents_parent>
<agent name="Al">
<constraints nbConstraints="2">
<constraint model="TKC" name="C3" reference="eq"
scope="M2.1 M1.1" arity="2">
<parameters>M2.1 Ml.1</parameters>
</constraint>
<constraint model="TKC" name="C4" reference="eq"
scope="M2.2 MI1.2" arity="2">
<parameters>M2.2 Ml.2</parameters>
</constraint>
</constraints>
</agent>
</agents_parent>

<agents_children>
<agent name="A3" id="3" variable="M2.1 M2.3 M2.4" />
</agents_children>

</agents_neighbours>
</instance>

FIGURE 2.2: Definition of DMS sub-problem in XDisCSP format
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To allow an agent to communicate with others, a list of its neighbors must be entered.
This list is divided into two types. i) Parent agents’ list which contains higher priority
agents, as well as, the inter-agent constraints linking the current agent with each of these
agents. And i1) Child agents’ list which includes the lower priority agents, as well as the

names of variables constrained with those agents.

Defining the Master

JChoc architecture allows functioning in a really distributed environment. Each agent
can be launched in a separate physical machine, knowing that an agent is represented by
the predefined sub-problem XML file. All the agents must connect in the same network
where the master is running, which can be executed in another physical machine too.
Figure 2.3 shows how the master agent launches its communication interface listen-
ing on the network. We start by instantiating the dissolver object (line 7). This class
modelizes the distributed problem when JChoc is used to solve a problem in a real dis-
tributed environment. All information on the distributed problem is encapsulated in this
object (identities of agents, inter-agent constraints, protocol, etc.). Then, we define the
type of master (line 8) (ABT in this case). Afterward, we trigger the container and we set

the number of agents to follow (lines 9 and 10). Finally, we launch the master (lines 10).

import JChoc.DisSolver;

public class Master

DisSolver js = new DisSolver();
js .setType("MasterABT") ;

9 js .setGui(true);

10 js .setNumberOfAgents (3) ;

11 js.run();

1

2

3

4

5 public static void main(String[] args)
6 {

7

8

FIGURE 2.3: How the master launches its communication interface.

Defining the agents

Figures 2.4, 2.5, and 2.6 show how to launch agents Ali : Aj, Driss : Ay, and Hamid As3.
As the JChoc Master definition, the agent launching starts with the DisSolver object (line
6), pursued by the agent type (line 8). Then we declare the agent, by adding its name
and its sub-problem XML file (line 9). Afterward, we associate the agent to the network
by declaring the container containing the master with its IP address (line 10). Finally, we

launch the agent.
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package DisSolver;

public class Ali
{
public static void main(String[] args) {
DisSolver ds = new DisSolver () ;

ds.setType ("AgentABT");
ds.addAgent("Al","probleml.xml","Al" ,true, true);
10 ds.setContainer("192.168.59.2");

11 ds.run();

O 0NN UT N =

FIGURE 2.4: Launching the agent "Ali : A;"

1 package DisSolver;

2

3 public class Driss

4

5 public static void main(String[] args) {
6 DisSolver ds = new DisSolver();

7

8 ds.setType("AgentABT");

9 ds.addAgent("A2","probleml.xml","A2" ,true, true);
10 ds.setContainer("192.168.59.2");

11 ds.run();

12 }

13 )

FIGURE 2.5: Launching The agent "Driss : A"

package DisSolver;

public class Hamid
{
public static void main(String[] args) {
DisSolver ds = new DisSolver();

O ® NN U N

ds.setType("AgentABT");
ds.addAgent("A3","probleml.xml","A3" ,true, true);
10 ds.setContainer("192.168.59.2");

11 ds.run();

FIGURE 2.6: launching The agent "Hamid : A3"

Once all agents are connected, the master sends them a start message to launch a
research protocol in order to find the solution. In the platform’s first version, they use the
ABT algorithm.

Figures 2.7 and 2.8 show the sniffer agent at the beginning and the end of the ABT
resolution. A message is represented with an arrow, and the message” type is identified

by a different color. The blue represents ABT’s Ok? messages.

2.3.3 JChocin a Dynamic Environment

The use of JChoc in a dynamic environment; when some agents, variables, domains,
or/and constraints can be changed anytime during the resolution process; is similar to

that of a static environment. The difference is only in the sub-problem XML file of agents.
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Let take the same example used in the static environment, and suppose that the con-
straint linking Driss” Mp 1 with Ali” My ; will be added after 4 seconds and the constraint

connecting My, with Ali” M;, will be removed after 6 seconds (Figure 2.9).

Su Mo Tu We Th Fr Sa

Su Mo Tu We Th Fr Sa
1 2-3 4
5 6 7--$--9--b0-H-
HEHF-H-E5-16-17-18
1920 21.22.23.24.25
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23 4
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FIGURE 2.9: Dynamic Distributed MSP example

Figure 2.10 shows how the sub-problem XML file of the agent Driss is updated, so as
it takes the last cited changes into consideration.
Once the sub-problem XML files are defined, all other steps of launching the master

and the agents are still the same as in a static environment.
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<?xml version="1.0" encoding="UTF-8"?>
<instance>
<presentation name="MSP" type="DisCSP"
model="Complex" constraintModel="TKC" format="XDisCSP 1.0" />

<domains nbDomains="1">
<domain name="D1" nbValues="5">1;3;4;5;6</domain>

</domains>

<variables nbVariables="4">

<variable id="1" domain="D1" description="M_1" />
<variable id="2" domain="D1" description="M_2" />
<variable id="3" domain="D1" description="M_3" />

<variable name="M2.4" id="4" domain="D1" description="M_4" />
</variables>

<constraints nbConstraints="6">

<constraint model="TKC" name="C0" reference="ArrivalTime"
scope="M2.1 M2.2" arity="2" change = "no">
<parameters>M2.1 M2.2 1</parameters>

</constraint>

<constraint model="TKC" name="C1" reference="ArrivalTime"
scope="M2.1 M2.3" arity="2" change = "no">
<parameters>M2.1 M2.3 1</parameters>

</constraint>

<constraint model="TKC" name="C2" reference="ArrivalTime"
scope="M2.1 M2.4" arity="2" change = "no">
<parameters>M2.1 M2.4 1</parameters>

</constraint>

<constraint model="TKC" name="C3" reference="ArrivalTime'
scope="M2.2 M2.3" arity="2" change = "no">
<parameters>M2.2 M2.3 1</parameters>

</constraint>

<constraint model="TKC" name="C4" reference="ArrivalTime"
scope="M2.2 M2.4" arity="2" change = "no">
<parameters>M2.2 M2.4 1</parameters>

</constraint>

<constraint model="TKC" name="C5" reference="ArrivalTime"
scope="M2.3 M2.4" arity="2" change = "no">
<parameters>M2.3 M2.4 1</parameters>

</constraint>

</constraints>

<predicates nbPredicates="2">
<predicate name="ArrivalTime">
<parameters>int Mi,int Mj,int cte</parameters>
<expression>
<functional>ge(abs(sub(Mi,Mj)), cte)</functional>
</expression>
</predicate>
<predicate name="eq">
<parameters>int Mi, int Mj</parameters>
<expression>
<functional>eq(Mi,Mj)</functional>
</expression>
</predicate>
</predicates>

<agents_neighbours>
<agents_parent>
<agent name="Al">
<constraints nbConstraints="2">
<constraint model="TKC" name="C3" reference="eq"
scope="M2.1 M1.1" arity="2" change = "add_4">
<parameters>M2.1 Ml.1</parameters>
</constraint>
<constraint model="TKC" name="C4" reference="eq"
scope="M2.2 M1.2" arity="2" change = "remove 6">
<parameters>M2.2 Ml.2</parameters>
</constraint>
</constraints>
</agent>
</agents_parent>

<agents_children>
<agent name="A3" id="3" variable="M2.1 M2.3 M2.4" />
</agents_children>

</agents_neighbours>
</instance>

FIGURE 2.10: Definition of Dynamic sub-problem in XDisCSP format
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2.4 Experimental Results

24.1 Performance of JChoc in Static Environment

Since JChoc uses the already existing algorithms in a physically distributed environment,
we are going to assess JChoc against the number of messages and the resolution time, in
order to evaluate if the real distribution will beget more message exchanging, or more
resolution time comparing to the normal when the algorithm is launched in a single ma-
chine.

The exchange of more messages is explained by the fact that messages are received
lately. The consumption of more time means the use of the communication network is no
longer good.

To assess our platform, we consider a large number of DisMSP instances. They are

characterized by < p;m;n;d; h; t;a >:

p is the number of participants;
m is the number of meetings;
n is the number of inter-agent constraints;
d determines the number of days;
h is the number of hours per day;
t is the duration of the meetings;

a is the percentage of availability for each participant.

The instances we take belong to the class < p; m;n;5;10;1;90% > such as the three
parameters p, m, and n vary, and the available meetings are distributed among the agents,
so as there are 2 meetings per agent.

Table 2.1 shows the number of messages; and the run time execution, according to the
three parameters p, m, and n.

The results show that JChoc performs rapidly in small instances when the number
of participants does not exceed 14 (#p < [4,14]). The number of messages increases
when the number of participants is between 15 and 18 (#p € [15,18]) and reduces when
p exceeds 18 (#p > 18). This scalability behavior is due to the complexity of DisMSP

problems. When the instance is dense the problem can be solved rapidly.
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Participants | Meetings | Intra-agent constraints | Number of | Time
#p #m #n messages | (Ms)
4 8 3 11 17070
5 10 5 11 17204
6 12 6 14 16144
7 14 7 14 17073
8 16 8 19 19180
9 18 9 24 20210
10 20 10 22 18294
11 22 11 32 20197
12 24 12 27 18516
13 26 15 30 20370
14 28 33 51 26073
15 30 35 105 31103
16 32 29 69 28914
17 34 33 175 38324
18 36 35 139 43172
19 38 38 141 37121
20 40 43 94 33457

TABLE 2.1: Performance of JChoc platform using ABT protocol on the
Meeting Scheduling Problem (MSP).

This behavior is the same as ABT in a simulation environment. That proves the scal-

ability and effectiveness of JChoc even if it uses a realistic environment.

2.4.2 Performance of JChoc in Dynamic Environment

If a problem parameter is changed during the resolution, the process relaunches from
scratch, to take the new updates into consideration. This is when the platform does not
support dynamic problems. It uses only DisCSP algorithms. But in a dynamic envi-
ronment, the changes should be real-time taken into consideration during the resolution
process. This is possible if a Dynamic DisCSP algorithm is used.

So, to assess the performance of JChoc in dynamic problems, we made our experi-
ments using ABT that can’t solve such a problem dynamically, and Dynamic ABT (Dyn-
ABT) [Omomowo, Arana, and Ahriz, 2008] that can adapt the problem and continue the
solving process.

The experiments are done against random problems. They are characterized by <

a;i;1;d; p1; p2; 6 >
a: the number of agents = 20;

i: the number of instances = 10;



2.5. Conclusion 37

5
340 —T—T—— — . 10
e ABT — T T T 124
DvnABT —e— ABT ,,
320/ |~*Dyn \\ : | |—e~DynABT // \ 122
g 300 - o \\ . - 12
§ 280 F )J/ \\ . F 11.8 g
.~ \0 . 411. =
° 260 § 1.6 =
12 =
240 | . | 114 °
- 112
20} .
Il Il Il Il Il Il Il Il Il [ ) ) ) ) ) ) ) ) ) 71
01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 07 08 09
p2 p2

FIGURE 2.11: ABT vs DynABT

n: the number of variables = 20;
p1: the density of constraints = 20%;
p2: the tightness of constraints. It varies from 10% to 90% with 10% as step;

0: the change rate = 20%. It represents the ratio of changed constraints against the

constraints shaping the problem.

The range of tightness [10%, 40%] contains solvable problems, 50% contains both solv-
able and unsolvable problems, and [60%, 90%] are unsolvable problems.

Figure 2.11 shows the number of exchanged messages and the execution run time,
spent by ABT vs DynABT. The obtained results show that Dyn-ABT outperforms signifi-
cantly ABT in the dynamic changing environment. This comparison shows the benefit of
solving dynamic distributed problems in a real distributed changed environment with a

dynamic DisCSP algorithm, implemented in a suitable platform.

2.5 Conclusion

In this chapter, we have presented a modular distributed constraints platform, called
JChoc DisSolver. It benefits the power of the Choco solver, the multi-agent platform
JADE, the DisCSP formalism, and also the DCOP algorithms. It can be used easily for
static as well as dynamic combinatorial problems.

Comparing to other platforms, JChoc offers the possibility to construct new con-
straints based applications, to easily update the existing implemented algorithms, to im-
plement other algorithms, and to propose new ones. The platform is designed to support

secured, Complex, and also ethical algorithms and applications.
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The experimental results have proven the power of JChoc to support and resolve real
problems, in static and dynamic environments, thanks to DisCSP and Dynamic DisCSP’
algorithms.

Before engaging in the proposition of new algorithms, we are going to implement
another existing DisCSP algorithm AFC-ng, in addition to ABT, and try to take advantage

of the commonalities between these algorithms.
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3.1 Introduction

As we saw in Chapter 1, several existing DisCSP algorithms can resolve any DisCSP
problem effectively. The only difference between those algorithms is the performances of
each one, namely the number of exchanged messages and the non-concurrent constraints
checks. It depends on the treated problem.

The performance of an algorithm is not absolute. For example, AFC-ng is proven
better than ABT in dense problems. Otherwise, is ABT the best. So, before delving into
the proposal of a new algorithm, let try to reap the benefits of two different algorithms.

The idea is to use machine learning [Michie, Spiegelhalter, and Taylor, 1994; Mitchell,
1997; Alpaydin, 2020] principle, which uses two different data concepts, namely training
and testing. In our contribution, the two concepts are going to be replaced by the two
algorithms ABT and AFC-ng.

The choice of the training algorithm or the testing one is not going to be frozen stat-
ically at the start. The pick is going to be done dynamically and cleverly during the
resolution process. At a given point, the fast algorithm which finds a failure the first will
be the training one. This allotment of rules is not definitive. It is changed during the
resolution process.

We are going to describe the contribution details more accurately. Hence, the chapter
proceeds as follows. Section 3.2 presents the justification for the two algorithms ABT and
AFC-ng choice, as well as the two learning methods we proposed. Section 3.3 shows
the experimental results of problems with lower as well as higher density. Finally, the

chapter is concluded in section 3.4.

3.2 Nogood Learning Based ABT and AFC-ng

3.21 Why ABT and AFC-ng?

We have chosen ABT and AFC-ng because they have multiple common properties:

e The AgentView content: In the two algorithms, the agents have the same AgentView
structure. It contains the higher priority agent assignments. The only difference
resists in the use of counters by AFC-ng agents. It is still a piece of additional infor-

mation, not influencing ABT in any term adversely;
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e The nogood structure: the nogoods generated by the two algorithms have the same
architectures. They are composed of two sides. The Left Hand Side (LHS) is built
from the conjunction of higher priority agents” values causing the failure. The Right

Hand Side (RHS) represents the prohibited value because of the LHS combination;

e The NogoodStore content: In the two algorithms, agents have the same Nogood-
Store structure. It contains the nogoods generated by the agent itself when a tested

value is inconsistent, and the nogoods received from lower priority agents;

These common points are the guides to launch the two algorithms in the same DisCSP
problem, to learn, to collaborate, and to find a solution, either with less message ex-
changed and fewer tested constraints or in a minimum of time. Based on nogoods, we
did that using two different learning ways, The two learning methods differ in how the

two algorithms are running concurrently.

3.2.2 Learning-1: First Nogood Learning Method

In the first method, the two algorithms are running synchronously. All agents start the
ABT algorithm. At the same time, the initial agent, holding the highest priority, generates
and sends the CPA structure to start the AFC-ng algorithm too.

In that case, each agent can receive and send five types of messages:
o CPA;

e Ok?;

ngd_AFCng: nogood message sent using AFC-ng algorithm;

ngd_ABT: nogood message sent using ABT algorithm;

stp: stop message. It can be sent either by ABT or AFC-ng master.

For each received message, the applied procedure is the same as the original algo-

rithm. The algorithm 5 presents only procedures and functions we changed.
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Algorithm 5 Learning-1

1: procedure ABT-AFCNG SHARING 1
2 end < false; AgentView_AFCng.Consistent < true ;
3 if A; =IA then
4 Assign();
5: end if
6 CheckAgentView();
7 while —end do
8 msg < getMsg();
9: Switch (msg.type) do
10: cpa : ProcessCPA(msg);
11: ngd_AFCng : ProcessNogood(msg);
12: OKk? : ProcessInfo(msg);
13: ngd_ABT :ResolveConflict(msg);
14: stp tend < true;

15: end while
16: end procedure

17: procedure BACKTRACK_ABT
18:  newNogood < solve(myNogoodStore);
19: if newNogood = empty then

20: the same ABT treatment;

21: else

22: the same ABT treatment;

23: add(newNogood, SentNogoodsByABT)
24: end if

25: end procedure

26: procedure BACKTRACK_AFCNG
27: ngd < solve(myNogoodStore);
28: if ngd = empty then

29: The same AFC-ng Treatment;

30: else

31:

32: The same AFC-ng Treatment;

33: add(ngd, SentNogoodsByAFCng);
34: end if

35: end procedure
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36: function CHOOSEVALUE_ABT()

37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:
57:
58:

59

for each ngd € SentNogoodsByAFCng do
if (istheAgentViewAlreadyInconsistent(ngd) then
Clear NogoodStore_ABT;
for each (v € D(self)) do
nogood < ngd.lhsAngd.rhs— x; = v;
add (nogood, nogoodStore_ABT);
end for
return null;
end if
end for
for each v € D not eliminated by NogoodStore_ABT do
if v is eliminated by a coherent nogood from NogoodStore_AFCng then
add(ngd, NogoodStore_ABT);

else
if consistent(v,myAgentView) then return (v);
else
add(x; = val; — self # v, NogoodStore_ABT);
> v is inconsistent with x;’s value
end if
end if

end for return (empty)

end function

: procedure REVISE
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
72:
73:
74:
75:
76:
77:
78:

for each ngd € SentNogoodsByABT do
if (istheAgentViewAlreadyInconsistent(ngd) then
for each (v € D(self)) do
ngd < ngd.lhsAngd.rhs— x; = v;
if v is eliminated by nogoodStore_ AFCng then
keep the best nogood between the eliminating nogood and ngd;
> According to the HPLV
else
add (ngd, nogoodStore_ AFCng;
end if
end forreturn null;
end if
end for
for each (v € D%(x;)) do
if (v is ruled out by AgentView or eliminated by nogoodStore_ABT ) then
Store the best nogood for v;
> according to the HPLV [Hirayama and Yokoo, 2000]
end if
end for

79: end procedure
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In addition to AgentView_ABT, AgentView_AFCng, NogoodStore_ABT and No-
goodStore_AFCng structures, each agent creates two new structures SentNogoods-
ByABT to store the nogoods sent using ABT algorithm and SentNogoodsBy AFCng which
will contain the nogoods sent using AFCng. When an agent creates and sends a new
nogood using ABT(backtrack_ABT procedure), it stores the last in the new structure
SentNogoodsByABT. The same treatment is done for nogoods generated using AFC-ng.

Before trying to choose a value, using ABT (ChooseValue_ABT() function), or revising
the domain, using the AFC-ng algorithm (Revise() procedure), the agent checks if it has
already sent a nogood using the other algorithm, which is coherent with its AgentView. If
50, ChooseValue_ABT procedure clears the NogoodStore_ABT, generates a new nogood
whose left-hand side is the nogood’s components conjunction (LHS and RHS), and the
right-hand side is empty. Then, it browses the agent whole domain, creates a copy of the
last nogood for each value, and edits the RHS of the nogood copy by the tested value,
to store in the current algorithm NogoodStore (NogoodStore_ABT). Finally, it returns
null, signifying that there is no consistent value, without testing any constraint since the
current agentView has already been tested by the other algorithm (AFC-ng).

Otherwise, the procedure browses the domain, value by value, and checks if there
is a nogood in the nogoodStore of the other algorithm (NogoodStore_AFCng) which is
compatible with the AgentView_ABT and eliminating the tested value.

If so, it adds the found nogood in the NogoodStore_ABT. Otherwise, it checks
whether the tested value is eliminated by the current algorithm’s NogoodStore (Nogood-
Store_ABT) or not.

If this is not the case, it tests if the value is consistent with AgentView_ABT. If so, it
returns the value, otherwise, it stores a nogood, as ever.

For the Revise() method, it tests if there is a nogood in the SentNogoodByABT struc-
ture, which is coherent with the AgentView_AFC-ng. If so, it browses the domain to
construct a new nogood, whose left-hand side is the LHS and RHS conjunction of the
found nogood and the RHS is the tested value. If the tested value is already removed
by a nogood (in NogoodStore_AFCng), the method keeps the better nogood (the con-
structed nogood or the found one), according to the HPLV method. Otherwise, it adds
the generated nogood to the NogoodStore_ AFCng.

If there is no nogood sent by the ABT algorithm, the Revise() procedure browses the
domain. It not only checks whether the value is inconsistent with AgentView_AFCng

but also if it is eliminated by nogoodStore_ABT. If so, it keeps the best nogood using the
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FIGURE 3.1: The problem 1.2 resolution using Learning-1 method

HPLV method.

Figure 3.1 presents some exchanged messages using the Learning-1 method to resolve
the problem (Figure 1.2 of Chapter 1). The light blue arrows represent the OK? messages,
the green ones show the CPA messages, the reds indicate the nogood messages sent by
the ABT algorithms, and the gray arrows represent the nogoods sent by AFC-ng.

The two nogood messages 12 and 13 are the same. The first one sent using the AFC-
ng and the second one using ABT. The second message is generated not from checking

constraints, but from the first nogood that is coherent with ABT’s AgentView.
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3.2.3 Learning-2: Second Nogood Learning Method

The second learning method follows the same methodology as the first method. The only
difference is noticeable when one of the two algorithms generates a non-empty nogood.
Before sending or adding the nogood in SentNogoods structures (SentNogoodsByABT or
SentNogoodsByAFCng), the agent checks if the generated nogood was not already sent
by the other algorithm.

If an algorithm determines that the newly generated nogood has already been sent
by the other algorithm, it stops the resolution and lets the other to continue its resolution

process, assuming that the first algorithm finding the nogood is the fastest.

Algorithm 6 Learning-2

1: procedure BACKTRACK_AFCNG

2 ngd < solve(myNogoodStore);

3 if ngd = empty then

4 The same AFC-ng Treatment;

5: else

6 if = SentNogoodsByABT contains ngd then
7 The same AFC-ng Treatment;

8 add(ngd, SentNogoodsByAFCng);
9 end if

10: end if

11: end procedure

12: procedure BACKTRACK_ABT
13:  newNogood <« solve(myNogoodStore);
14: if newNogood = empty then

15: the same ABT treatment;

16: else

17: if = SentNogoodsByAFCng contains ngd then
18: the same ABT treatment;

19: add(newNogood, SentNogoodsByABT)
20: end if

21: end if

22: end procedure

Figure 3.2 presents some exchanged messages using the Learning-2 method to resolve
the problem 1.2 of Chapter 1.

The figure shows that from message 16 onwards, only ABT sends messages. Because
after receiving the two CPA messages 14 and 15, the agent A3 tried to generate a nogood,
using AFC-ng and noticed that it has already sent the generated nogood using ABT (mes-

sage 16). However, it stops AFC-ng and lets ABT continue the resolution.
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FIGURE 3.2: The problem 1.2 resolution using Learning-2 method

3.3 Experimental results

To assess the nogood’s learning methods, we compare the existing algorithms ABT
and AFC-ng with the two learning methods (Learning-1 and Learning-2) and also with
ABT/AFC-ng_Learning-1. The ABT/AFC-ng_Learning-1 algorithm is obtained by us-
ing the Learning-1 method in the two algorithms ABT and AFC-ng, computing just
the number of MSGs and CCCs in ABT for ABT_Learning-1 and AFC-ng for the AFC-

ng_Learning-1 algorithm, and keep the results of the fastest algorithm.
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The experimentations are made against the number of exchanged messages (# MSGs)
and the Concurrent Constraint Checks (# CCCs), using the jChoc platform.
We assess the five algorithms in random problems characterized by the parameters

(n,d, p1, p2) where:
e nis the number of agents. n = 20;
e (is the domain size. d = 10;
e p; is the problem density;
e p» is the tightness of constraints.

We evaluate the algorithms into two types of problems. With low-density value (den-
sity p;1 equal to 0.2) and with high-density value (density p; equal to 0.7). For the two
kinds of problems, we variate the tightness p, from 0.1 to 0.9 by 0.05 as a step.

3.3.1 Lower Density Problems

Figure 3.3 shows the number of exchanged messages and Concurrent Constraint Checks
using the five algorithms, for sparse graphs (20, 10, 0.2,p7).

The experimentation results show that Learning-1 and Learning-2 methods” perfor-
mances lie between ABT and AFC-ng, knowing that we compute the number of the ex-
changed message by the two algorithms ABT and AFC-ng, even if, it is just one algorithm
which finds the solution (or detects the unsolvability).

These results show that the algorithms learn from each other. Because if there is not
any nogood learning, the number of exchanged messages would be the sum of the two
algorithms’ exchanged messages. it would be very large in such a way, the number of
messages exchanged by ABT and AFC-ng would be negligible in front of the sum.

For CCCs, we are at least like the better of them.

When we compute the number of messages exchanged by only the algorithm finding
the solution the first (it can be found by the ABT or the AFC-ng, according to the fastest
algorithm), we get very important results. The ABT/AFCng_Learning-1 exchanges fewer
messages and tests fewer constraints concurrently. That confirms the last results.

The choice of computing the MSGs and CCCs of only the algorithm discovering the
solution is not obsolete. The machine learning principle is serving to store the exchanged
nogood messages following each launch of the training algorithm. Then, use the stored

messages, to learn and fastly resolve the DisCSP problem. In our case, we should not
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FIGURE 3.3: Learning benchmarking, n = 20, v = 10, P, = 0.2, p,

compute the number of MSGS or CCCs of the training step because it is already done

once.

3.3.2 Higher Density Problems

For dense random problems (20, 10, 0.7, p»), figure 3.4 shows the evaluation results. As
for the previous figure, it represents the number of exchanged messages and CCCs of the
five algorithms. For p», itis ranging from 0.1 to 0.9 by 0.05 as a step, except the Learning-2
method which we evaluate just from 0.1 to 0.25.

Learning-2 is better than the ABT, AFC-ng and the Learning-1 methods, because,
when an algorithm finds that the other has already sent the same nogood message, it

stops the resolutions.
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This is feasible when problems are simple. But for complex problems, it is less likely,
to find the same nogood generated with the two algorithms. In that case, it is Learning-1
the more feasible.

The results make clear that the two learning methods we used (Learning-1 or
Learning-2) saves the exchanged messages and the tested constraints, even if we com-
pute the resources used by the two algorithms. The importance of learning becomes

more legible when we evaluate the ABT/AFC-ng_Learning-2.

3.4 Conclusion

Before trying to propose any new DisCSP algorithms or ameliorate the existing ones,
we suggested, in this chapter, to invest in done efforts using the learning principle. To
this end, we proposed two methods Learning-1 and Learning-2, that make it possible
to launch at least two DisCSP algorithms at the same DisCSP problem and share the
nogoods content between the participant algorithms.

The first method permits to share the nogoods until one of the algorithms finds a
solution or detects the problem insolvency. The second method serves to detects which
algorithm seems to be fast to resolve the problem to let it alone continue the problem
resolution. Assessments prove the effectiveness of the two proposed methods for saving

exchanged messages and concurrent constraints checks.
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4.1 Introduction

The different existing complete DisCSP algorithms we have already seen have a common
major limitation. For simplification assumptions, they assume that each agent is simple.
It handles just one variable. Researchers assume that every Complex DisCSP problem
can be updated to a simple problem, so that those algorithms can solve them as normal.

There are two major techniques to reformulate the complex local CSP problems, so as
there is exactly one variable per agent. The decomposition and the compilation trans-
form the original problem to make it as a simple one, so as the existing algorithms may
look for the global solution as though the initial problem is simple.

The decomposition and the compilation methods are not sufficient, and can not be
applied in some cases, especially when the local variables are growing in number. Fig-
ure 4.1 shows an example of a DisCSP problem with complex local problems with an
important number of local variables. To this end, two other methods are created to im-
prove the compilation method, namely the Interchangeability and the Neighborhood
Partial Interchangeability (NPI). Several algorithms based on the decomposition or the

compilation method have appeared. But most of these algorithms are incomplete.

FIGURE 4.1: DisCSP example with complex local problems
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In this chapter, we are going to present the different existing methods and algorithms

to support DisCSP with complex local problems.

4.2 Methods

The proposed methods aim to transform the local problems, not the algorithm, so that
the whole problem can be solved using one of the existing DisCSP algorithms.

To well understand the different methods, we are going to take the same example
shown in figure 1.2, Chapter 1. Itis an example of a DisCSP with complex local problems,
composed by three agents A1, Ay, and Az. A; handles three variables M; 1, M;;, and
M; 5, Ay has four variables My 1, M2, M3, and My 4, and the local problem of Az is

composed of three variables M3 1, M33, and M3 4.

4.2.1 Decomposition

The decomposition [Fioretto, Yeoh, and Pontelli, 2016] method is used to create a virtual
agent, for each variable, to manage its domain.

The application of this method on the example generates the creation of a new sim-
ple problem composed of ten virtual agents M1, M1, Mi5, Ma1, Ma2, M3, M4, M3,
Ms3, and M3 4 (Figure 4.2). Each virtual agent handles its own variable. Several algo-

rithms use the decomposition, but they are all incomplete.

FIGURE 4.2: Decomposition
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4.2.2 Compilation

The compilation [Weigel and Faltings, 1999] consists of creating a single new abstract
variable for each complex agent. The domain of the newly created variable is the set of
solutions of the agent local CSP problem.

A1, and all other complex agents A, and Ajz, create a new abstract variable whose
domain values are their local solutions. Table 4.1 shows a part of the local so-
lutions of A;. The newly created abstract variable has 120 values in its domain
{v1,02,03,04, 05, . ..,0120}, which is an important number of solutions.

The size of the abstract variable’s domain depends on the number of variables, the
constraints’ type, and also on the domain size of each local. The more variables and the
domains are large, the larger the abstract variable domain is. The fewer constraints there

are, the larger the domain too.

M4 Mi» Mi 5
U1 1 2 3
(%) 1 2 4
U3 1 2 5
U4 1 2 6
Us 1 3 2
s 1 3 4
%4 1 3 5
Us 1 3 6
) 1 4 2
010 1 4 3
011 1 4 5
012 1 4 6
013 1 5 2
014 1 5 3
015 1 5 4
U16 1 5 6
017 1 6 2
018 1 6 3
019 1 6 4
020 1 6 5
U21 2 1 3
U222 2 1 4
0U23 2 1 5
0120 6 5 4
The compiled domain size | 120

TABLE 4.1: The compiled domain of A;
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4.2.3 Interchangeability

To reduce the size of the created abstract variable’s domain, the authors proposed, in
[Burke and Brown, 2006], the interchangeability as an improvement of the compilation.
Its principle is based on the fact the external variables are the only variables having a

direct effect on the resolution process in a local problem.

Definition 14 (External variables) The external variables are variables that are linked to the
other agents’ variables. In the example, the variables M 1 and M  are the two external variables

of A1, because they are linked with the Aj’s variables My, and My and also to the Az’s M3 1.

Interchangeable solutions are the local solutions having the same values of external
variables. These local solutions are removed from the compiled domain.

Table 4.1 shows that the newly created abstract variable’s domain contains the 120
local solutions of A1, whereas there are some interchangeable values. For example, in the
four first local solutions, the values M;; = 1, M1.2 = 2 are the same. By applying the
interchangeability, we keep just one of the four solutions. No matter the value of M; 5 is,
since it does not influence the resolution.

After applying the interchangeability principle, the domain of the abstract variable,
created for the A;’s local problem, is containing 30 values, instead of 120 (Figure 4.3).

The interchangeability reduces the domain size, if and only if, at least one of the local
variables is not external. For the agents A, and A3 of the same example, all their variables
are external. Suddenly, the interchangeability application will not make any changes to

their compiled domains.

4.2.4 Neighborhood Partial Interchangeability

The Neighborhood Partial Interchangeability (NPI) is a special case of the Interchange-
ability. It is applied with respect to a specified constraint.

We say that a set of local solutions are neighborhood partial interchangeable with
respect to a given inter-agent constraint when the scope of the constraint (the variable/s
linked by the constraint), has the same value in all those local solutions.

Let name the first inter-agent constraint of the example, that links the two variables
M;j 1 and M5 1, "Cy" and the second one, which connects M7, and M, "Cy".

The Neighborhood Partial Interchangeability with respect to C; concerns all local so-
lutions having the same value of M; ; that is the scope of C;. While the NPI respecting to

C, corresponds to the local solutions having the same value of Mj 5.
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(a) Compiled domain of Agent A; (b) Compiled domain after applying the
interchangeability
M; 1 M M5 Mi 4 M M5
U1 1 2 3 U1 1 2 3
Uy 1 2 4 Us 1 3 2
U3 1 2 5 U9 1 4 2
U4 1 2 6 013 1 5 2
(% 1 3 2 017 1 6 2
Vg 1 3 4 021 2 1 3
vy 1 3 5
Ug 1 3 6 029 2 4 1
Ug 1 4 2 V33 2 5 1
010 1 4 3 037 2 6 1
011 1 4 5 O41 3 1 2
V12 1 4 6 V45 3 2 1
013 1 5 2 049 3 4 1
U14 1 5 3 Us3 3 5 1
0U15 1 5 4 Os7 3 6 1
V16 1 5 6 Up1 4 1 2
017 1 6 2 V65 4 2 1
18 1 6 3 V69 4 3 1
V19 1 6 4 v73 4 5 1
V20 1 6 5 v77 4 6 1
U21 2 1 3 Us1 5 1 2
U2 2 1 4 U85 5 2 1
U3 2 1 5 U89 5 3 1
o 2 1 6 V93 5 4 1
Vo7 5 6 1
0101 6 1 2
0105 6 2 1
0109 6 3 1
oz | 6 4 1
U120 6 5 4 0117 6 5 1
The compiled domain size | 120 The compiled domain size | 30

FIGURE 4.3: The compiled domain of A; before and after the interchange-
ability application
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(a) the NPI with respect to C; (b) the NPI with respect to C;
M, Mi > M 5 M, Mi > M 5

U1 1 2 3 U1 1 2 3
021 2 1 3 U5 1 3 2
O41 3 1 2 09 1 4 2
Ue1 4 1 2 013 1 5 2
081 5 1 2 017 1 6 2
0101 6 1 2 021 2 1 3
The compiled domain size 6 The compiled domain size 6

FIGURE 4.4: The application of the NPI on A; domain

Figure 4.4 shows the compiled domains of A; after applying the NPI with respect
to C; and to C,. The displayed values can be considered as an abstract of the whole
domain. For example, in the first table, v; represents all local solutions from v to ©,0,

since all these local solutions have the value 1 for the variable My ;.

4.3 Algorithms

Many algorithms have appeared to solve DisCSPs with complex local problems. They
are all based either on the decomposition and/or its ameliorations or the compilation.

There are several algorithms that use the decomposition method, such as Multi-
Aynchronous Weak Commitment (Multi-AWC) [Xiong et al., 2010], the Multiple local
variables Distributed Breakout (Multi-DB [Hirayama and Yokoo, 2002; Hirayama and
Yokoo, 2005]), and the Multi Dynamic Priorisation with Penalties (Multi-DynApp) [Ma-
gaji, Arana, and Ahriz, 2014]. The common point between these methods is the incom-
pleteness. They are all incomplete.

Whereas the compilation, the Interchangeability, and the Neighborhood Interchange-
ability are used by Ezzahir et al. in [Ezzahir et al., 2007a] to create a new algorithm named
ABT-cf (Algorithm 7) based on the ABT algorithm.

As in the ABT algorithm, ABT-cf uses 4 types of messages (waitForArrivalMessages()
procedure), Info which replaces the ABT’s Ok? message, Nogood, AddLink, and Stop.

In addition to the ABT procedures, the ABT-cf uses a procedure to test the feasibility

of the local problem. If the agent’s local problem is solvable, it waits for the reception of
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Algorithm 7 ABT-cf algorithm

1: procedure ABT-CF

2 if local problem is not feasible then
3 end < true;

4 sendMsg:stp(system);

5: else

6: seeReceived Messages();

7

8

9

Ic(i) « {};
Check AgentView();
: while —end do
10: waitFor Arrival Messages();
11: end while
12: end if

13: end procedure

14: procedure WAITFORARRIVALMESSAGES
15: msg < getMsg();
16: Switch (msg.type)

17: Info : ProcessInfo(msg);
18: Nogood : ResolveConflict(msg);
19: Stop :end < true;

20: AddLink : SetLink(msg);
21: end procedure

22: procedure CHECKAGENTVIEW(1msg)
23 if —consistent(LS, myAgentView) or Ic(i) = {} then

24: LS < ChooseValue();

25: if LS then

26: Ic(i) <~ LS | Nv;

27: I(i) « (Ic(i) — Ip(i));

28: for each child; € T* (self) do

29: sendMsg : Info (child;, I(i) | Nv));
30: end for

31: else Backtrack();

32: end if

33: end if

34: end procedure

35: function CHOOSEVALUE()

36:  foreach LS € Compiledp(sel f) not eliminated by myNogoodStore do
37: if consistent(LS,myAgentView) then return (v);

38: end if

39: end for return (empty)

40: end function
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41: procedure RESOLVECONFLICT(msg)
42: add msg.nogood to myNogoodStore
43: for each LS from Compiledp do

44: if LS holds msg.nogood.RHS then then
45: remove LS from Compiledp;
46: end if

47: end for

48: CheckAddLink(msg.nogood.LHS);
49: Ip(i) « Ic(i);

50: CheckAgentView();

51: end procedure

52: procedure PROCESSINFO(m5sg)

53: Update(myAgentView, msg.Assig);
54: CheckAgentView();

55: end procedure

56: procedure SETLINK(m5g)

57: add(msg.sender, T'" (self));

58: sendMsg:Info(msg.sender, myValue);
59: end procedure

60: procedure CHECKADDLINK(msg)
61: for each agt € lIhs(msg.Nogood) do

62: if agt ¢ I~ (self) then

63: sendMsg:adl(agt,self);

64: add(agt,I'~ (self);

65: Update (myAgentView, agt < agtValue);
66: end if

67: end for
68: end procedure

69: procedure BACKTRACK
70:  newNogood < solve(myNogoodStore);
71: if newNogood = empty then

72: end < true;

73: sendMsg:stp(system);

74: else

75: sendMsg:ngd(newNogood) to A; agent enclosed in newNogood.RHS;
76: Remove (newNogood.RHS from MyAgentView;

77: CheckAgentView();

78: end if

79: end procedure
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80: procedure UPDATE(myAgentView, newAssig)
81: add(newAssig, myAgentView);
82: for each ng € myNogoodStore do

83: if ~Coherent(lhs(ng), myAgentView) then
84: remove(ng, myNogoodStore);
85: end if

86: end for
87: end procedure

88: function COHERENT(nogood, agents)
89: for each agt € nogood U agents do

90: if nogoodlagt] # myAgentView[var| then
91: return false;
92: end if

93: end for
return true;
94: end function

messages (Lines 2 ...6). Otherwise, it stops the resolution from the start, reporting that
the problem is insolvent.

Unlike the Ok? message, which is used to send the current instantiation Ic(7) from
agent i, the Info message is used to send a part of its instantiation. The content of the
message depends on the recipient agent. For each lower priority agent, the agent i sends
the partial assignment containing the common external variables, from its whole current
instantiation.

The other changes compared to the ABT algorithm are seen in the choice of a new
value using the ChooseValue() function and when a Nogood message is received (Re-
solveConlflict() procedure).

The choice of a new value is replaced by the choice of a local solution from the agent’s
compiled domain (Line 36). This is done after applying the interchangeability principle
which tries to reduce the size of its compiled domain.

For ResolveConflict () Procedure, the received Nogood does not report the whole local
solution LS of the receiver agent. It reports only a portion. In that case, the agent applies
the NPI principle to remove all local solutions which hold the right part of the received
Nogood, from its compiled domain (Lines 43 ...47).

In this report, all the new proposals in the context of DisCSP problems with Com-
plex problems will be compared with ABT-cf and the other existing methods, namely the
compilation and the decomposition.

Comparing a method with an algorithm no longer makes sense. For this, we integrate
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the methods into DisCSP algorithms. In order not to be limited to a single algorithm, the
integration is made both into the ABT and also the AFC-ng.

This gives rise to four other algorithms that are alimented in JChoc Platform:

e Compilation based ABT ABT-comp. It differs from ABT in the ChooseValue() pro-
cedure. The agents browse their compiled domain to choose a local solution (as

ABT-cf);

e Decomposition based ABT ABT-decomp. Instead of running the ABT algorithm by
each agent, it is launching by each local variable, which is considered as a virtual

agent;

e Compilation based AFC-ng AFC-ng-comp. As for ABT-comp, the AFC-ng-comp
agent chooses a local solution instead of choosing a value to a variable, since the

agent’s local problem is complex;

e Decomposition based AFC-ng AFC-ng-decomp. The AFC-ng is running by each

variable.

4.4 Conclusion

The different existing DisCSP algorithms assume that the participating agents are sim-
ple for simplification assumptions. There is exactly one variable per agent. In the case
of complex agents, the local problems are transformed using the compilation or the de-
composition method, so the existing algorithms can resolve the problem as if the local
problems are simple.

Even the proposed algorithms are all based on either decomposition or compilation.
Whereas this is not feasible, because ignoring local resolution strategy can lead to a global

costly resolution.
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5.1 Introduction

The algorithms of DisCSPs with complex local problems use the decomposition or the
compilation methods to reformulate the local problems so as there is exactly one variable
per agent. These transformations change either the number of agents or the number of
domain values of each agent. Although, ignoring the local resolution strategy can lead to
a global costly resolution.

Managing the trade-off between complex local problems and distributed search effort
can give away to great improvements. For that, we are focusing, to guardedly choose
the local solutions, after receiving a new message, without updating the original global
problem.

We propose a new algorithm, entitled Minimal Perturbation based Asynchronous
Backtracking (MP-ABT), to resolve DisCSP problems with complex local problems. MP-
ABT considers each complex agent as a Minimal Perturbation Problem (MPP) and each
received messages as a new intra-constraint perturbation event. When a message is re-
ceived, the local problem is updated and a new MPP local solution is reported using the
Hybrid Search for Minimal Perturbation Problems (HS-MPP) algorithm. All real Com-
plex DisCSPs can benefit from this trade-off strategy, as the meeting scheduling problem,
road traffic, and multi-robot exploration.

In the following, we define the Minimal Perturbation Problem in section 5.2. Then
we describe the MP-ABT algorithm, show its properties, and apply it on our DisMSP
example in section 5.3. Finally, we exhibit experimental results illustrating the efficiency

of our newly developed algorithm in section 5.4.

5.2 Minimal Perturbation Problem (MPP)

5.2.1 Definition

A Minimal Perturbation Problem (MPP) [Bartak, Muller, and Rudovd, 2003] is a altered
CSP problem after being solved, where the main task is to find a new solution in such a
way the latter is as close as possible to the first CSP solution. The MPP can be formulated

as:

e a CSP problem P,

e an initial solution Sy of P;
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e adistance function f defining the distance between any two assignments.

A solution of an MPP problem is a solution Sy, such as the distance f(S1, S2) between

S1 and S5 is minimal.

5.2.2 Hybrid Search for Minimal Perturbation Problems (HS-MPP)

The Hybrid Search for Minimal Perturbation Problems (HS-MPP) [Zivan, Grubshtein,
and Meisels, 2011; El Graoui, Benelallam, and Bouyakhf, 2016] is an approach to solve
Minimal Perturbation Problems considering the Hamming Distance [Norouzi, Fleet, and

Salakhutdinov, 2012] as a distance function.

Definition 15 (Hamming Distance) The Hamming Distance is a mathematical concept that
computes the number of positions where two entities, with the same length, differ. In our case, on
two different assignments of the same local problem (i.e., the same agent), this measure computes
the number of variables having different values.

Let take an example A;’s local problem with three local variables X; 1, X; 2, and X 3, having an
initial solution S; = {X;1 =1, Xi» = 1, X;3 = 1}. After a constraint modification, the solution
becomes Sy = {X;1 =1, Xijo = 2, Xi3 = 2}. So, the Hamming distance of S1 and S, is equal to

2, since the values of the 2 variables X;, and X; 3 are changed.

The HS-MPP algorithm takes the CSP variables, domains, and constraints as well as
the last CSP solution as parameters and returns the closest solution or null. Null signifies

that there is no solution to the declared MPP problem.

5.3 Minimal Perturbation based Asynchronous Backtracking MP-
ABT

The main contribution of MP-ABT is highlighted when an agent receives a new message
Ok? or Nogood. In the ABT algorithm, if such a message requires a new assignment, the
receiver chooses a consistent local solution randomly. This assignment is chosen without
considering the former local solution. In MP-ABT, the MPP formalism is used to ben-
efit from the former solution and minimize the local perturbations so as the number of
disturbed neighbor agents is reduced.

The MP-ABT merges the ABT and HS-MPP algorithms. It extends the ABT, to tackle

DisCSPs with complex local problems, with fewer perturbations. The idea is to consider
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each local complex problem as an MPP problem and each newly received message as a
new intra-agent constraint perturbation. The aim is to find a new local solution that is as

close as possible to the former local solution.

5.3.1 Description of the Algorithm

The local search of ABT can not be replaced directly by the HS-MPP approach. In ABT’s
local search, the agent stores nogoods when looking for a new consistent local solution.
In case the consistent local solution is not found, the agent generates a new nogood from
the nogoods stored for each inconsistent assignment. For the sake of HS-MPP, the local
consistent value is looked for in a single execution. Therefore, if the returned value is
null (i.e., there is no consistent local solution), the agent has no justifications to construct
anew nogood. That is why we have to make several changes to the original pseudo-code
of ABT.

In the following, we are going to describe how the MP-ABT algorithm is running.
Algorithm 8 provides the procedures and functions executed by each MP-ABT agent,
which are not existing in the ABT pseudo-code, or which are changed.

As for the ABT, each MP-ABT agent assigns values to its variables, sends them to the
corresponding agents, and then switches to the listening position to respond to incoming
messages (ABT pseudo-code 3).

After the reception of the Ok? message, the receiver filters the domain of each lo-
cal variable. It removes all values, which are inconsistent with sender values, from the
variable domain. For each filtered value, it adds a nogood to its ‘Justifications” structure
(Update procedure, line 37). The stored nogood contains the deleted value and the vari-
able that cause this value removal. It contains only the partial assignment that causes the
inconsistency, not the whole local solution of the sender. Hence it enjoys the benefits of
the interchangeability principle to speed up the resolution process.

During the filtering process, the agent tests the whole domain even if, it may contain
values that are already deleted. These redundant justifications aim to save all suppression
causes of each value.

Foremost, the agent updates the Justifications and NogoodStore structures, by re-
moving the nogoods that become obsolete (Update procedure, lines 76 and 81). Then,
it restores values to the variables domains (Update procedure, line 83). A value is re-

stored if and only if all the corresponding justifications are removed (Update procedure,
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Algorithm 8 MP-ABT algorithm

1: procedure MP-ABT myvalue < empty;
2: end < false;

3: CheckAgentView();

4: while —end do

msg <« getMsg();

Switch (msg.type)

OKk? : ProcessInfo(msg);
ngd : ResolveConflict(msg);
stp :end < true;

10: Adl : SetLink(msg);

11: end while

12: end procedure

13: function CHOOSEVALUE(VariableDomains, NOGOODSTORE)

14: if (one of VariableDomains is empty) then
return null
15: end if
16: Create a MPP problem with the same variables of the initial local problem;
17: Attribute VariableDomains to the variables;
18: Add the non redundant rhs(nogood) of the NogoodStore as a not equal constraint
of the MPP problem;
return MPP.getSolution

19: end function

20: procedure UPDATE(myAgentView, new Assig)
21: add(newAssig, myAgentView);
22: for { each ng € myNogoodStore} do

23: if (~Coherent(lhs(ng), myAgentView)) then
24: remove(ng, myNogoodStore);
25: end if

26: end for
27: for {each ng € Justifications} do

28: if (—Coherent(lhs(ng), myAgentView)) then

29: remove(ng, Justifications);

30: if (rhs(ng) is not removed by a nogood in Justifications ) then
31: restore rhs(ng).value to the currentDomains;

32: end if

33: end if

34: end for

35: for each local variable do

36: Remove inconsistent values from currentDomain;

37: Add a nogood in justifications for each removed value;

38: end for
39: end procedure
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40: procedure BACKTRACK

41:
42:
43:
44:
45:
46:
47:
48:
49:

newNogood <« solve(myNogoodStore U Justifications);
if newNogood = empty then
end < true;
sendMsg: stp (system);
else
sendMsg:ngd(newNogood);
Update (myAgentView, rhs(newNogood) < unknown);
CheckAgentView();
end if

50: end procedure

line 82). Finally, it chooses a new local solution (ChooseValue procedure), following the

succeeding steps:

1.

2.

It checks if there is an empty filtered domain (line 14);

If so, it returns null, to send a nogood message, without looking for a new local

solution;

Otherwise, it declares a new MPP problem. The latter consists of its local prob-
lem variables which are defined on their new corresponding filtered domains, its
local constraints (intra-agent constraints), and the stored valid nogoods, that are

compatible with the AgentView, as new constraints (lines 16, 17, and 18);

. Finally, it looks for a new closest solution to its current solution, using the HS-MPP

algorithm.;

If a new consistent solution is found, it is sent to the corresponding agents (Check-

AgentView procedure);

Otherwise, a new nogood is generated, using the stored justifications and the re-

ceived nogoods (Backtrack procedure, line 41).

After the reception of a nogood message, the receiver checks if it is coherent with its

AgentView, as in ABT. If so, it stores it in its NogoodStore, and chooses a new closest

solution, with the same manner described previously.

5.3.2 MP-ABT Properties

The MP-ABT has the same properties as the ABT: the soundness, completeness, and the

termination.
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Soundness

Since the local search of ABT is replaced by the MPP approach in MP-ABT. The only risk
that may cause the unsoundness of MP-ABT is that it has no way to record the deletion
reasons for each local solution. But from the moment that it records justifications during

the filtering operation, therefore it remains also sound, as the ABT algorithm.

completeness

The MP-ABT uses the filtered domain, the existing intra-agent constraints and the re-
ceived valid nogoods as inputs to the MPP algorithm. Since the HS-MPP algorithm is
sound, the returned solution will satisfy all constraints (the original constraints, and the
received nogoods). So the local solution of each agent, satisfy its inter-agent and intra-

agent constraints. So the algorithm is complete.

termination

The filtering process speeds up the search, and can never be trapped in an infinite loop
since the domains are finite. In addition, since the HS-MPP algorithm finds the solution
in a limited time, so the whole problem can be solved also in a finite time. On the contrary,
it speeds up the search, because it gives the local decision in just one loop, without doing

the compilation nor the decomposition process.

5.3.3 Application Example

To well understand the MP-ABT, we are going to apply it in our DisMSP example (Figure
1.2), which is made up of three complex agents A;, A, and Az. A; and Az handle three
variables, while A, manipulates four variables.

When the MP-ABT starts, each agent chooses its first local solution and communicates
it to the lower priority agents via Ok? messages. A; chooses and sends (M1 =1, My, =
2,M;5 = 3) to A and Ap. Whereas A, chooses (M1 =1, My = 3, M3 = 4, M3 = 5)
and sends it to As.

After receiving the OK? message from A;, A, stores the received values in its
AgentView, removes inconsistent values from its variables” domains, and stores a jus-

tification for each removed value.
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It deletes all values from M;; domain except 1, because M;; = 1 and M;; should
be equal to M. It adds the nogoods M11 =1 — My1 # v, v € {3,4,5,6} as dele-
tion justifications in its “Justifications” structure, and checks if its current local solution
remains consistent. The same treatment is done for the second variable M, . The stored
justifications for the second variable contains the value M;, = 2 as cause.

After storing the nogoods, A, finds that the M;,’s domain becomes empty. So it
gathers the stored nogoods to generate @ — (M1 # 1, M1, # 2). The generated nogood
contains only M1 = 1 and M;, = 2 which are the real causes of the failure.

For A3, it receives two Ok? messages (from A; and A;). After receiving the A; mes-
sage, it proceeds as A, by storing a justifying nogoods for each inconsistent value. The
only variable constrained with A; is M3, so all justifications contain the same cause
M;1 = 1. After the deletion process, A3 notes that its domain becomes empty. So, it
sends the nogood @ — M1 # 1to Aj.

Even the A,’s Ok? message causes a failure to Az, because of the three variables M,
M 3,and M; 4. In this case, it sends another nogood message to A;.

After receiving the first nogood @ — (M1 # 1, M1, # 2) from Aj, A stores it in
its NogoodStore and tries to find a new local solution responding to the received nogood
and which is as close as possible to its current local solution (M11 =1, M1 =2, M35 =
3), using the HS-MPP method.

The local solution returned by the HS-MPP is (M1 = 4, M1, = 2, M5 = 3), Which
changes only the value of the first variable. This assignment is sent to A, and A3z via Ok?
messages. The advantage of choosing an MPP solution can be seen when the variable
M; 5 of the agent A; is constrained with another external variable of another agent. In
that case, A; will not disrupt the other agents. Therefore, MP-ABT minimizes the number
of global perturbations, by minimizing it locally.

The reception of the second nogood message @ — M;j; # 1 does not provoke any
new message except its storage in A;’s NogoodStore since the last A»’s local solution
responds already the received nogood.

For the nogood message received by A», it requires to be saved and to look for a new
consistent value with a minimal number of changed values, while taking into account
the nogoods stored in A, NogoodStore. The nogoods are going to be added to the MPP’
declaration as constraints.

The agents are going to continue this way, by minimizing the number of variables’

values changes when looking for a new local solution and generating the appropriate
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nogoods, until finding a global solution to the problem.

One of the advantages of the MP-ABT we saw is the pointed nogood’s content. It
allows detecting the real cause of conflict and implicating the responsible variable, not
only the responsible agent, as for the ABT algorithm. We note also that the filtering

process helps to detect the conflict without the need of searching a new solution.

5.4 Experimental Results

In this section, we compare the MP-ABT algorithm with ABT-comp, ABT-decomp, and
ABT-cf. As we have mentioned in Chapter 4, ABT-comp (respectively ABT-decomp) is
the result of the merge of the compilation (respectively the decomposition) with the ABT
algorithm.

The assessments are made against the number of exchanged messages (# MSGs),
which can be considered as a measure of the number of the agents” perturbations and
the communication load. The experimentations are also made against the Concurrent
Constraint Checks (# CCCs). To have significant results, the checked constraints during
the compilation and the decomposition are taken into consideration too.

The four algorithms are evaluated on Random Complex DisCSP problems. All prob-

lems are characterized by (i,, iy, ¢, n, d, v, p2) while:
e i, is the intra-agent density;
e ij is the inter-agent density;
e cis the connection density;
e 1 is the number of agents;
e ( is the domain size;
e v is the number of variables per agent;
e p> is the tightness of constraints.

We select problems in four most representative zones classes of constraints: < 0.3,
07,03,5,5 2 p» > < 0703,07,5,52,p0 >, < 03,07,0.3,5,5,4,p2 >, and <
0.7,0.3,0.7,5,5,4, p» >. The tightness p, varies from 0.1 to 0.9 by 0.1 as a step. For each

fixed set (i4, i3, ¢, 1, d, v, p2), we generate 10 instances, and we take the average.
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FIGURE 5.1: MP-ABT benchmarking with < 0.3,0.7,0.3,5,5,2, p» >

Figures 5.1 and 5.2 show the behavior of the four algorithms ABT-comp, ABT-
decomp, ABT-cf, and MP-ABT, while solving problems with 2 variables per agent and
belonging to the first class of constraints < 0.3,0.7,0.3,5, 5, 2, p, > (Figure 5.1), and also
to the second class of constraints < 0.7,0.3,0.7,5, 5, 2, p» > (Figure 5.2).

The results exhibit that the MP-ABT exchanges fewer messages (less disturbance)
than the other algorithms. In this case, our principal aim is achieved which is minimizing
the number of perturbations. MP-ABT agents exchange fewer messages than the three
other algorithms, especially, when problems become denser.

In the first-class problems, agents handle few intra-agent constraints (the intra-agent
density = 0.3). So even if few or zero constraints are tested during compilation (ABT-
comp and ABT-cf), MP-ABT checks fewer constraints concurrently than the other algo-
rithms. The same for ABT-decomp, that wastes several messages without any importance
in the decomposition, such as nogood and AddLink messages.

For 4 variables per agent, the evaluation results are shown in figures 5.3 and 5.4.
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FIGURE 5.2: MP-ABT benchmarking with < 0.7,0.3,0.7,5,5,2, p» >
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FIGURE 5.3: MP-ABT benchmarking with < 0.3,0.7,0.3,5,5,4, p» >

In this kind of problem, the performance of the MP-ABT algorithm becomes increas-
ingly important. On the contrary to the first results (i.e., 2 variables per agent), the out-
performance began to be remarkable even in problems with low tightness too.

Local problems become more constrained. So, it is too hard and complex to find the
whole compiled domain, in ABT-comp and ABT-cf. Thus, the domain contains several
values. Therefore more constraints are tested. For the ABT-decomp, it makes a big effort.
It can loop several times to find one consistent local solution.

We observe that, in general, the ABT-comp is the less-performance algorithm, espe-
cially in the first class of problems. It exchanges more messages (more disturbance) and
checks more constraints concurrently. This is due to the size of the newly constructed

domain by the compilation.
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FIGURE 5.4: MP-ABT benchmarking with < 0.7,0.3,0.7,5,5,4, p» >
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ABT-cf is expected to be better than ABT-comp because it reduces the size of the com-
piled domain by deleting the interchangeable solutions. But it does not exceed the MP-
ABT, because the content of used nogoods does not help to speed up the search and
interchangeability is not really applied when local problems become dense.

Even if the domain size is still the same in the ABT-decomp algorithm, it is also less
efficient than MP-ABT, because of the creation of the virtual agents, which increases the
size of the global problem. And so, there are more exchanged messages, and then more
concurrent constraint checks.

We aimed to minimize the number of perturbations (i.e., the number of exchanged
messages). Such results exhibit that our principal aim is achieved, in the case of two
variables per agent as well as four variables. In addition to our main goal, we have
also reduced the number of non-concurrent constraint checks, in most tightness values,
especially when the local constraint network becomes dense.

The different evaluation results demonstrate that the MP-ABT is a very effective way
to decrease the number of messages and therefore the number of perturbations. We ob-
serve that the more variables we have, the less disturbance MP-ABT does. And even in
unsolvable problems. The MP-ABT algorithm remains better, due to the nogood content,
which contains just the solution parts that cause the failure (contrary to ABT-comp that
reports all the solution with the different variables). So, instead of deleting just one so-
lution after the reception of a nogood message, we can delete a group of solutions that
contains the responsible variable value. Besides, the filtering process used in MP-ABT

minimizes the number of checked constraints.

5.5 Conclusion

In this chapter, we presented the complete Minimal Perturbation based Asynchronous
Backtracking algorithm MP-ABT, which is an upgrade of the ABT algorithm to solve
DisCSPs with complex local problems while minimizing perturbations locally.

The existing methods are based on the compilation of the complex agent domains or
the decomposition to make local problems as simple, so as the DisCSP algorithms can be
applied without any modification. Whereas MP-ABT manages the trade-off between the
complex local problems and the distributed search effort, to minimize the local changes

for minimizing the agents’ perturbations.
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The MP-ABT algorithm examines each complex local problem as an MPP problem
and each received message as a perturbation of the intra-agent constraints. After each
message reception, the MP-ABT agent returns the closest local solution to its current one,
using the HS-MPP algorithm.

Experimentation results show that the MP-ABT algorithm outperforms the different
ABT versions, in terms of the number of exchanged messages and therefore the number
of perturbations while minimizing the computational effort, especially when problems
become dense and contain more variables per agent.

In the next chapter, we are going to propose a most general approach that can rein-

force several DisCSP algorithms to support DisCSPs with Complex local problems.
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6.1 Introduction

We proposed in the previous chapter the MP-ABT, an upgrade of ABT. It considers each
complex local problem as a Minimal Perturbation Problem (MPP). The agent constructs
anew MPP problem, solves it, and communicates the picked up result, every time a local
solution is needed. This process allows recovering a new local solution with minimal
changes against the last agent local solution, so as to disturb fewer agents and then rise
the ABT’s performance. The perturbation minimization did not take into consideration
the number of agents linked, the number of variables of each linked agents, and even the
identity of those agents.

In the first part of this work, we are going to continue with the same minimal reason-
ing, but by improving the compilation method, which is one of the most used methods,
and taking other parameters into consideration in the minimization process. In the sec-
ond part, we are going to enhance the nogood construction. Those proposed methods
can be applied to several DisCSP algorithms, so as they can solve DisCSPs with complex
local problems.

The improvements brought to the compilation are based on i) a Selective Sorting (SS)
of the local solutions making up the compiled domain, using the COP formalism, and ii)
a Smart Nogood (SN) construction.

The chapter will be organized as follow: We explain the Selective Sorting (SS) method,
the algorithm, as well as its properties in section 6.2. We do the same thing for the second

method Smart Nogood (SN) in 6.3, and we conclude the chapter in section 6.4.

6.2 Selective Sorting (SS)

In our first contribution, we consider the local problems as Constraint Optimization Prob-
lems (COPs), instead of CSPs, so as we can insert some preferences serving to hold steady

the complexity of the DisCSP algorithms.

6.2.1 Description

The complex local problems are, by definition, CSPs plus objective functions to optimize.
In the first contribution SN, we consider each local problem as a COP problem with four

objective functions to minimize:
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Hamming Distance (HD);

Lower Priority Agents (LPA);

Constraints of Changed Variables (CCV;

Most Priority Agents (MPA).

The use of an existing multi-objective COP algorithm can solve the preference prob-
lem, and give a local solution. Although, the COP algorithm is going to look for the set of
local solutions each time a local solution is required, whereas the set of the CSP problem
solutions are already prepared once for all. To use the last cited advantage and optimize
the choice at the same time, we are going to keep the compiled domain and just reorder

it, according to our preferences, and using our Selective Sorting method.

6.2.2 Algorithm

After the reception of a message Ok?, CPA or nogood, according to the used DisCSP algo-
rithm, making the current local solution of the receiver inconsistent, our first contribution

takes place (Algorithm 9). This method is based on four steps:

1. Sort the domain in ascending order of the Hamming Distance (HD) of each browsed
local solution, against the current local solution of the agent (SortDomain() proce-

dure, lines 4 and 5 and HD() function).

The HD(Csol, Lsol) function returns the Hamming Distance of two solutions Csol
and Lsol2. Knowing that the two solutions are two instantiations of the same local
problem, they have the same number of variables. The function initializes a counter
C with 0 (line 23). goes through the variables of the first solution (line 24) or the
second, since they have the same size. For each tested variable, the function checks
if its value is not equal to the other local solution variable value. If so, the counter

is incremented by 1.

Let’s take the agent A; of our DisMSP example (figure ??), which has three variables
M1, My 7, M1 5. We assume that the Current local Solution of A is the first one Csol

=M1 =1, My, = 2, Mis5 = 3), and we have to return the HD of this solution
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Algorithm 9 Selective Sorting (SS)

1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

22:
23:
24:

25:
26:
27:
28:

29:
30:
31:
32:
33:
34:
35:

procedure SORTDOMAIN((Solution Csol))
for j=1 to domain.size do
for k=j+1 to domain.size do
if HD(Csol,domain(k)) < HD(Csol,domain(k)) then
Swap (domain(j),domain(k));
else if HD(Csol,domain(k)) = HD(Csol,domain(k))
if LPA(Csol,domain(k)) < LPA(Csol,domain(k)) then
Swap (domain(j),domain(k));
else if LPA(Csol,domain(k)) = LPA(Csol,domain(k))
if CCV(Csol,domain(k)) < CCV(Csol,domain(k)) then
Swap (domain(j),domain(k));
else if CCV(Csol,domain(k)) = CCV(Csol,domain(k))
if MPA(Csol,domain(k)) < MPA(Csol,domain(k)) then
Swap (domain(j),domain(k));
end if
end if
end if
end if
end for
end for
end procedure

function HD((Solution soll, Solution sol2))

C+ 0
for i=1 to soll.nbrOfVariables do > soll and sol2 have the same number of
variables
if soll.getvariable(i) # soll.getvariable(i) then C + C+1;
end if

end for returnC;
end function

function MPA ((Solution sol1, Solution sol2))
MPA + ",
for each Agent from LPA(sol1,s012) do
if Agent < MPA then MPA « Agent;
end if
end for return MPA;
end function

with respect to the Local Solution Lsol = (M1 = 1, M2 = 3, M5 = 2). The HD
function compares the values of M ; in Csol and Lsol. We find that they are equal.
In this case, the counter is still equal to 0. Next, it compares the values of M, in
the two solutions and notes that they are different. So, the counter becomes equal
to 1 this time. The same thing is done with the third variable M; 5 which causes the

increase of the counter to 2. The function returns finally the value 2 (Table 6.1).
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36

37
38:
39:
40:

41:
42:
43:
44:
45:
46:

47:
48:
49:
50:
51:

52:
53:
54:
55:
56:
57:

: function LPA((Solution sol1, Solution sol2))
LPA =;
for i=1 to sol1.nbfOfVariables do
if soll.getvariable(i) # sol2.getvariable(i) then
for each Agent from soll.getvariable(i).getConnected LowerPriority Agent()
do
if Agent ¢ LPA then add AgenttoLPA;
end if
end for
end if
end for return LPA;
end function

function CCV((Solution sol1, Solution sol2))
CCV =;
for i=1 to sol1.nbfOfVariables do
if soll.getvariable(i) # sol2.getvariable(i) then
for each Constraint from soll.getvariable(i).getCstrOfLowerPriority Agent()
do
if Constraint ¢ CCV then add C to CCV;
end if
end for
end if
end for return CCV.size;
end function

Miix My Mis
Csol 1 2 3
Lsol 1 3 2
Accumulated HD 0 1 2

TABLE 6.1: HD computation example

2. If the HD of two local solutions are equal (SortDomain procedure, line 6), the local
solutions are sorted against the LPA, the number of Lower Priority Agents which
are going to be affected by the changes (SortDomain procedure, lines 7 and 8 and
LPA function). For example, if the HD of a local solution is equal to 2, we compute
the number of lower priority agents, which are going to be affected by these two
changes. If the two variables are connected only with one agent, the LPA returns

the value 1.

The LPA (Csol, Lsol) function shows the instructions to follow to get the value of

the LPA of two solutions Csol and Lsol. The function creates an empty list LPA (line
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30), roams the variables of one of the two solutions, variable by a variable (line 31),
and checks if the variable values in the two solutions are not equal (line 32). If so, it
gets the set of lower priority agents connected with the tested variable (line 33) and

adds those not already existing in the LPA list (line 34).

Let apply this function to the same example as the previous step. The first variable
M; 1 does not change its value, so the LPA is still empty. While the second variable
M is changed and connected to A. In this case, the LPA list is alimented by A,.
Whereas the third variable M; 5 is changed but it is not connected with any lower

priority agent, thus the function returns a list with just one element A, (Table 6.2).

. If the LPAs of two local solutions are equal (SortDomain procedure, line 9), we

sort against CCV, the number of Constraints linking the Changed Variables with
those of the Lower Priority Agents (SortDomain procedure, lines 10 and 11 and
CCV function). For example, if two variables are changed, and the first variable
is connected via two constraints, and the second with just one constraint, the CCV

returns the value 3 = 2 + 1.

The details of this step are shown in the CCV function. It follows the same treatment
as the previous function, in its three first steps (lines 41, 42 and 43). But, instead of
recuperating the set of Lower Priority Agents, it gets the variables of these agents
and adds those not already existing to the CCV list. In the end, the function returns

the size of the CCV list.

n the earlier example, the second variable M, is connected with just M, of the
agent Ay, while M 5 is not connected to any variable or agent. In this case, the
function returns the value 1 (Table 6.3). The number of variables connected to the

tirst variable M; 1 is not computed since its value is not changed.

My Mip Mis
Csol 1 2 3
Lsol 1 3 2

Connected agents || {A2,A3} {A} @

Accumulated LPA %) {Ax} {A5)

TABLE 6.2: LPA computation example
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Mi 4 My,  Mis
Csol 1 2 3
Lsol 1 3 2
Connected variables || {M>1,M31} {M>>} @
Accumulated CCV @ {Mao} {M>o}
CCV size 1

TABLE 6.3: CCV computation example

4. If the CCVs of two solutions are equal (SortDomain procedure, line 12), we sort
according to the identities of connected agents, not only their number (SortDomain
procedure, lines 13 and 14 and MPA function). If the first solution will affect the
two agents A; and A; (A; < A;) and another solution will disturb Ay and A; (A <
Aj). the MPA compares the priority of the highest priority agent in the two cases A;
and Ay. If Ay is the lowest priority agent, the corresponding local solution is placed
before, assuming that changing a solution of a lower priority agent will not disturb

more, in comparison to changing the solution of a higher priority agent.

The MPA(Csol, Lsol) function generates a string (line 52). Then, it roams the list of
Lower Priority Agents (recovered by the function LPA applied on the two solutions
Csol and Lsol), agent by agent (line 53). If the agent tested is a higher priority than
MPA, the MPA is changed by the name of the current agent. Since the priority
is made lexicographically, the test of priority is made according to the lexicons of

strings (line 54).

The HD of the local solution, corresponding to the inconsistent current local solution,
takes always the greatest value. It is equal to the number of local variables + 1, starting
from the premise that an inconsistent solution should not be chosen.

The transition to the last three steps is done if and only if the local solution has a Ham-
ming Distance smaller than the number of variables. If the HD is equal to the number of
variables, the whole local solution is going to be modified and all the other measures are
going to be the same.

The transition from one step to another is possible if and only if the preceding step
gives equal values.

Sorting the compiled domain according to the Hamming Distance, when looking for
anew local solution, is going to give good results since the idea is taken from the Minimal

Perturbation based ABT (MP-ABT) algorithm. It considers each complex local problem as
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a Minimal Perturbation Problem and uses the HS-MPP algorithm to find a local solution
with minimal disruption, whenever it is required. The HS-MPP is based on this famous

Hamming Distance and the results presented were very interesting.

6.2.3 Properties

This improvement will, in no way, change the used DisCSP algorithm properties. if it
is complete it will remain complete, because the SS method does not remove any value
from the domain nor change its content. It just reorders local solutions of the compiled
domain, which still static when looking for a new local solution. So, the agent does not
miss any value. This is true for the termination and the soundness of the used DisCSP

algorithm.

6.24 Example

To well understand the Selective Sorting method, let take our DisMSP example (Figure
1.2). As we have seen in Chapter 4, the compiled domain of A; contains 120 local so-
lutions. To reduce the number of local solutions, let assume that the variables” domains
have only the three first values {1,2,3}. In this case, the compilation produces a new ab-
stract variable with 6 local solutions (Figure 6.1, Table (0)).

After receiving a message requiring the change of A; current local solution, which is
supposed to be equal to Csol = (Mj1 = 1, M1, = 2, M5 = 3), Ay sorts its compiled

domain following the SS’s four steps. The resulted sorted domain is shown in figure 6.1.

6.3 Smart Nogood (SN)

6.3.1 Description

The second contribution concerns the nogood construction. In ABT, AFC-ng, or any other
algorithm, relying on nogoods in their resolution, the built nogood is expressing that an
instantiation of this agent is blocking the tested value. In the case of a Complex Lo-
cal Problem, summed up in a variable whose domain is the set of local solutions found
during the compilation process, the principle of the generation of a nogood remains the

same. The generated nogood involves a whole local solution, without destining the true
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FIGURE 6.2: DisCSP example with complex local problems

cause of inconsistency and what is the exact inconsistent variable. In our second contri-
bution, we propose to reason by variable instead of reasoning by agent/local solution,
when generating a new nogood (Algorithm 10).

Take the example of a general agent A;, handling m variables (x;1 , Xi2 , ..., Xim ),
and connecting with another agent A;, whose local problem contains n variables (x;1,
Xj2, -, Xjn). We assume that the two agents are linked with a binary constraint C:x;;
# xj1 (Figure 6.2). When A; chooses the value (Vi1, V2, ..., Vi), the variable x;; of A;
should be different from V;. In the ordinary reasoning, the A; creates the nogood A; =
(V1, Vo, ooy Vi) — Aj # (V1,..., Viy) for each local solution whose x;; is equal to Vi, while
a simple nogood as x;; = V; — x;j1 # Vi can resolve this issue. It can remove all local
solutions which have the value V; in the variable x; ;. This will decrease the storage and

the number of exchanged messages and then the number of checked constraint.

6.3.2 Algorithm

Algorithm 10 shows the GetJustification function. It points out the detailed instructions
to follow to get the Smart Nogood, justifying the inconsistency of a solution regarding a
received one. The function takes in parameters the higher priority agent’s local solution
senderSol, the current local solution Csol of the agent desiring to check its consistency

against the received one, and the constraint cstr to test.
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Algorithm 10 Smart Nogood (SN)

1: function GETJUSTIFICATION(Solution senderSol, Solution Csol, Constraint cstr)

",

2: ngd <"

3: if !cstrisSatisfied(senderSol, Csol) then ©> cstr contains the name of the variables
and the constraint type
4: for each element from SenderSol.getVariables do > element is the variable

with its value

5: if cstr.getVariables.contains(element.get Name) then
6: ngd < ngd + element; break;
7: end if
8: end for
9: ngd < ngd +"—";
10: for each element from Csol.getVariables do
11: if cstr.getVariables.contains(element.get Name) then
12: ngd < ngd +element; break;
13: end if
14: end for

15: end if return ngd;
16: end function

The function generates an empty nogood ngd (line 2) and checks if the Csol and the
senderSol do not violate the constraint cstr (line 3). If so, the function returns the gener-
ated empty ngd. Otherwise, it roams the variables of SenderSol, to know which variable
is connected by cstr (lines 4 and 5). The variable connected with cstr is going to be added
to the left-hand side of ngd (line 6), to guarantee that the ngd left-hand side contains just
the inconsistent variable.

In the same way, CSol’s variables are roamed to identify which variable is responsible
for the inconsistency (lines 10 and 11). The identified variable is going to be added on the
right-hand side of ngd (line 12).

The returned nogood contains just one variable on the left-hand side and one other on
the right-hand side. It is able to remove all local solutions handling the value that exists

on its right-hand side.

6.3.3 Properties

The Smart Nogood method removes more values than the simple nogood from the do-
main. This does not affect the completeness, or the correctness of the DisCSP algorithms
in any way since it has the same principle as the decomposition method which is proved
that it keeps the DisCSP algorithm properties. It is used to consider each local variable
as a virtual agent. The agent generates a nogood that calls into question the virtual agent

(ie. the variable), not the real agent. This exactly what we do with the SN.
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For the termination, the method helps to speed up the algorithms since it removes a
set of local solutions with just one small nogood. it also reduces the number of exchanged

messages as well as the non-concurrent constraints checks.

6.4 Conclusion

In this chapter, we proposed a new method that can be used by most DisCSP algorithms,
to resolve DisCSPs with Complex Local Problems. It is based on the compilation’s im-
provements, which replaces each complex agent by an abstract variable, whose domain
is the set of local solutions of the agent. The first improvement is the Selective Sorting
of the compiled domain, compared to four criteria HD, LPA, CCV, and MPA. The second
improvement is based on reasoning by variable instead of agent/local solution in the
construction of a Smart Nogood. We are going to apply these methods to some DisCSP
algorithms, namely ABT and AFC-ng, and evaluate their effectiveness against the exist-

ing methods.
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7.1 Introduction

The methods Selective Sorting of the complex agent compiled domain we have proposed
to improve the compilation as well as the Smart Nogood can be integrated to the DisCSP
algorithms so as they solve DisCSPs with complex local problems, especially those based
on the nogoods. The ABT and the AFC-ng are the two most employed algorithms which
use nogoods.

In this chapter, we are going to apply the two methods SS and SN into ABT and
AFC-ng and compare the resulting algorithms ABT-SS&SN and AFC-ng-SS&SN with the
existing algorithms to assess the proposed methods.

We are going to describe the propositions’ details more accurately. Hence, the chapter
proceeds as follows. Section 7.2.1 presents the first algorithm ABT-SS&SN Section 7.2.2
tackles the second one AFC-ng-SS&SN Section 7.3 shows the experimental results. And

Finally, section 7.4 concludes the chapter.

7.2 Selective Sorting and Smart Nogood based DisCSP algo-

rithms

The SS and SN methods are designed to be integrated into DisCSP algorithms, so as
they can resolve DisCSPs with complex local problems. In this section, we are going to

incorporate the two methods into ABT and AFC-ng.

7.2.1 Selective Sorting and Smart Nogood based ABT

The integration of SS and SN into ABT causes a modification in the ABT algorithm. Al-
gorithm 11 shows the modified procedures and functions with respect to the ABT algo-
rithm.

The two changed functions are ChooseValue and Coherent. In the ChooseValue func-
tion (line 1), which is applied when an agent looks to instantiate its variables/local prob-
lem, the agent sorts its compiled domain using the SortDomain procedure of the SS
method (line 2). Afterward, it continues its process by browsing the compiled domain,
solution by solution (line 3), while looking for a local solution that is not eliminated by
its nogoodStore. For the last test, it is enough that the agent finds only one variable’s
value of its local problem is removed by a nogood, all the local solutions containing this

variable’s value are going to be eliminated by this nogood.
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If a local solution is not removed by any nogood, the agent tests whether it is consis-
tent with all the higher priority agents” local solutions, existing in its AgentView (line 5).
To do this, it uses the function GetJustification of the SN method (line 7). If the function
returns an empty nogood, the tested constraint is checked and verified. Otherwise (line
8), the examined constraint is not consistent and the recovered nogood is going to be
saved in the agent’s NogoodStore (line 9) as justification for inconsistency.

If the agent crosses all instantiations existing in the AgentView without saving any
nogood, that means that the tested local solution is consistent. Thereby, the function

returns the tested value (line 15).

Algorithm 11 ABT-SS&SN algorithm (Changed parts in relation to ABT)

1: function CHOOSEVALUE()

2: SortDomain(myValue) > integrate the first compilation improvement

3: for each v € D(self) not eliminated by myNogoodStore do >
if only one value of a variable is deleted by a nogood, all v variables will be eliminated, (ie all the local
solution will be deleted momentarily)

4. coherent < true;
5: for each agent of myAgentView do
6: for each Constraint of agent.getConstraints do
7 ngd + GetJustification(v; sel f Constraint);
8: if ngd # " then
9: add(ngd, myNogoodStore);
10: coherent < false; > one justification for an agent
11: break;
12: end if
13: end for
14: end for
15: if coherent then return v
16: end if

17: end for return (empty)
18: end function

19: function COHERENT(nogood, agents)
20: for each var € nogood U agents do

21: if nogood[var] ¢ myAgentView[var].getVariables then return false;
22: end if
23: end for

return true;
24: end function

The second changed function Coherent (line 19) is used to test the validity of a nogood
against the local solutions stored in the AgentView.

For each variable existing in the nogood (line 20), the agent does not check if this
variable value is equal to the owner agent’s local solution figuring in the AgentView. It
checks only if the higher priority agent local solution contains the tested variable (line
21). If not, that means the variable value (in the AgentView) is different from that of the

nogood. That implies the nogood is incoherent.



92 7. Selective Sorting and Smart Nogood based DisCSP algorithms

B snifferd®192.168.56.1:1099/JADE - Sniffer Agent - O d
Actions About

¥ = HE eea H e .

Bl I I B .

(b2 AL M2 203 W2 3 B2 5
Lal

[ »

(hl g 101,122 Wl L5230

™
LT R B T R e 1 e

o -

>
HULL=(MZ 1:1)

-
NULL=(M1.1:1)

"

-
NULL=(h1.2:2 b1 {113
a

(hl2 AR M2 203 2 3 B2 5
Lal

(hl ] 10 1202 L5030

™
LR e T R ey 1 R e

.

™
(R 1R M2 A 6 2 3 2 5
Il

NULL =0k 1124, b1 220

(2 g M2 203 W2 36 B2 450
Lal
(hl g 10 1201 Wl L5230

™
LR e T I T R e

I
Lal

(2 A M2 201 2 36 B2 5
Lal

[4]

4 [« Il ]

IAgent: A1

FIGURE 7.1: The Figure 1.2 problem resolution with ABT-55&SN

Figure 7.1 shows the DisMSP example (Figure 1.2) resolution process, using the ABT-
SS&SN algorithm.

The agents choose their first local solutions and send its to the lower agents via Ok?
Messages. A; chooses the local solution (M;1 = 1, M2 = 2, M;5 = 3) and sends it to
Aj and A3 (lines 5 and 6 in the figure 7.1’s sniffer). While A, chooses the value (M1 =
1, My»r =3, Mp3 =4, M4 = 5) and sends it to Az (line 4).

After receiving the Ok? messages, A3 finds that it can not choose any local solution
because of the value A;’s M;.1 = 1 and Aj’s Mp.1 = 1. Therefore, it constructs nogoods
according to the SN method and sends them to the responsible (lines 7 and 8). Similarly,
Aj is blocked because of two variables M;.1 = 1 and M;.2 = 2 of the same agent A; (line
9).

After receiving the nogood @ <— Mj; # 1 from Az, A, deletes all local solutions hav-
ing the value M; ; = 1 from its compiled domain, sorts the domain using the SS method,
and choose the first consistent local solution My = 6, My = 3, M3 = 4, M>4 = 5. The
SS has permitted to change only the first variable’s value, which has the HD = 1. A; does
the same treatment as A, and chooses the local solution M1 = 2, M1, = 2,M 15 = 3

which differs from its first one by only one value M;; = 2.
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The new local solution of Aj is blocking As. This is why A3 sends a new nogood to
Aj reporting all its local solution. The latter is also blocked. Therefore, it sends a new
nogood to the highest priority agent (line 14). The sent nogood is a resolution of the
stored nogoods as well as the newly received one.

The agents continue this process, using the SS before selecting a new instance and the
SN in generating nogoods justifying the inconsistency of their local solutions until silence
is detected or an empty nogood is generated. After only 15 messages, ABT-SS&SN finds

a solution to our DisMSP example.

7.2.2 Selective Sorting and Smart Nogood based AFC-ng

As we did for the ABT algorithm, we are going to integrate the two enhancements SS
and SN to the latest complete DisCSP algorithm AFC-ng. This merge gives birth to the
AFC-ng-SS&SN algorithm. The changes compared to the original algorithm are shown
in algorithm 12.

The changed methods in AFC-ng-SS&SN are Revise and Check Assign procedures and
the methods testing the compatibility of a nogood against the AgentView, namely the
Backtrack, ProcessNogood, and UpdateAgentView. The algorithm 12 presents the Revise
procedure, the Check Assign procedure, as well as the Compatible function which is called
by the functions checking the compatibility of a nogood.

In Revise procedure, the agent checks the consistency of its local solutions against the
values existing in its AgentView. It goes through its compiled domain (Revise procedure,
line 2). For each tested local solution, it browses its AgentView (Revise procedure, line
3) to test the coherence of the local solution taken by each higher priority agent with
the tested local solution, against the constraints linking the tested variables. For each
constraint (Revise procedure, line 4), the agent calls the GetJustification function of the
SN algorithm (Revise procedure, line 5), which returns a nogood. If the nogood is empty,
the constraint tested is checked and verified. Otherwise (Revise procedure, line 6), it is
unsatisfied, and the nogood returned will be stored in its NogoodStore as a justification
of the inconsistency. If there is, already, a nogood that removes the tested value, the agent
stores the best one between the stored nogood and the generated one, using the HPLV
method (Revise procedure, line 7).

In Check Assign procedure, the agents sort their compiled domains (line 15), using the

SS method, before choosing its local solution.
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Algorithm 12 AFC-ng-SS&SN algorithm (Changed parts in relation to AFC-ng)

1: procedure REVISE

2 for each (v € D%(x;)) do

3: for each agent of myAgentView do

4: for each Constraint of agent.getConstraints do

5: ngd + GetJustification(v;,sel f Constraint);

6 if ngd # " then

7 Store the best nogood for v between ngd and the stored nogood, if it already exists; >
according to the HPLV

8: end if
9: end for
10: end for
11: end for

12: end procedure

13: procedure CHECKASSIGN(sender)
14: if predecessor(A; = sender) then

15: SortDomain(Csolution);
16: Assign();
17: end if

18: end procedure

19: function COMPATIBLE((nogood, AgentView))

20: for each element of nogood do

21: if element ¢ AgentView.get(element.owner) then return false;
22: end if

23: end for

24: return true;
25: end function

The compatible function returns true if a nogood is compatible with an AgentView.
As in ABT-SS&SN, the AFC-ng-SS&SN agent tests if each element of nogood exists in the
AgentView (Compatible function, line 21). if it is not, the whole nogood is incompatible.

Figure 7.2 shows the DisMSP example (Figure 1.2) resolution process, using the AFC-
ng-SS&SN algorithm.

The agents follow a bit the same steps as ABT-SS&SN. The difference is seen in the
messages types. The highest priority agent A; chooses the first local solution, generates
the CPA structure, and sends it to A, and Ajz. The successor agent sends its local solution
when it receives the CPA from its predecessor.

The number of messages differs because of obsolete nogoods. Otherwise, the agents
use the same methods to choose a new local solution when it is required and to store
nogoods in their NogoodStores.

AFC-ng-SS&SN keeps the same priorities of AFC-ng, including the way the algorithm

stops.
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FIGURE 7.2: The Figure 1.2 problem resolution with AFC-ng-SS&SN

7.3 Experimental Results

During the conception of the algorithms, we expected that our new algorithms will out-
perform the existing approaches. We have to prove that either theoretically or experi-
mentally. This is not feasible theoretically, since we do not use mathematical equations.
So, the only way we have to use is to experiment with our proposed algorithms against
the existing ones. The experiments should cover all areas, in order to draw strengths as
well as the weaknesses. Testing the algorithms in problems with different parameters
will help to identify in which regions our proposed algorithms are strong and likewise
the opposite.

In order to evaluate the validity of the ABT-SS&SN algorithm and to bring out its
strong points as well as its weak ones, we have to compare it to existing algorithms. To
do this, we tested the behavior of the ABT-SS&SN against ABT-Comp and ABT-cf. The
same for AFC-ng-SS&SN, we are going to compare it with AFC-ng-comp and AFC-ng-cf.

We evaluate the algorithms on problems characterized by six parameters (n, d, p1, p2,

p3, p4), where n is the number of agents, d the number of variables per agent, p; is the
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constraints” density, p, is the inter-agents density, p3 is the connection density, and py is
the constraint tightness.

In the experiments, we take the parameters encompassing all problems’ regions. We
choose the most representative values which are: n=5 and d=5 (equivalent to 5*5=25
variables), p; varies from 10 to 70 by steps of 10, p, takes values between 20 and 100 by
steps of 10 too, p3 = 6, and p4 takes two values 20 and 70 to represent the two types of
problems, sparse and dense ones.

Experiments are performed on the number of exchanged messages (MSGs), that of
the Concurrent Constraint Checks (CCCs), and the time in milliseconds.

To evaluate the impact of the problem complexity, the density, the inter-agent den-
sity and the constraints tightness on the proposed algorithms ABT-SS&SN and AFC-ng-
SS&SN (sections 7.3.1 and 7.3.2), we plot the results of each algorithm on 3D for each
complexity kind (p4 = 20 for sparse graphs, and p4 =70 for dense one).

Section 7.3.1 represents the experimental results of ABT family algorithms, namely
ABT-comp, ABT-cf and ABT-SS&SN. While section 7.3.2 shows the behaviors of AFC-ng
family algorithms (i.e. AFC-ng-comp, AFC-ng-cf and AFC-ng-SS&SN).

7.3.1 ABT Family Algorithms

Figure 7.3, respectively 7.4, shows the number of Exchanged messages, the number of
Concurrent Constraints Checks and the consumed time in milliseconds by the ABT-
SS&SN algorithm, against the constraints” density p; and the inter-agents density py,
while resolving sparse problems, respectively dense problems.

The figures show that ABT-SS&SN behaves correctly, in all zones, like any other com-
plete existing algorithm. The Concurrent Constraint Checks match, generally, the ex-
changed messages in the two types of problems. Furthermore, the consumed time does
not exceed 8.10* Ms in sparse problems and 8.10° Ms in dense problems. Compared
to the complexity of the problems, namely the number of variables and the number of
constraints, these values are so effective.

Each time a local solution is required, the selective sorting of the domain appears to
be a waste of time, and it can move beyond the solution in many cases. It is going to
exchange more messages and test more constraints. To evaluate the effect of the sorting,

we added only the SN to ABT (and even to AFC-ng).
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FIGURE 7.4: ABT-SS&SN behavior for py = 70
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FIGURE 7.5: ABT-SN behavior for ps = 20

Figures 7.5 and 7.6 represent the ABT-SN behavior compared to the number of ex-
changed messages, Concurrent Constraint Checks, and time, in sparse problems (Figure
7.5), as well as dense ones (Figure 7.6).

In sparse graphs (Figure 7.5), the resolution time in the ABT-SN algorithm does not
exceed 3,1.10*Ms, compared to 8.10*Ms in the ABT-SS&SN. That expresses that sorting
the domain in this kind of problem consumes more time. While in dense problems (Fig-
ure 7.6), ABT-SN can consume up to 1,5.10°Ms compared to 8.10°Ms with ABT-SS&SN,
which proves that, in dense graphs, the Selective Sorting of the domain has a very im-
portant role in term of time.

Even if the resolution time of the ABT-SS&SN appears bigger than ABT-SN in sparse
graphs, the number of exchanged messages in this type of problems (the maximum value
is equal to 30 messages) and also in the densest problems (the maximum value is equal to
150 messages) is much less than those exchanged by ABT-SN (60 messages as the maxi-
mum value in sparse problems and 1,5.10% in dense problems). We notice that the differ-
ence, between ABT-SS&SN and ABT-SN, in the number of messages in dense problems, is
much greater. This proves that the sorting of domains becomes more and more important
with the increase of the problem complexity, in terms of exchanged messages.

Regarding the Concurrent Constraint Checks, ABT-SN is better than ABT-SS&SN, in
the two types of problems. So, we conclude that the two algorithms ABT-SS&SN and
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FIGURE 7.6: ABT-SN behavior for ps = 70

ABT-SN can be used according to the problem type. If we look for a quality solution, with
minimum perturbation of agents, without taking into account the number of Concurrent
Constraint Checks, the ABT-SS&SN is better than ABT-SN whatever is the problem com-
plexity. But if a solution of a sparse problem is intended with a minimum of Concurrent
Constraint Checks in a minimum time, we can adapt the ABT-SN instead of ABT-SS&SN.
Then, when we have a dense problem, and we look for a solution with minimum pertur-
bations, minimum exchanged messages and in minimum time, the ABT-SS&SN is better

than ABT-SN.

Sparse Problems

We vary p; from 10 to 70 and p; from 20 to 100 for ABT-comp and ABT-cf, as we did in
ABT-SS&SN and ABT-SN, to compare our proposed algorithms with the existing ones
(ABT-comp and ABT-cf). Displaying the results in a 3D plot will not be effective because
some graphs are going to hide others. To overcome this, we have selected the most rep-
resentative results. We have chosen 2 values of p; (10 and 50) and for each one of them,
we varied p; from 20 to 100. We did the same treatment to compare AFC-ng-comp and
AFC-ng-cf with AFC-ng-SS&SN and AFC-ng-SN. The results of the last comparison are

shown in subsection 7.3.2.
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Figure 7.7 represents the comparison results against the number of exchanged mes-
sages, that of Concurrent Constraint Checks, and the consumed time in Milliseconds, for
p1 = 10. The results show that ABT-SS&SN is the best one. It spends fewer messages,
fewer CCCs and less time. The graph of ABT-SN shows that it is better than ABT-comp,
which means that the manner the nogood is constructed has a great effect. We observe
also that ABT-SN is not better than ABT-SS&SN, which proves that the Selective Sorting
of the domain has also a great impact on the resolution. In addition, the ABT-cf which
improves the ABT-comp surpasses ABT-comp in this kind of problem, in terms of ex-
changed messages.

For p; = 50, figure 7.8 shows that the 4 algorithms behave nearly in the same way,
in terms of exchanged messages. But precisely, it is ABT-SS&SN algorithm the best. The
ABT-SN algorithm is generally like the ABT-cf algorithm. In terms of constraints, our two
algorithms ABT-SS&SN and ABT-SN outperform the others. For the time, we notice that
ABT-SS&SN consumes more time, because the majority of problems in p; = 50 become
insolvent, and sorting domains, in this case, becomes obsolete. In that event, ABT-SN is
sufficient because the way the nogood is building is going to accelerate the detection of

the insolvency of problems. This is what is shown in the results.
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Dense Problems

We experienced dense problems (p4 = 70), in the same way as sparse ones.

Figure 7.9 shows the results of the experiments for p; = 10. We note that ABT-SN be-
haves in the same way as ABT-cf, which is normal in this kind of problem. In ABT-cf, the
agent removes all interchangeable solutions after compilation, and during the resolution,
it removes the NPI solutions, taking into consideration each constraint. Whereas in the
ABT-SN algorithm, the agent reasons by variables instead of agents, in the construction
of a nogood. This nogood removes all solutions that contain the variable(s) existing in
the nogood. This process is equivalent to the two deletions made by the ABT-cf. This
equivalence is not noticeable in the sparse problems because the ABT-SN becomes equiv-
alent to ABT-cf when it starts generating nogoods. The more it generates the nogoods,
the closer it gets to the ABT-cf, while minimizing storage. Whereas in sparse graphs, the
generation of nogoods is very minimal.

For this value of p;, we note that the ABT-SS&SN is the best in terms of exchanged
messages, concurrent constraint checks and time, since it is not only based on the gener-
ation of nogood, but also on the Selective Sorting of the domain, which minimizes agent

disruption, and so number of exchanged messages and concurrent constraint checks.
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For p; = 50 (figure 7.10), we perceive that ABT-SS&SN, ABT-SN, and ABT-cf have
almost the same behavior, in terms of exchanged the messages and concurrent constraint
checks. That proves the domains’ selective sorting does not influence the resolution of
this kind of problem. Because all agent variables are constrained with the other agents’
variables. In this case, the four steps, made by the SS contribution, give equal values
and the selection will be made in a random way. Contrariwise, the way we generate
the nogoods influences the resolution. In the worst results, our algorithms, especially

ABT-SN, behave like the best among the other algorithms.

7.3.2 AFC-ng Family Algorithms

As we did for the ABT family algorithms, we plot the graphs of AFC-ng-SS&SN (Figure
16 for sparse problems and Figure 17 for dense problems) and AFC-SN (Figure 18 for
sparse problems and Figure 19 for dense problems) in 3D; and this according to p; and
p2-

We also compare AFC-ng-SS&SN and AFC-ng-SN with AFC-ng-comp and AFC-ng-cf
in the same way as the ABT family algorithms.

Figures 7.11 and 7.12 show that AFC-ng-SS&SN behaves like ABT-5S&SN and as any

other complete algorithm. The exchanged messages correspond to the constraint checks.

MSGs

Time(Ms)

FIGURE 7.11: AFC-ng-SS&SN behavior for py = 20
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FIGURE 7.12: AFC-ng-SS&SN behavior for py = 70
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FIGURE 7.13: AFC-ng-SN behavior for py = 20
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MSGs

Time(Ms)

FIGURE 7.14: AFC-ng-SN behavior for py = 70

We notice that they have the same look. The time in its maximum value does not exceed
10°Ms in sparse graphs and 4.10°Ms in dense ones.

For the AFC-ng-SN, the figures 7.13 and 7.14 show that, even for this algorithm, the
exchanged messages correspond to the tested constraints, in both types of problems.

We note that the messages exchanged by AFC-ng-SS&SN are numerous compared to
those exchanged by AFC-ng-SN and even the concurrent constraint checks. And this in
both sparse and dense problems. This is just a global view of the paces, the details will

be subsequently discussed.

Sparse Problems

In sparse problems, we remark that for p; = 10 (Figure 7.15) and p; = 50 (Figure 7.16),
AFC-ng-SS&SN and AFC-ng-SN have the same behaviors, in terms of exchanged mes-
sages, and tested constraints. This means that sorting the compiled domain does not
affect the resolution; but, when we see that they are the same, even in terms of time, we
can say that sorting is almost not done in this type of problem. Why?

In this type of problem, there are few constraints, and the probability that the first
local solution of each agent is consistent is very large.

In ABT, instantiations are done asynchronously. In the beginning, each agent takes a

local solution and sends its to lower priority agents, without waiting for messages from
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others. When these receive the value, they must, generally, look for a new consistent
value. In this case, each agent receiving an Ok? message must sort its domain against its
old solution, before searching a new one. So the sorting of the domain is taking place at
least once, and the influence of the sorting appears.

While in AFC-ng, the agent instantiates its problem only when it receives the instan-
tiation of its predecessor. So it will not sort the domain since it is its first instantiation.
And since the problems are sparse, the transition to the sorting is very rare. That’s why
sorting is not done in these problems.

On the other hand, the SN contribution has an important role in the resolution. This
is because AFC-ng-SN, as well as AFC-ng-SS&SN, are much better than AFC-ng-comp
for all values of p;. But, we notice that the AFC-ng-cf is a bit better in terms of concurrent
constraint checks because the size of each agent domain is reduced before the resolution
launching, by applying the interchangeability method. In this case, the agents test fewer
values and fewer constraints. While with our nogood contribution, we reduce the size of
the domain, just, after the generation of nogoods. Whilst nogoods are very rare in sparse
problems.

Although this does not prevent that the elimination of interchangeable solutions in
AFC-ng-cf, for each agent, consumes a lot of time. This is confirmed in figures 7.15 and

7.16.

Dense Problems

Figures 7.17 and 7.18 show the exchanged messages, the concurrent constraint checks,
and the time consumed by AFC-ng-comp, AFC-ng-cf, AFC-ng-SS&SN and AFC-ng-SN
algorithms in solving dense problems. The obtained results confirm the explanations we
concluded in the previous section.

For the two values of p; 10 and 50, we note that AFC-ng-SS&SN and AFC-ng-SN
are always better in terms of exchanged messages, concurrent constraint checks, and
resolution time. In this kind of problem, agents are linked by more constraints, and
the generation of nogoods becomes surer. Besides, at least one agent local solution is
inconsistent, and then the advantage of the domain Selective Sorting takes part.

The ABT-SS&SN is efficient when the problems are dense and solvent, because when
problems are insolvent, the Selective Sorting will, in no way, minimize the disturbances,
since the problems are going to be declared insolvent in a given moment. While, Smart

Nogood allows detecting the failure/insolvency as soon as possible.
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7.4 Conclusion

In this chapter, we integrated the Selective Sorting and Smart Nogood methods to ABT
and AFC-ng algorithms. This produced the ABT-SS&SN and AFC-ng-SS&SN algorithms.
Before evaluating the performance of each proposed algorithm, we integrated only the
Smart Nogood method to both algorithms ABT and AFC-ng, in order to assess each
method apart. The experimental results show the efficiency of our proposed algorithms,
ABT-SS&SN, ABT-SN, AFC-ng-SS&SN, and AFC-ng-SN, especially when the problems
are solvable and contain quite constraints.

The algorithms showed their strengths in terms of exchanged messages and concur-
rent constraint checks. In some cases, our algorithms behave like the best among other
algorithms. When the problems are insolvent, the proposed algorithms consume more
time. To overcome this, we plan to add in a future work a test sorting the domain. So as

sorting will be done only if there is at least one consistent value in the domain.



110

Part 111

Ethical Distributed Constraint

Satisfaction Problems

(Ethical DisCSP)






112

Presence of Unethical Agents in Distributed

Contents

Constraint Satisfaction Problems

8.1
8.2
8.3

8.4
8.5

8.6

Introduction . . . . . ... L 113
Stateofthe Art . . . . . . . . .. . 113
Unethical DisCSP Agent. . . . .. ... ................... 114
Definition . . . ... ... .. . 114
Gravity . . ... .. 115
Ethical Distributed Constraint Satisfaction Problem (E-DisCSP) . . . . . 116
Control System . . . . . ... ... ... ... 117
The Assumption Unit. . . .. ........... ... ...... 118
The Ethical Unit . . . ... ... ... .. . ... 118
The TMS Unit . . . .. ... . 119
Control Types . . . . . . . . . . 121
Centralized Control . . . . . . ... ... .. ... . ....... 121

Distributed Control . . . . . . . .. .. ... .. .. .. .. .... 121



8.1. Introduction 113

8.6.3 HybridControl . .. ... ... ... .. ... .. ... ... ... 122

8.7 Conclusion . . .. .. . . . . . . e 123

8.1 Introduction

The increasing use of multi-agent technologies has led to the emergence of ethics in multi-
agent systems [Robbins and Wallace, 2007]. The agents in such systems have a very high
level of autonomy. Hence the need to make ethical decisions and to regulate resolution
in such systems.

Distributed Constraint Satisfaction Problem is a multi-agent technology. All DisCSP
algorithms assume that agents involved in the resolution are all ethicals. While the au-
tonomy of the agents allows them to make unethical decisions such as lying or non-
considering a received message.

In this chapter, we are going to figure out the existing works in the ethics field, define
the unethical DisCSP agent, discuss the gravity of its presence in a DisCSP resolution,
and propose a new Ethical DisCSP formalism. Hence, the chapter is organized as fol-
lows. Section 8.2 presents the state of the art. Section 8.3 defines the unethical agent
and exposes the gravity of its presence in a DisCSP resolution. Section 8.4 broaches the

creation of the E-DisCSP formalism. Finally, section 8.7 concludes the chapter.

8.2 State of the Art

Ethics is an all-time discipline. It was guiding human behaviors and actually it is guiding
also non-human ones. It has appeared in: (i) the embedded drones and decision support
in military [McMahan, 2013], (ii) the systems managing private data in medicine [Cook,
Dickens, and Fathalla, 2003], social networks [Light and McGrath, 2010], Big Data [Zwit-
ter, 2014; Richards and King, 2014], and (iii) the autonomous systems, especially those
sociable [McCarthy, 2009; Arkin, 2016]. It becomes important in several domains includ-
ing Artificial Intelligence (AI). [Bostrom and Yudkowsky, 2014] is one of the most recent
works on Ethical Artificial Intelligence. It treats the Al moral status philosophically and
considers that the current Al systems do not have any moral status. For this, it perceives

to produce an algorithm generating a super-ethical behavior.
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"Machine Ethics" [Anderson, Anderson, and Armen, 2004; Moor, 2006; Anderson and
Anderson, 2011] and Military Robot (or killer robots) [Sparrow, 2007] are two other appli-
cations of the ethics in Al. The main purpose of Machine Ethics is to create an Artificial
Moral Agent (AMA) model of a moral machine following a set of ethical principles to
make decisions. For Military Robot, the authors wondered whether "We Want Robot
Warriors to Decide Who Lives or Dies?". While assuming that the robot term, which has
appeared to produce low-cost goods, has ended with non-ethic robots that kill the human
race because they have varying degrees of autonomy which will be complete autonomy
in the future and fearing that robotic weapons may trigger a world war.

The Multi-Agent System is among the applications that have required attention in
ethics. The most recent works dealing with ethical multi-agent systems proposed just
the architectures and steps to follow in order to have future algorithms treating such sys-
tems. The ETHICAA team has defined, in [Belloni et al., 2015], a theoretical framework
enabling the MAS to dynamically lead ethical collisions, taking into account the ethics
of each independent individual agent as well as that of MAS. Cointe and al. have done
the same thing as ETHICAA team in [Cointe, Bonnet, and Boissier, 2016], by propos-
ing a framework to produce some ethics and to apply some actions. The latter is just a

qualitative approach.

8.3 Unethical DisCSP Agent

8.3.1 Definition

The DisCSP algorithms are based on messages” exchanging, but there are no parameters
or functions allowing to control such messages. Knowing that this formalism can repre-
sent human or robotic problems, and we have no guarantee that the participating agents
are all ethical, it is the necessity to control the agents” behaviors. An unethical agent in a

DisCSP problem resolution can make three abnormal activities:
e lying, by choosing a value and sending a false one;
¢ neglecting, by not considering a received nogood/backtrack message;

¢ blocking the resolution, by generating several false nogoods and sending them.
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FIGURE 8.1: Presence of one unethical agent in random problems

8.3.2 Gravity

To assess the seriousness of the presence of an unethical agent in a DisCSP resolution, we
choose some solvable random problems and DisMSPs.

We take 20 random problems with the connectivity p; = 50, the tightness p,= 45 and
one unethical agent among 20. We take also 20 distributed MSPs having 20 agents (one
unethical) each one, the number of availabilities per agent ¢ = 9, and the number of
meetings m, = 2.

The results (Figure 8.1) show that in the presence of just one liar agent in random
problems, the resolution can pass beyond the solution and find catastrophic results. 45%
of resolution processes are stopped after a timeout, 25% of resolutions are given wrong
solutions and just 30% (20% + 10%) have found true solutions.

In the presence of neglecting agents, the results are different. The number of wrong
solutions becomes bigger (35%) and other abnormal results appear. 30% of problems loop
infinitely.

The results of integrating one unethical agent into DisMSP problems are shown in
figure 8.2. The results show that in the case the unethical agent is lying, 45% of found

solutions are incorrect, 10% of the resolution processes are stopped after a time out, 25%
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FIGURE 8.2: Presence of one unethical agent in distributed MSP problems

find true solutions but they are not the first ones, and only 20% find the first solution.
The presence of a neglecting agent is more grave in such problems. 70% of resolutions
loop infinitely, 10% find wrong solutions, and only 20% find true solutions, but they are

not the first ones. The first solution is missed.

8.4 Ethical Distributed Constraint Satisfaction Problem (E-DisCSP)

Based on the Machine Ethics, we have proposed a new extension of the DisCSP, called

Ethical DisCSP (E-DisCSP), in order to:

e Detect abnormal activity in the presence of one or more unethical agent (s);
e Identify them;

e Take measures against their behaviors.

This new formalization is based on the same parameters as the DisCSP formalism,
namely the agents, variables, domains, constraints and the function which associates
each variable with an agent, while adding other components, namely the ethical rules
and the actions to be applied after each violation of a rule.

More formally, the E-DisCSP is defined by the parameters (A, X, D, C, ¢, R, A, f)

such as:

o A={A1,Ay, ..., A,}is the set of n agents;
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e X=1{X;,X,, ..., X,u} is the set of m variables;

e D={D(X;1),D(X3), ..., D(Xy)} is the set of domains;

e C={Cq, Cy, ..., Cy}is the set of constraints;

e ¢: X — Ais the function associating each variable to an agent;
e R={Ry, Ry, ..., Ry} is the set of rules;

e A ={An, A, ..., Acq}the set of actions;

e f R — A is the function which associates each rule to an action. f(R;) = A;

indicates the action A; is going to be applied when the rule R; is violated.

8.5 Control System

To take the three newly added parameters, namely R, A., and f, into consideration and
control the messages exchanged by the agents, we use a Control System (Figure 8.3). It
is based on three principal units, namely the Assumption Unit, the Ethical Unit, and the

TMS Unit.

Assignment Nogood
messages messages

ok? Ngd
CPA Backtrack
Assignment Nogood TMS unit
\—_to predicate to wff
—
Assumptions
DCR facts DCR rules
Dwffl, ...
Assumptions unit Problem Solving System
IE & TMs
Ethical unit
Rules
to wff
* Rules
Actions Assumptions Justifications
1]
Awffl, ... ’ | ¥

| Apply the corresponding action |

FIGURE 8.3: Ethics control framework
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FIGURE 8.4: The Assumption Unit

eq(Xy, V1) ®
eq(Xz, V2)

eq(Xp, 1)

leq(Xy, V1) v
leq(Xz, V2) v

leq(Xy, V)

8.5.1 The Assumption Unit

The Assumption unit (Figure 8.4) is used to convert the exchanged messages, namely
Ok?, CPA, nogood, backtrack, etc, according to the used DisCSP protocol, into Well
Formed Formula (wff) and predicates.

A Well Formed Formula wff is a finite sequence of symbols presenting a proposition,
a structure or a logical form. It is used by logical languages. It uses capital letters and
symbols to express in general the negation of an expression (0r !), the conjunction of a set
of expressions (A), their disjunction (V), and many others.

It has three major rules, namely:

e Each capital letter is a wff;
e Each wff prefixed by a is wff too;

e More than one wff can be gathered using an expression such as A and V. It results

in a wff too.

The assumption unit groups messages into two categories. i) Assignment messages
which represent messages handling the assignments of agents, as Ok? and CPA, and ii)
Failure or Nogood messages that gather messages expressing that agents are finding a
failure, as nogood exchanged by ABT or AFC-ng.

After conversion, assighment messages are stored as facts, while failure messages are

stored as rules.

8.5.2 The Ethical Unit

In addition to the rules stored in the assumption unit, an expert can add some ethical

rules.
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FIGURE 8.5: The Ethical Unit

The ethical unit permits (Figure 8.5) to translate those rules as wff, so as the machine
can understand. The new recovered rules as well as the DCR rules are stored as assump-
tions.

This unit collects even the actions to be applied for each violated rule, from the expert.
Wholesale, it allows to add the three parameters of the E-DisCSP, namely the rules, the

actions, and the rules-actions link.

8.5.3 The TMS Unit

To help users of hypothetical reasoning systems, the conception of specific algorithms
is required, in order to be able to efficiently manage hypotheses. The implementation
of hypothetical reasoning is traditionally done using Truth Maintenance Systems (TMS).

The latter is working in parallel with an Inference Engine.

Inference Engine

The Inference Engine [Negnevitsky, 2005] is the backbone of an expert system. It can
bring updates to the knowledge base with these two components, namely the fact base

and even the rule base. Each rule consists of its action and the conditions of the action

!

DCR Rules

Assumptions

Actions

Apply the corresponding action |

FIGURE 8.6: The TMS Unit
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application (the facts). Rules are triggered by comparing their conditions with elements
of the fact base.
The inference engine is characterized by its reasoning strategy, which is based on front

or back chaining. It has three phases:

e The detection of active rules;
e The selection of the rule to apply;

o The trigger of the selected rule.

Truth Maintenance System

A Truth Maintenance System (TMS) [Doyle, 1979; Diri, 2009] is a program working in
parallel with an Inference Engine or with any other agent to which it offers certain ser-
vices by recording the reasonings, they have made. Among the offered services by this
system: the detection of abnormal activities (detection of contradiction if they arise and
to report them), providing explanations on request and perform revisions [Forbus and
De Kleer, 1993].

A TMS determines also a set of beliefs from a set of reasons or justifications. This
system allows updating this set of beliefs taking into account any new reason; which is
added or retracted during a reasoning process. A belief that is put out of the set of beliefs
is called OUT. It is called IN when it is introduced. According to [Diri, 2009], IN and OUT
can be interpreted respectively as "it is true" and "it is false" that a fact exists on the basis
of beliefs.

The initial beliefs that can be retracted are called "assumptions”. So a TMS must de-
termine the consequences of any change in the state of these assumptions as it should be
able to trace the reasons that led to these changes. The same process is undertaken if a be-
lief is to be reconsidered [Doyle, 1979]. The set of changes in the TMS base simulates the
state in which the facts base of the inference engine should be if it is actually modified.

In general, a TMS is used to create a dependency graph (ie, a set of linked nodes),
with a label corresponding to each node. labeling differs, depending on the type of the
used TMS. Many types of truth maintenance systems exist as JTMS (Justification based
TMS) and ATMS (Assumption based TMS).

In Justification-based TMSs (JTMS) [Martins, 1990], the language used is limited to

Horn formulas [McCarthy, 1987], with just one context (i.e just one assumption).
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In Assumption-based TMSs (ATMS), [Martins, 1990] the Language is limited to Horn
formulas, but several alternatives (contexts) can be explored at the same time. The last
point is the strength of ATMS compared to JTMS and meets our control system require-
ments, which should support multiple assumptions at the same time (multiple mes-
sages).

The TMS Unit receives the stored DCR rules (converted messages) from the Assump-
tions unit, tests coherence between them and against the assumptions (rules) stored in
the Ethical unit, and recovers the actions corresponding to a rule if detected violated.
Otherwise, it continue recovering the updates DCR rules from the Assumption unit. The

consistency test is done using the TMS system.

8.6 Control Types

The control system can monitor one or more agents at the same time. Depending on the
number of supervised agents, three types of control can be distinguished: centralized,

distributed, and hybrid.

8.6.1 Centralized Control

In centralized control, all existing agents are supervised by one single control system
(Figure 8.7). The latter collects the messages exchanged by all agents in order to be able
to test the coherence of messages and their consistency regarding the stored rules.

The advantage of this control type is simplicity. But the fact of gathering the informa-

tion of all agents in a single entity seems to be complex and insecure.

8.6.2 Distributed Control

Unlike centralized control, each agent is supervised by its own control system (Figure
ref D control). In order to make a decision vis-a-vis a rule violation, all controllers must
communicate.

This type of control responds to the security problem encountered in centralized con-
trol, but the communication between the different control systems can overload the net-

work.
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Assignment Nogood TMS unit
to predicate to wff
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Problem Solving System
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FIGURE 8.7: Centralized Control

8.6.3 Hybrid Control

To deal with the security and complexity issues challenged in centralized control, and
those of communication overload confronting distributed control, the hybrid control pro-
posal can be a solution.

In this type of control, agents are distributed in sub-sets. Each sub-set is supervised

FIGURE 8.8: Distributed Control
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FIGURE 8.9: Hybrid Control

by a separate control system (Figure 8.9). As in distributed control, these control systems
communicate in order to make a decision. This will not overload the networks as long as

the number of control systems is reduced.

8.7 Conclusion

In this chapter, we introduced ethics in DisCSP. We discovered the gravity of the presence
of unethical agents in a DisCSP resolution. It completely deviates from the normal reso-
lution process. To this end, we proposed a new formalism called Ethical DisCSP which
makes possible the integration of ethical rules as well as actions which are going to be
applied if a rule is violated. This formalism is based on a control system allowing to
monitor exchanged messages, compared to the added rules and to apply the appropriate
actions.

Before supervising messages, the control system has to convert them to well formed
formulas. In next chapter, we are going to see how messages are converted, and how the

TMS unit uses these messages to detect unethical agents.
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9.1 Introduction

The Ethical DisCSP formalism we proposed takes into consideration ethical rules and ac-
tions to apply if any of the rules are violated. We designed a control system considering,
in addition to these ethical rules, the coherence of the exchanged messages.

To pursue the exchanged messages and check their consistency, a conversion to wff
should be made so as a Truth Maintenance System in collaboration with an Inference
Engine can detect the failure justification if exist.

In this chapter, we are going to propose a wff conversion of exchanged messages and
study how much the latter proposal helps to detect abnormal activities and so unethical
agents.

For this purpose, the chapter is organized as follow: Section 9.2 presents the wff con-
version, giving an example. Then, section 9.3 shows the experimental results that prove

the method efficiency. Finally, section 9.4 concludes the chapter.

9.2 Assumption and TMS Unit

The architecture of the Ethical DisCSP’s control system contains three principal units,
assumption unit, ethical unit, and TMS unit. In this chapter, we are going to discover how
exchanged messages are converted to wff in the Assumption unit and how the results are
used by TMS to detect unethical agents.

The messages’ types used in the different existing algorithms can be summed up two:
e Assignment message: the message used to send the local solution of an agent;

¢ Nogood message: the message used to express a blockage.

9.2.1 Assignment Conversion

The conversion of the first message comes down to the conversion of the local solution
of the agent. The SolutionToW f f function of Algorithm 13 shows the different steps to
follow in order to get the wff formula of a local solution.

To well understand the function, let’s take the agent A; of our DisMSP example (Fig-
ure 1.2) and convert its first local solution (M1 = 1, Mj» = 2, M5 = 3), which is going
to be sent to lower priority agents, using a message Ok?, CPA, or other, according to the

used algorithm.
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Algorithm 13 Assignment Conversion

1: function SOLUTIONTOWEF(Solution ChosenValue)
2 wff < empty;
3 for each variable of ChosenValue do
4: wff < wff + eq(variable.name, variable.value) + A;
5 end for
6 wff < wff.substring(0,wf f .length-1);
return wf f;
7: end function

The SolutionToWff function (Algorithm 13) creates an empty wff (Line 2) and
browses the variables of the local solution (Line 3). For each variable, it recuperates
the name of the variable and its value and conjuncts the predicate eq(the variable name,
the variable value) to wf f (Line 4).

In the above example, the function tips firstly on M;; and adds "eq(M;j1,1)A"
to the created wff. Then, it goes on to M;, to update the wff with "eq(Mj1,1) A
eq(Mi2,2)A\", and finally on Mj3. In the last iteration, the wff becomes equal to
"(Mi11,1) Neq(Miz,2) ANeg(M;is,3)A\". Before returning the resolved wif, the function

removes the last conjunction character A (Line 6).

9.2.2 Nogood Conversion

For the second type of messages, it is the nogood the most general message. The back-
track is a nogood’s special case.
A nogood (X1 = v1) A (Xa = v2) A .. A (X; = v;) = (Xj # v;) is converted to a wff

as follow:

Algorithm 14 Nogood Conversion

1: function NOGOODTOWFF(nogood ngd)
2 wff < empty;
3 for each variable of ngd.getLHS() do
4: wff < wff + leq(variable.name, variable.value) + V;
5: end for
6 for each variable of ngd.getRHS() do
7 wff < wff + leq(variable.name, variable.value) + V;
8 end for
9 wff < wff.substring(0,wf f length-1);
return wf f;
10: end function
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eq(X1,v1) A eq(X2,v2) A .. A eq(X;,v;) — (eq(Xj,v;))
-

(eq(X1,01) A eq(X2,v2) A ... Neq(Xi,vi)) V !(eq(Xj,v5))
=

leq(Xq,v1) V leq(Xa,v2) V ..V leq(X;,vi) V !(eq(X]-, v]))(*)

The taken formula is the last one (x), that represent a horn formula.

The NogoodTowf f function shows the steps to convert such a message. It generates
an empty wff and browses the left-hand side (Line 3) as the right-hand side (Line 6)
of the nogood. Instead of conjuncting the pointed variables, the function disjuncts the

leq(the variable name, the variable value) (Lines 4 and 7) in wf f.

9.2.3 Unethical Agent Detection

When the converted messages are recovered, the TMS unit of the control system uses
them in order to test their coherence and returns an IN or OUT decision with the justifi-
cations of the inconsistency.

In order to well understand how the abnormal activity is detected using the converted
messages, let take our DisMSP example (Figure 1.2), and assume that the agent A is an
unethical agent, and its abnormal activity is the non consideration of the nogood message
ngd = (M1 =1,Mip =3M;5=23) = (My1 #2,Myr #1,Mp3 # 3, My # 4).

After receiving the message ngd = (M1 = 1,Mip; = 3,My5 = 3) — (M1 #
2,Myy # 1,Ma3 # 3, M4 # 4), Az (assumed unethical) can keep its current solution
(Ma1 # 2,Mao # 1, Mp3 # 3, Mps # 4) and resend it to the lower priority agents (As),
as if the nogood does not delete its value.

This will cause an infinite loop without finding the DisCSP solution. The loop is
detected by following the messages, and observing that the exchanged messages are re-
peated many times.

With the control system, and the proposed message conversion, the message ngd sent
by Az ngd = (My1 =1, M2 =3,My5 =3) = (Ma1 # 2, Moo # 1, Mp3 # 3, Mp4 # 4)

is going to be converted to

leq(M.1.1,1)V!eq(M.1.2,2)V!eq(M.1.5,3)Vleg(M.2.1,5)V ©1)

leq(M.2.2,1)V!eq(M.2.3,3)V!eq(M.2.4,4)
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and the message Ok?/CPA sent by the agent A,, after reception of the message ngd, is

converted to

eq(M.2.1,5) Neq(M.2.2,1) Neq(M.2.3,3) Neq(M.2.4,4) (9.2)

(leqg(M.2.1,5) V leq(M.2.2,1) V leq(M.2.3,3) V leq(M.2.4,4)) A 03
eq(M.2.1,5) Aeq(M.2.2,1) Aeq(M2.3,3) Aeq(M.2.4,4) '

The two generated predicates are going to be the inputs of our control system. The TMS
unit can detect the contradiction, easily, and even the responsible of this abnormal activ-

ity, which is A,.

9.3 Experimental Results

In order to evaluate the performance of the unethical agents” detection method, we car-
ried out experiments on random problems as well as on Distributed MSP problems.

Random problems are characterized by the parameters <n, v, d, p1, p2, u>, where n
is the number of agents, v is the number of variables, d is the size of the domains, p; is
the network connectivity, p» is the constraint tightness, and u is the number of unethical
agents to be introduced.

The random problems we take have 20 agents (n = 20), 20 variables (v = 20, each
agent handles a variable), 10 values in the domain of each variable (d = 10), three values
of p1 (20,50 and 80) to take up problems with different complexities (ie. less complex,
medium complexity, more complex), p, varies between 10 and 90 with 5 as a step and 5
values of the number of unethical agents (1, 2, 3, 4, and 5 unethical agents).

The Distributed MSP problems are defined by <m, n, m,, g, u> such as m is the number
of Meetings, m is the number of agents, m, is the number of meetings per agent and g is
the size of the grid (ie. the number of availabilities of each agent).

The DisMSP problems we evaluate have two values of the number of meetings m (9
and 10 meetings), 20 agents (n = 20), four values of the number of meetings per agent m,
(2 and 3 meetings per agent), the size of the grid ¢ varies from 3 to 21 by 2 as a step, and
the same values u of the number of unethical agents as random problems.

The unethical agents” detection method is integrated into ABT algorithm.
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9.3.1 Random Problems

Tables 9.1 and 9.2 show the detection success rate of unethical agents, when introducing
one, two, three, four or five unethical agent(s) neglecting the nogood messages (Table
9.1) and lying (Table 9.2) in random problems.

The results show that the detection achieves, in most problems, more than 50%, es-
pecially when the unethical agents are lying. This is normal given that in all DisCSP
algorithms, the safest messages to circulate are the messages carrying the local solutions
of agents (Ok? in the ABT algorithm). By contrast, the failure message (nogood in the
ABT algorithm) is sent by an agent just after detecting a failure. While the unethical
agents which neglect the nogood message have no way to apply their abnormal activity
if their lowest successors do not send any nogood message.

For sparse problems, it is noted that in the first values of p,, the detection of neglecting
agents is 0% (Table 9.1). In this kind of problem, the agents are connected with few
constraints and we know that the less the agents have constraints to satisfy, the more
they are worthy. And the more they must satisfy constraints the more they are blocked
and they send nogood messages. So the unethical agent will be more likely to apply its
neglecting activity. This is confirmed by the results shown in Table 9.2. Even in sparse
problems, the detection rate is always upper than 0%, because in this kind of problem
the unethical agents do not neglect the nogood messages, but they lie by sending false
values. While this kind of messages are always exchanged and the probability that an
unethical agent sends such messages becomes greater. We also note that even with more
unethical agents, we can detect the majority of them with a very high rate too.

All results (ie. u =1, 2, 3, 4, and 5 for the two abnormal activities) highlight the
efficiency of our unethical agents” detection method. The percentage is increased when
p2 is raised for the majority of values.

The detection success rate decreases when the number of unethical agents increases.
This rate represents the number of agents detected compared to the number of intro-
duced unethical agents. These percentages prove that the detection of abnormal activity
is certain, except that we do not detect all the unethical agents. This is due to the fact
that once just one unethical agent is detected the resolution is stopped since we know,
beforehand, that the presence of such an agent causes infinite loops. And this is a great
strength because the rates represented in the tables show the concurrent detection rate of

unethical agents.
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TABLE 9.1: Detection rate in random problems, when unethical agents are neglecting ngd messages

u=1 u=2 u=3 u=4 u=>5
s ! 20 50 80 20 50 80 20 50 80 20 50 80 20 50 80
10 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
15 0% 0% 10% 0% 0% 5% 0% 0% 3.3% 0% 0% 7.5% 0% 0% 10%
20 0% 10% 50% 0% 10% 25% 0% 10% 33.3% 0% 5% 20% 0% 4% 28%
25 0% 40% 60% 0% 35% 50% 0% 20% 33.3% 2.5% 12.5% 32.5% 2% 30% 34%
30 0% 80% 90% 15% 40% 65% 3.3% 33.3% 50% 2.5% 25% 47.5% 2% 22% 42%
35 3% 80% 100% 0% 55% 65% 6.7% 36.7% 53.3% 5% 40% 62.5% 4% 44% 58%
40 0% 100% 100% 0% 70% 75% 6.7% 53.3% 70% 7.5% 35% 75% 6% 44% 58%
45 10% 100% 100% 10% 55% 75% 10% 63.3% 80% 12.5% 55% 85% 14% 56% 72%
50 20% 100% 100% 20% 70% 90% 16.7% 63.3% 80% 25% 75% 80% 20% 68% 68%
55 50% 100% 100% 55% 80% 95% 36.7% 86.7% 76.7% 37.5% 75% 80% 32% 62% 74%
60 90% 100% 100% 40% 90% 95% 46.7% 80% 73.3% 32.5% 80% 75% 36% 78% 78%
65 90% 100% 100% 65% 85% 85% 50% 80% 93.3% 47.5% 67.5% 82.5% 44% 78% 80%
70 100% 100% 100% 70% 85% 95% 66.7% 80% 73.3% 55% 72.5% 77.5% 60% 88% 78%
75 100% 100% 100% 70% 95% 100% 70% 80% 83.3% 57.5% 80% 77.5% 56% 86% 82%
80 100% 100% 100% 85% 100% 100% 83.3% 90% 93.3% 65% 85% 80% 80% 88% 84%
85 100% 100% 100% 70% 100% 95% 80% 93.3% 93.3% 80% 92.5% 90% 76% 82% 82%
90 100% 100% 100% 95% 95% 95% 86.7% 86.7% 63.3% 92.5% 90% 63.3% 84% 86.7% 80%
Averages 45% 77% 83% 35% 63% 71% 26% 49% 56% 29% 50% 65% 30% 52% 59%
68% 56% 44% 48% 47%
53%
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Furthermore, the number of 0% in the detection success rate decreases when the num-
ber of unethical agents increases, which enhances what we said (the detection becomes
more certain). Following this reasoning, we can say that if we introduce more unethical

agents the detection will be safer.

9.3.2 Distributed Meeting Scheduling Problems

As we did with random problems, we evaluate the unethical agents” detection method
using also real problems. To this end, we experiment in the DisMSP problems we defined.
The results of the assessments are illustrated in Tables 9.3, 9.4, 9.5 and 9.6. They display
the detection rate of unethical agents when the problem contains one, two, three, four,
and five unethical agents.

Table 9.3 shows the results when the unethical agents are lying and the number of
meetings is equal to 9. Whereas Table 9.4 displays the results of problems with 10 meet-
ings.

The results demonstrate that the rate is always important in this kind of problem
and the values are generally stable. All results are close to the average which is a very
important rate.

For the neglecting activity, the results are clarified in Tables 9.5 (for 9 meetings in the
problem) and 9.6 (for 10 meetings in the problem). Unlike the first results, they are not
very large but the detection is always sure. These values are completely normal. The
unethical agents are not detected, not because of the method, but because they did not
have the opportunity to apply their abnormal activities. How?

In DisMSP, the local problems are not simple as random problems, they are complex.
Each agent handles ¢ meetings (ie. 2 or 3 meeting per agent). In this kind of problems,
the agent does not participate with its domain, but with its compiled domain containing
the set of its local solutions. So, the more it has variables, the more the number of local
solutions becomes important. And the more the number of choices is grand, the less the
agents are blocked, the less they send nogood messages and the less the unethical agents
have the chance to apply their abnormal activities. This is confirmed by the difference
between the values of results when m, changes from 2 to 3.

As we have already raised, if there are few numbers of constraints, the unethical
agent does not any neglecting activity. It is confirmed another time with the difference

between the two tables 9.5 and 9.6. Having 10 meetings to be distributed among the
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TABLE 9.5: Detection rate of agents neglecting ngd messages in Distributed MSP problems with 9 meetings

u=1 u=2 u=3 u=4 u=>5
g my =2 m, =3 my, =2 m, =3 My =2 m; =3 my, =2 m, =3 My =2 my =3
3 55% 20% 30% 17.5% 35% 20% 41.25% 17.5% 35% 15%
5 50% 25% 40% 20% 26.67% 28.33% 35% 27.5% 28% 22%
7 55% 45% 40% 27.5% 38.33% 21.67% 30% 21.25% 30% 16%
9 75% 45% 47.5% 32.5% 45% 30% 26.25% 22.5% 26% 27%
11 45% 75% 37.5% 45% 28.33% 40% 28.75% 27.5% 27% 23%
13 55% 50% 52.5% 20% 41.67% 23.33% 36.25% 26.25% 32% 21%
15 60% 10% 47.5% 17.5% 36.67% 11.67% 36.25% 10% 28% 19%
17 55% 25% 50% 27.5% 41.67% 16.67% 40% 26.25% 32% 19%
19 50% 15% 47.5% 15% 46.67% 11.67% 36.25% 10% 27% 9%
21 45% 5% 32.5% 20% 38.33% 15% 28.75% 7.5% 30% 10%
><mu.wmmm 55% 32% 40% 24% 40% 26% 35% 10% 30% 18%
43% 32% 33% 23% 24%
31%
TABLE 9.6: Detection rate of agents neglecting ngd messages in Distributed MSP problems with 10 meetings
u=1 u=2 u=3 u=4 u=>5
g my =2 m,=3 my =2 m,=3 my, =2 m,=3 m, =2 m,=3 my, =2 m, =23
3 55% 20% 35% 12.5% 36.67% 18.33% 38.75% 11.25% 34% 17%
5 60% 15% 27.5% 27.5% 46.67% 18.33% 37.5% 18.75% 26% 16%
7 60% 15% 30% 30% 41.67% 18.33% 27.5% 17.5% 27% 19%
9 60% 10% 35% 32.5% 35% 36.67% 33.75% 20% 31% 30%
11 60% 10% 27.5% 25% 43.33% 33.33% 31.25% 22.5% 30% 25%
13 65% 25% 32.5% 37.5% 33.33% 35% 35% 36.25% 33% 27%
15 75% 30% 40% 20% 38.33% 11.67% 28.75% 15% 27% 17%
17 60% 10% 40% 20% 40% 16.67% 37.5% 18.75% 32% 17%
19 75% 10% 40% 12.5% 31.67% 23.33% 30% 20% 32% 19%
21 70% 30% 37.5% 5% 38.33% 18.33% 37.5% 18.75% 35% 22%
Averages 64% 18% 37% 20% 38% 35% 33% 18% 31% 21%
41% 28% 36% 25% 26%

31%
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Table 2: Lying in Random problems;

¥
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FIGURE 9.1: The detection rate of unethical agents in Random and DisM-
SPs’ problems
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existing agents is not similar to having just 9. The second case will generate more equal

constraints compared to the first case.

9.3.3 Summary

The averages displayed in all tables (9.1, 9.2, 9.3, 9.4, 9.5 and 9.6) show that, for each value
of u, the more problems are denser the more the detection rate is important (averages’
first line). They demonstrate also that the detection rates, for all number of unethical
agents (line 2 of averages) are always close to the general average (line 3).

These all about meaning that the detection is sure regardless of the tightness of the
problem, its density, its complexity, and even the number of introduced unethical agents.

The last affirmation is proved by figure 9.1, which attests that for each type of problem
and for each abnormal activity, the detection rate is more or less stable regardless of the

number of unethical agents.

9.4 Conclusion

In this chapter, we tackled the conversion of messages exchanged into wff made by the
assumption unit and the use of the resulted conversions by the TMS unit to detect abnor-
mal activities as well as the responsible agent.

Experimental results showed the effectiveness of the method used in both random
and DisMSP problems, regardless of the complexity of the problem and the number of
unethical agents.

In the next chapter, we are going to see what actions can be taken against these un-

ethical agents and what will be the effects.
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10.1 Introduction

The presence of just one unethical agent in a DisCSP resolution, as we saw previously,
causes a lot of issues such as looping infinity, missing a solution, or finding a solution
completely wrong.

The proposal of the E-DisCSP formalism as well as the control system, which takes
the ethics parameters into account, appear to be useful in such a case. The detection
methods we proposed could detect most of these agents. But after the detection, the
resolution is completely arrested. While the main goal of the E-DisCSP formalism is to
keep the DisCSP resolution as normal as possible.

In this chapter, we are going to study the different actions we can apply to the detected
unethical agents and see what will be the influence on the resolution.

For this purpose, the chapter is going to be organized as follows. Section 10.2 presents
the possible actions we can take, which are detailed in subsections 10.2.1 and 10.2.2. Sec-
tion 10.3 exposes the experimental results. And section 10.4 includes the chapter after

all.

10.2 Ethical Actions

The detection of unethical agents is not enough, the control system must react to min-
imize the damage caused by those agents. In this chapter, we propose three actions to

solve this issue, namely:

1. Change the priority of the unethical agent by making it as the lowest priority agent.
Since the lowest priority agent in most of the DisCSP algorithms does not send

assignment messages, it just receives them;
2. Getrid of the detected unethical agent, by removing it from the DisCSP problem;

3. Stop the resolution.

If the control system detects an abnormal activity, it sends a warning message to the
control entity, which can be one of the participating agents, a master agent or a human

being gathering the justifications obtained from the TMS unit as well as the actions to

apply.
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Algorithm 15 Ethical actions

1: procedure CONTROLLERAGENT

2 while —end do

3 msg < getMsg();

4 Switch (msg.type)

5: PriorityChange : ChangePriority(msg);
6 AgentElimination : Eliminate(msg);

7 stp :end < true;
8 end while
9: end procedure

When the control entity receives such a message, extracts the name of the unethical
agent from the received warning message and broadcasts a PriorityChange, an AgentE-
limination, or a stop message (according to the chosen action) to all agents, carrying the
extracted agent name.

Each participating agent is always in listening mode. In addition to the protocol mes-
sages, it is waiting for three other messages PriorityChange, AgentElimination and stop
messages. The algorithm 15 shows the executed instructions when receiving such mes-
sages.

The agent tests the received messages’ type (Line 4). If the message type is ChangePri-
ority, the agent applies the ChangePriority procedure (Line 5). If it is an EliminateAgent
message, it calls the Eliminate procedure (Line 6). While if the received message is a stop

one, the agent stops the listening mode (Line 7).

10.2.1 Change Unethical Agents’ Priority

In the ChangePriority procedure (Algorithm 16), the agent checks if its name is not equal
to the agent name received in the ChangePriority message (Line 8). If so, it looks for the
agent in its antecedents (higher priority agents than self I' ") to remove it (Lines 9 and 10)
and puts it in its set of successors (lowest priority agents than self I'") (Line 11).

Otherwise, it moves all the agents existing in its successors ( I'") to its antecedents
(I'") (Lines 12, 13 and 14), so that all agents become higher priority than self.

Assume that the agent A of our DisMSP example shown in Figure 1.2 is detected
unethical. Figure 10.1 shows the updated problem after applying the PriorityChange

procedure. The oriented arrows indicate the priority of agents.
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Algorithm 16 Change Priority

1: procedure CHANGEPRIORITY (agent)
2 if sel f = agent then
3 for each parent € I'" (sel f) do
4: [ (self).remove(parent);
5: I~ (self).add(parent);
6 end for
7 else
8 for each parent € T~ (self) do
9: if parent = agent then
10: I'~ (sel f).remove(parent);
11: [ (self).add(parent);
12: break;
13: end if
14: end for
15: end if
16: Restart the resolution;

17 CheckAgentView;
18: end procedure

10.2.2 Eliminate Unethical Agents

In the Eliminate procedure (Algorithm 17), the sel f agent checks if its name is not equal
to the unethical agent name received in the Eliminate message (Line 2). If so, it browses
the set of its successors I'" (Line 3) as well as its predecessors I'~ (Line 9), to look for the
unethical agent and remove it from the two sets (Lines 5 and 11).

The deleting process deletes even the constraints linking sel f agent with the unethical
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FIGURE 10.1: Changing the priority of the agent A;
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agent. If self finds that the unethical agent exists in the set of its successors, it does not
check the list of predecessors, since the unethical agent can be either lower or higher
priority than self.

After eliminating unethical agents from resolution, two scenarios can be produced.
The first scenario is produced when the other agents are connected with each other, in
addition to the connection with the unethical agent. In that case, a new problem is regen-
erated with the same number of agents minus one.

Figure 10.2 illustrates the resulting problem after applying the elimination action on
the agent A». It generates a new problem with just 2 agents. The master agent has to wait
for the silence of the two agents to declare a solution.

The second scenario is provoked when the unethical agent is a bridge between two
or more subsets of agents. In this case, two or more subproblems are going to be created.

Undertake that all agents (A; and Az in the taken example) were connected with
just the unethical agent (A in the example) and there are no other connections between
them. The elimination action will produce two independent subproblems (Figure 10.3).
This will not cause any problem, because the master agent has to wait for the silence of
all agents and will not declare any solution until it detects the silence of all participant
agents.

After changing the priority of the unethical agent or eliminating it. Agents have to

Algorithm 17 Eliminate

1: procedure ELIMINATE(agent)
2 if sel f # agent then
3 for each child € Tt (self) do
4: if child = agent then
5: [ (self).remove(child);
6 Return;
7 end if
8 end for
9: for each parent € T~ (self) do
10: if parent = agent then
11: I'~(sel f).remove(parent);
12: Return;
13: end if
14: end for
15: end if
16: Restart the resolution;

17: CheckAgentView;
18: end procedure
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FIGURE 10.2: Case 1: Consequences of eliminating the unethical agent
restart the resolution and look for a new solution again. The resolution restart is made by

clearing the AgentViews, the NogoodStores and the local solution of each agent.

10.3 Experimental Results

As any new method or algorithm, the proposed actions must be evaluated, by comparing

it with the state of art. Since there is no similar method to compare with, we are going to
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FIGURE 10.3: Case 2: Consequences of eliminating the unethical agent
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compare the results after applying the two proposed actions with those without applying
any action.

For this, we are going to choose one random problem kind and another DisMSP. The
choice is done according to the results found in Chapter 9. We have to choose the prob-
lems which are solvable and where the detection of the unethical agents is surer. We
chose 20 random problems with p; = 50%, po=45% and u = 1, and 20 DisMSP with g =9,
m;=2and u = 1.

We have applied the two proposed actions, namely the priority change and the un-
ethical agent elimination on the two types of abnormal activities, namely the lying and

the neglecting, which brings four combinations:

Applying the priority change action on the liar agents;

Applying the priority change action on the neglecting agents;

Applying the elimination action on the liar agents;

Applying the elimination action on the neglecting agents.

10.3.1 Random Problems

The results of the application of the proposed actions on the unethical agent present in
random problems are displayed in Figures 10.4 and 10.5.

In the case the unethical agent is lying, the results of the actions are illustrated in
figure 10.4. The first pie is showing the gravity of the presence of such an agent if we
do not apply any action (the same results found in chapter 8, figures 8.1 and 8.2). The
second one is presenting the gravity after applying the change priority action. While the
third one is indicating the results after applying the second action, namely eliminating
the unethical agent.

If we do not react against unethical agents, the resolution pass beyond the solution
and finds catastrophic results. 45% of resolution processes are stopped after a timeout
(TO), 25% of resolutions give wrong solutions, and just 30% (20% + 10%) find true solu-

tions.
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FIGURE 10.5: ngd neglecting activity in Random problems

After applying the priority change or the unethical agent elimination action, all the
problems give true solutions. They sometimes miss the first solution which is normal.
But at least they give correct solutions.

In the presence of unethical agents neglecting ngd messages in random problems
(figure 10.5), the results become increasingly catastrophic. Without actions, the number
of wrong solutions becomes bigger (35%) and 30% of problems loop infinitely without
finding any solution.

After applying the two actions, the infinite loops disappear, more than 75% of prob-
lems find true solutions, just 10% of problems give wrong solutions and less than 15%
are stopped after a timeout. The timeout detected in some problems is due to the number

of instructions followed by every agent to detect the abnormal activity which should be
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improved in future work.

10.3.2 Distributed MSP Problems

As we did for random problems, the results of applying the actions on unethical agents
within the DisMSP problems are presented in figures 10.6 and 10.7.

When unethical agents are lying in DisMSP problems (figure 10.6), 45% of found so-
lutions are incorrect, and 10% of problem resolutions are stopped after a timeout.

While, after changing the priority of the liar agents, or eliminating them, all problems
find consistent solutions with 100%. They indeed miss the first solution, as in random
problems, but the found solutions are correct.

The first solution’s miss is always normal, since the two actions reformulate the orig-
inal problem, either by reordering agent priorities or changing the number of agents.
Therefore, the solutions’ order is changed.

In the presence of unethical agents neglecting nogood messages in DisMSP problems’
resolution, 65% (30% + 35%) of problems find the true solutions after applying the prior-
ity change action and 85% (65% + 20%) after applying unethical agent elimination action,
compared to just 20% in case we do not apply any action (70% of problems looped in-

finitely and 10% found wrong solutions).

45%
changing priority of Eliminating
unethical agents unethical agents

FIGURE 10.6: Lying activity in DisMSP problems
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FIGURE 10.7: nogood neglecting activity in DisMSP problems

10.4 Conclusion

The great importance that ethics has taken in Artificial Intelligence and especially in
Multi-Agent Systems has guided to deal with it in DisCSPs problems. This has inspired
us to propose a new formalism called Ethical DisCSP, to support both ethical rules and
actions.

In order to deal with ethics in this new formalism, we proposed a control system;
to be integrated into a distributed, centralized or hybrid way; able to monitor the mes-
sages circulating between the agents in order to test their consistency with each other and
their coherence towards the ethical rules to add, and then make decisions and actions if
necessary.

We suggested methods of detecting anomalies in messages circulating and we have
applied some actions which gave very satisfactory results.

In future work, we perceive to create the other types of controllers, namely centralized
and hybrid, propose a manner to develop each agent, in order to be able to detect the
abnormality of other agents; based on the voting principle; and finally, amplify the ethical

unity of the control system, trying to apply some ethical rules on the resolution.



147

Part IV

Applications






149

Contribution to Modeling Smart Grid Problem

with the Constraint Satisfaction Problem

Formalism
Contents
111 Introduction. . . . . . . ... L 150
11.2 SmartGrid . . . . . . . . e 150
11.2.1 Definition . . . . . .. .. e 151
1122 Smart Grid Local Level . . . . . . ... .. ... ... ..... 152
11.2.3 Smart Grid Characteristics and Objectives . . . . . . ... .. .. 153
11.3 Related Works . . . . . . . . . 154
11.4 CSP based Smart Grid’s Local Level . . . . ... .. ... ... . ..... 155
1141 Data. . . oo oot o 155
11.4.2 Variables & Domains . . . . . ... ... ... ........... 156
1143 Constraints. . . . . . .. ... e 157

11.5 Experimental Results . . .. ... .. ... ... ... ........... 159



11. Contribution to Modeling Smart Grid Problem with the Constraint Satisfaction

150 Problem Formalism

11.6 Conclusion . . . . . . . . . . . . e 161

11.1 Introduction

As proven in previous chapters, Constraint Programming can represent many real prob-
lems efficiently. One of the most recent real problems that can be represented and solved
by CSPs, Complex DisCSPs, and why not our newborn E-DisCSP is the Smart Grids.

Smart Grids are electricity distribution networks that use intelligent IT methods to
match the adequacy between consumer demand and provider offers. They are derived
from the fact that the use of electricity is not stable throughout the day. There are sched-
ules where the use of electricity remains minimal, and others the opposite. The modeling
of these networks using computer methods is a rather complex task, due to the large
amount of information offered by these networks and their complexity.

Modeling this problem using CP is an adequate solution. In this chapter, we are
going to start with the very first CP formalism which is CSP, and try to move towards
more general formalisms gradually.

For this purpose, the paper is organized as follows. Section 11.2 defines the smart
grid problem. Section 11.3 presents related works. Section 11.4 exposes the CSP model of
the Smart Grid local level. Section 11.5 broaches some experimental results. And section

11.6 exhibits the chapter conclusion.

11.2 Smart Grid

Power grids Eyer and Corey, 2010 are infrastructures routing and distributing energy
from suppliers to consumers.

The high electricity demand (Figure 11.1) will unable current electricity networks to
meet all customer needs because of the appearance of new electrical devices as electric
cars and electric brushes. This will cause power cuts. According to the US Department
of Energy, the current cutouts cause an annual loss of $80 billion and the improvement
of these networks could save between 46 and 117 billion dollars from 2010 to 2023, hence
the apparition of Smart Grids.

The smart networks aspect was appeared by the automatic meter reading in 1980, the
sending of statistics of daily consumption using the meters in 1990, and the launching of

Telegestore in 2000 (the first Smart Grid project linking 27 billion local).
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11.2.1 Definition

A Smart Grid Farhangi, 2009, Gungor et al., 2011 is an electrical network which uses the
Information and Communication Technology (ICT) tools to optimize the production, the
consumption, the storage of energy, as well as the losses.

Smart Grids contain three main components (Figure 11.2).

e Consumers who regulate their own consumption by using smart meters (Definition

16);
e Producers who try to meet the needs of consumers in real-time;
e Entities transporting and distributing electricity between producers and con-

sumers.

Definition 16 (Smart Meter) A smart meter is a meter used to facilitate monitoring tasks. It
measures the enerqy consumption of domotics and it communicates in real-time with control cen-

ters. It can record the history of a subscriber’s energy consumption and offer it at any time.

The Smart Grid Problem is modeled in Ahat et al., 2013 by three major levels:

6001~ Historical consumption N

"Low" scenario
"EDC" scenario
"Reference" scenario

_ "High" scenario

500 |-

450 |-

| | | | | |
2000 2005 2010 2015 2020 2025

"Low" scenario:  Assumptions reducing consumption

"High" scenario: Assumptions raising consumption

"EDC" scenario: Assumptions taking into account accelerating Energy Demand
Control (EDC) through actions on consumer behavior.

FIGURE 11.1: Forecast of electricity consumption (source: Electricity Trans-
mission Network in France)
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FIGURE 11.2: Main components of Smart Grids

e Local level: It represents the consumer. It includes all entities controlled by a smart

meter. We can mention houses, factories, hospitals, buildings, etc;

e Microgrid level: It represents the bridge between consumers and producers. Its

function is to spread the energy while equilibrating the demand and the supply;

e Transmission and Distribution (T&D) level: It represents the two other compo-
nents of Smart Grid (producers and entities of transport and distribution). The

main function of T&D is to transmit the energy offered by producers to microgrids.

The main objective of Smart Grids is to promote the use of renewable energies in
order to reduce the overload made on power stations, reduce the greenhouse gas emis-
sions, regulate the consumption, satisfy consumers, balance supply and demand, and to
distribute energy without overcrowding.

The use of renewable energy sources is not an obvious task, as these sources depend
on several uncontrollable factors. Wind turbines depend on the wind and photovoltaics
depend on the sun. In this case, the periods of the production of the energy does not
necessarily correspond to the periods of the consumption peaks. Hence the necessity to

store the energy to use in needs.

11.2.2 Smart Grid Local Level

In this chapter, we are going to model and solve the local level, using CSP. Therefore,

more local level specifications are required.
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Studying the local level comes back to look into the devices composing the local.
Some devices require a high energy value, while they do not have to operate in a specific
time. The arbitrary functioning of these devices and at the same time causes a fairly large
rise in consumption.

To control devices” functioning at the local level, a new variable is added for each
device, called the functioning priority Guérard, 2014. It expresses the need to switch on
a given device. The implementation of that priority functioning management will allow
to smooth the consumption curve.

Devices whose priorities are small, can either be put in standby, postpone the start-
up, or stop consuming during their operation. The action to be taken is chosen according
to its priority value.

Some devices are not affected by this variable, as they must imperatively work. For
example desktop computers, lights, or refrigerators. The priority value of these devices
will default to 0 (the higher is the priority value, the lower is the priority). While others
take their values based on user behavior and usage statistics. In this case, it is possible

that some devices have a priority that grow or decrease over time.

11.2.3 Smart Grid Characteristics and Objectives

Smart Grids are characterized by:

o Flexibility: the networks allow the interconnection of distributed production and
energy storage at any moment. They provide the opportunity to integrate new

technologies.

e Self-Healing: they automatically detect potentially defective devices and reconfig-

ure the providing system to meet customers without penalties.

e Predictability: they predict future events and adapt the system taking into account

these events, using statistics, machine learning, and other methods.

e Security: they encrypt and protect the two-way exchanges to avoid any external

manipulation of the data.

e Accessibility: they promote the integration of renewable energy sources throughout

the network.

e Economy: they save energy and reduce costs even in production as in consumption.
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The main Smart Grids’ objectives are:

avoidance of congestion in energy distribution;

e consumer satisfaction;

consumption regulation;

equilibration of supply and demand.

11.3 Related Works

The proposition of computer science algorithms can somehow solve this problem. But the
realization of a single algorithm to meet all the requirements of all levels is a very complex
task or even impossible. Even in the case where researchers arrive to develop this kind
of algorithm, it will take exponential time to meet all the needs of each consumer, at each
local level and each microgrid. While the key identity of Smart Grids is the real-time
response.

For this reason, researchers interested in the development of Smart Grid algorithms
exhibit an algorithm for each level (local, microgrid, and T&D).

In Marah and El Hibaoui, 2018, the authors have proposed an algorithm for the local
level and another for the T&D one. They have modeled the local level as a "Knapsack
problem Ross and Tsang, 1989, Chu and Beasley, 1998" and have proposed to solve it
with a new version of the "Branch and Bound" algorithmKolesar, 1967, Dyer, Kayal, and
Walker, 1984.

Figure 11.3 presents an example of the Knapsack Problem. It contains a set of objects.
Each object is identified with a value and a weight. The total weight exceeds the bag
capacity. The Knapsack principle is to maximize the number of valued objects while not
overtaking the bag capacity. If we project this problem on the Smart Grid, the bag models
the local (house, building, ...) and the objects represent the local devices. The object value
is presented by a priority of the device and the object weight is the device consumption.

In the last cited work, the possible priority values they consider are "0" and "1". "0" to
express that the device should be ON, and "1" to say that the device functioning is not so
obligatory.

In Marah and El Hibaoui, 2018, the algorithm used to resolve the local level is a merge
of the "Branch Bound" algorithm and their own algorithm, namely the "Priority Manage-

ment Algorithm". The latter gives the priority to devices with "0" priority to use the
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FIGURE 11.3: Knapsack problem example

energy and subtracts the sum of their energy consumptions from the total energy. The
rest of the energy is given to the Branch and Bound algorithm as an input, to distribute it
among the other devices, by maximizing the profit.

In Ahat et al., 2013, the authors treat Smart Grid as an Optimization Problem whose
objective is to manage the consumer side, by regularizing the consumption curve, and to
synchronize data for effective results, by running each station and each piece of equip-
ment in the same time. To this end, they modeled the local problem as a Knapsack prob-
lem too.

For the microgrid level, authors proposed to use "Game networks" La Mura, 2000
which is a formalism in game theory Osborne and Rubinstein, 1994, Myerson, 2013 used
to permit the players to play multiple games at the same time. For the T&D level, they
proposed to use Max Flow Shiloach and Vishkin, 1982 Boykov and Kolmogorov, 2004
and Equilibrium algorithms Florian and Hearn, 1995 to avoid routing and congestion

problems. These algorithms are known in electric networks.

11.4 CSP based Smart Grid’s Local Level

The local problems of Smart Grids contain data predefined at the outset, such as forecasts,
the devices” consumption, their priorities, and the battery capacity. So before defining the

model, we are going to identify what are the problem data.
11.4.1 Data
Any Smart Grid’s local problem is compiled by a set of data:

e The number of devices n;

e The number of slots, of which it is supposed to plan consumption s;
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e The predicted amount of energy at each sloti E;/i € {1,2,--- ,s};

e The predicted amount of energy, offered by renewable energies” sources, at each

sloti Re; /i € {1,2,---,s};
e The consumption of each device j C;/j € {1,2,--- ,n};
e The priority of each device j P;/j € {1,2,--- ,n};
e The maximal energy the power plant can produce Epay;

e The battery capacity B.

Modeling the problem amounts to identify variables, domains, as well as constraints,

while using the data we defined.

11.4.2 Variables & Domains

The set of variables is

X = {XC,'/ XEPi’ XEri’ XEbI-’ XON}

1. The local consumption of the period i:

Xc,' c [0, Ez]

2. The energy amount we will recover from power plant at the slot i:

XEp, € [0, Epmax]

3. The energy amount we will recover from renewable energies” sources at the slot i:

XEr,' € [0, Rei]
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4. The energy amount to store in the battery at the slot i:

XEbi € [0/ B]

5. The functioning state of each device j at the slot i
XONW S {O, 1}
1 is signifying that device is ON, while 0 is meaning the device if OFF;

11.4.3 Constraints

The set of constraints is
C ={Cy1,C,,C5,C4,Cs5,Co,Cr}

C1 The local consumption should be less than or equal to the expected consumption at
each slot i

X, <E/Vie{1,2,---,s} (11.1)

C2 The total consumption at the slot i is equal to the sum of consumptions of running
devices

n
X, =), Cjx Xon,, (11.2)
j=1

C3 The used energy recovered from power plant Xg,,, renewable energies’ sources

Xy, and battery Xgj, should be greater than or equal to the total consumption. X,

Xep, + Xer, + Xep, > X,/ Vi € {1,2,...,5} (11.3)

C4 The energy recovered from the power plant should be equal to ‘0" when the energy

produced by renewable energies’ sources is sufficient

Xer, > Xe; = Xgp, =0 (11.4)
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C5 If the energy produced by renewable energy sources is insufficient; even after
adding the energy stored in the battery; it should be stored in the battery. But
before energy storage, the battery capacity should be checked. If it is exceeded, we

keep the maximum energy which is the battery capacity itself

Xev, = Xep; + Xeryy it Xpp, + Xpr, < B

i+1

Xer, < Xe; V Xpr, + Xpp, < Xep =

XEp,.. = B, else

i+1
(11.5)

C6 Otherwise (ie. the sum of the energy produced by sources of renewable energies
and that stored in the battery is sufficient), The battery will contain the remainder,

taking the battery capacity into consideration

Xepy,y = Xep, + Xgr, — Xey, it Xy, + Xpr, — X, < B

i+1

XETI‘ + XEbi 2 XCl' j

Xgp,.. = B, else

i+1
(11.6)

C7 If the sum of devices” consumptions having the highest priority ("1") does not ex-
ceed the forecasts, then all these devices will be functional. For other priorities, the
same test will be done but by comparing the devices” consumptions with the re-
maining energy, after subtracting the energy used to operate the previous devices

from the predicted energy.

Y C <E/
C; is the consumption of devices with priority 1
or

Vk € {1/"' ,ﬂ}/Pk: P,
Vpe {2, , pmax}, Vi€ {1,2,-- s}

LG <E-LG/

Xon, =1

C; is the consumption of devices with priority p

C; is the consumption o f devices with priority p — 1
(11.7)
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Slots 1 2 3 4 5 6 7 8 9 10
E 4561 4424 3961 3958 4139 4445 4879 5216 5459 5543
Re 2000 4500 4000 3400 3500 3600 4000 4100 4200 4400
TABLE 11.1: Predictions
Devices | TV Fr L VvVC HD EO ER WM D Fz C H
C 190 3900 200 600 100 2050 160 1200 50 175 160 1400
P 1 1 2 2 3 1 3 2 1 2 2 1

TABLE 11.2: Consumptions and priorities of used devices

11.5 Experimental Results

To prove the feasibility and scientific diligence of the proposed modeling, the model is
implemented using the Choco 4 solver in a workstation with 3.50GHz in processor and
32 Goin RAM.

We took a home example with twelve devices: Television (TV), Computer (C), Wash-
ing Machine (WM), Vacuum Cleaner (VC), Electric Razor (ER), Hair Dryer (HD), Lamp
(L), Dishwasher (D), Heating (H), Fridge (Fr), Freezer (Fz) and Electric Oven (EO) with
different priority values and capacities (table 11.2). For predictions’ values, we chosen
the values shown in table 11.1.

The results of the implementation, for 1 slot, 2, 3, ... and 10 slots, namely the number
of found solutions and the consumed time (in Millisecond Ms), are shown in table 11.3.

The table shows that we achieve important results, namely 13 solutions for 1 slot. This

number increases exponentially by increasing the number of hours, which proves the

Number of hours | Number of solutions | Time (Ms)

1 13 160

2 221 212

3 525 359

4 789 382

5 2685 656

6 13176 2447
7 74844 31970
8 420768 145462
9 2151144 493017
10 10519200 4238801

TABLE 11.3: CSP modelization results
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Production Devices
slots | X, | Ei Xep, Xe, Xgp, TV | Fr VC | HD | EO | ER | WM Fz
1 | 2000 4561 0 2000 0 X
2 3900 4424 0 4500 600 X
3 600 3961 0 4000 4000 X
4 | 3450 3958 0 3400 50 X X
5 0 4139 0 3500 3500
6 | 3600 4445 0 3600 3550 X X X
7 | 4090 4879 0 4000 90 X | x
8 600 5216 0 4100 3590 X
9 | 4225 5459 0 4200 25 X X X X
10 | 5200 5543 0 4400 800 X X X

TABLE 11.4: One solution proposed by our implementation
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efficiency of the model. It does not besiege the user with a limited number of solutions.
That allows him to choose a convenient solution. We also notice that the resolution time
does not evolve in the same way as the number of solutions. This shows the performance
of the model.

Table ?? shows one of the solutions proposed by our implementation, for the same
example but for 10 slots. It shows the local consumption, the prognosis, the production
of the power plant and renewable energies, the energy stored in the battery, and also the
state of devices (running or not) at each slot.

We note that:

e the consumption is always lower than prognosis;

the power station is used if and only if the energy offered by the battery and renew-

able energies is insufficient;

When the power plant energy is used the others are stored in the battery;

the devices’ priorities are taken into consideration;

the battery capacity is taken into consideration.

11.6 Conclusion

In this chapter, we modeled the Smart Grid local problems using CSP, which is rather
a crucial problem due to the huge quantity and the complexity of the information to
process. To achieve this goal, we deeply described the global and local operations of the
Smart Grid problem and described the data as well as the CSP parameters identifying the
problem.

Experimental results showed the feasibility of the modeling. But there are some pa-
rameters to adjust, as maximizing the number of running devices, minimizing the gap
between prognosis and the consumption, and optimizing many other parameters. In the
next chapter, we are going to model the same problem using COD, so as the optimization

of the parameters can be possible.
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12.1 Introduction

The main objectives of the Smart Grid make it an optimization problem by definition,
especially local levels. Many parameters have to be optimized, the number of functional
devices, the favor of higher priority devices, as well as the lag between consumption and
forecasting.

In this chapter, we are going to improve the last proposed modeling in order to treat
the Smart Grid’s local level as a COP problem. For this purpose, the chapter will be or-
ganized as follow. Details of our COP modelization are described in Section 12.2. section
12.4 presents an experimental evaluation of our proposed model and we conclude the

chapter in section 12.5.

12.2 Smart Grid’ Local Level as an Optimization Problem

As seen in the previous chapter, almost all studies treat Smart Grid’ local level as a knap-
sack problem, which is quite correct, since we are trying to maximize the number of
functional devices having the highest priority.

Moreover, the characteristics and objectives of the smart Grid require minimization
of the gap between forecasts and actual consumption. Therefore the Smart grid prob-
lem, especially the local level, is an optimization problem by definition, whose objective

functions are:

e promote the operation of devices with a higher priority;
e maximize the number of functional devices;

e minimize the lag between consumption and forecasting;

12.3 COP based Smart Grid’s Local Level

Modeling the problem amounts to identify the variables X, the domains D, the constraints
C, and the objective functions O. The first 3 parameters are the same as the CSP modeling

made in the previous chapter:
L4 X = {XC,'/ XEP’,/ XEyl.’ XEbi/ XON};

e D= {D(X;),D(Xg,),D(Xg,), D(Xg,), D(Xon)};
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e C= {Cll C2,C3,Cy, Cs, G, C7};

For objective functions, we identify four:

O = {01,0,,03,04}

O1 Maximize the number of running devices, at each slot i

M-

Il
—_

Min(im—

i=1 j

Xon;,) (12.1)

02 Minimize losses by minimizing the lag between total consumption and forecast, at

each slot i
Min(i Ei—X.) (12.2)

i=1

O3 The constraint C; is used to distribute the energy in priority order. In the case
where the remaining energy suffices all the devices of the same priority, it is dis-
tributed between them. But in the case where the remaining energy is no longer
sufficient, there is no constraint to control its distribution. The purpose of the ob-

jective function Os is therefore to distribute this energy by maximizing the number

of functional devices having the highest priority.
S n
Min(Z Z P; x Xon;,) (12.3)

The more the priority p is high, the higher the term P; x Y7y Xon;; is (p is highest

Device dl dz d3 d4 d 5

Priority | 1 2 1 3 2 | O3
XoN 1 1 1 0 0 4
Xon 1 1 0 1 0]6
Xon 11 0 0 1|5
XoN 1 0 1 1 0|5
Xon 1 0 1 0 1] 4
Xon 1 0 0 1 116

TABLE 12.1: O3 values in different scenarios

— devices with p are the lowest priority ones). So, to give the hand to the higher
priority devices before the lower priority ones, we will try to minimize this term. In
the example shown in table 12.1, we suppose to have 5 devices with different prior-

ities 1, 2, or 3. The example shows six energy distribution scenarios and computes
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the objective function Og, for each scenario. It shows that the two scenarios where

Oj3 is minimal are the best.

04 In some cases, the number of higher priority devices is very high compared to the
number of lower priority devices. So the objective function Os is insufficient. To
this end, we have to increase the coefficient associated with the priority (10priority)
and link it with the number of functional devices with priority priority compared
to the number of all functioning ones.

s 27'1_1 P; x 10" x XON: ;
Min = il 12.4
(). T Xon, ) (12.4)

j=1

In order to prove the efficiency of the COP modelization, we have to demonstrate that
either theoretically or experimentally. Since the problem is real, we have to experiment
with the model in different realistic instantiations, in a real local, with a given number
of slots, a given number of devices, and some realistic predicted energy values. We are

going to use the same instances 11.2 as the precedent chapter.

12.4 Experimental Results

To evaluate the performance of the COP modelization and study its complexity, we ap-

plied it to local problems characterized by < n,s,E,Re,C, P, B >.

e 1 is the number of devices, which takes values from {2,4,6,8,10,12} (2 = the two

first devices from table 11.2, 4 = the four first devices, ...);
e s is the number of slots. It varies from 1 to 10 by 1 as step;
o E is the set of predicted consumed energy values for all slots (Table 11.1);

e Reis the set of predicted energies offered by renewable energies” sources for all slots

(Table 11.1);
e C is the set of consumptions of the devices;

e D is the set of priorities of the devices. Table 11.2 shows the names of the devices

that can be integrated into the local, the capacity of each device and its priority;

e Bis the capacity of the battery. It is equal to 4000.
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The objective function O, The objective function O,

The objective function O3 The objective function Oy

FIGURE 12.1: Objective functions evaluation

In addition to the quality of the returned solutions, the performance of the COP mod-
eling is also be measured by the objective functions” values, so as to confirm, they are
really minimal or not. But first, let study the complexity of each objective function sepa-
rately.

Figure 12.1 shows the variation of the four objective functions O, Oz, O3 and Oy
comparing to the number of slots s and the number of devices n composing the local.

The problems’ resolution can give several optimized solutions. In that case, the taken

value is the average (7, numbe:)éf sotuiions1=1,2,3 or 4). In the case of n > 1, we also take

i
The number of solutions )

the average of each objective function values ( o

The plots show that the first objective function O; does not depend on the number of
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FIGURE 12.2: The influence of objective functions” optimization when n =
1

slots. It is still constant when the number of devices is fixed, which is normal because the
objective of Oy is to maximize the number of the running devices (minimizing the recall
between the existing devices and the functioning ones). The variation of O; according to
the number of devices can be considered linear except when n is equal to 6 because the
six first devices include three devices having the higher priority, but cannot be served all
in the same time, because the sum of their consumptions surpasses the provided value.
So only two devices will have the priority to function, and the remaining values will be
distributed among the lowest priority devices while the remaining energy amount is low.

The variation of O, is linear too, according to the number of devices and the number
of slots. When the devices are more numerous, O, becomes minimal. Which is normal,
because O, aims to minimize the lag between the local consumption and the forecast.

When we have a bit number of devices, even we make all devices ON, we still far from
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FIGURE 12.3: The influence of objective functions” optimization when n =
5

the forecast. The last point is a highlight of O,.

For O3, it is linear too, according to the two parameters. It becomes more important
when the number of slots and the number of devices increase. This is very normal ac-
cording to its expression. It is an increasing function, summing the priorities of devices
which are active. So the more we have active devices, the more their priorities are con-
sidered. The values of objective functions will indeed be divided by the number of slots
to recover their averages. So the fact that the O3 expression depends on the number of
slots does not explain why it is growing when the number of slots is larger. The real rea-
son is to have more energy stored in the battery and so the possibility of operating more
devices.

O4 behave similarly to O4 which can be considered a completeness function of Os.

Except that it depends inversely on the number of active devices. So, contrary to O3,



12.4. Experimental Results 169
T T T T T 2,000 F— T
—o— O1 e o —e— O1
3,000 |-| o (0)3 \ 1,800 | 02
03 03
—— Oy 1,600 | |—— Os
04&0,&03&0, 04&0,&03&0,
2,000 | 1400 | -
S ) .
1,200
1,000 - N
1,000 | .
\
\
800 |- .
\
ol e .
| | | | | | 600 - 1 | |
2 4 6 8 10 12 2 4 6 10 12
m
T T T T
10| —o— 04 12 [ 04
e O, —— 0
gl O3 10 - O3
—— Oy — O4
— 03&0, sl —— 03&04
6l 04&0,&03&0, 04&0,&03&0,
s S ol
4 [
4 |-
2 [
2 |-
0 [
| | | | | | 0 | | | | | |
2 4 6 8 10 12 2 4 6 10 12
m m

FIGURE 12.4: The influence of objective functions’ optimization when n =
10

which is increasing, Oy is decreasing when the number of devices is increasing.

After evaluating each objective function separately, figures 12.2, 12.3 and 12.4 show
how much their optimizations make the difference. According to figure 12.1, the behavior
of a local depends on devices it contains. So, we choose 3 values of n to scan all types
of problems. A small value n =1 (Figure 12.2), a medium value n = 5 (Figure 12.3) and
another large n = 10 (Figure 12.4).

We can check that a function is optimized, only if we compare it with its different
values when the optimization is not carried out. Such a COP problem returns multiple
non-optimal solutions. So, to evaluate the objective function optimization against non-
optimized solutions, we have to select some general cases (4 or 5 cases).

For this purpose, we select the cases when we optimize the other objective functions,

others than the one to assess. Assuming that there will be no values greater than those
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returned by these cases, where the resolution process makes more effort, to optimize the
other objective functions.

To this end, we are going to evaluate each objective function in 5 cases. The first case
concerns the optimization of the objective function itself, the second, the third and the
fourth case concern the optimization of the three other functions and the fifth case refers
to the optimization of the four objective functions concurrently, based on the principle
that the four cases present four possible behaviors of the function without optimization
(minimization).

For the first objective function Oj, it has the same behavior in the three cases (n=1,
n=5 and n=10). Optimizing this function affects the solution. Its optimization is better
than all values of other solutions” O;. Especially when the number of devices is large, the
difference is very important.

Unlike Oj, O7 has not the same behavior when the number of slots is changed. For
n = 1, the optimization of O, makes a very remarkable difference. It is very better than
other cases. It can be considered stable according to the number of devices, contrary to
other instances. For n = 5 and n = 10 it behaves in the same manner. It is also the best
but the optimization impact can be seen when the number of devices is higher.

For O3 and Oy, they behave, for the three values of n, in the same way. The optimiza-
tion becomes more and more important whenever the number of devices increases.

For the three values of n, we tried to evaluate the impact of optimizing all objective
functions concurrently on O1, Oz, O3, and Oy. The figures show that the obtained results
are so satisfying. They are all near to the objective function optimization itself.

To give the obtained results a life, we consider one of the processed problems (the
same as Chapter 11) and show the values taken by the variables defining the problem.

Tables 11.4 and 12.3 show the variables” values without (Table 12.2) and with (Table
12.3) the optimization of all function objectives concurrently.

The two tables show that all defined constraints are satisfied as perceived in chapter
11. The local consumption never exceeds forecast and it is equal to the sum of running
devices” consumptions, the use of the energy produced by renewable energy sources is
the most favored, and the unused energy is stored in the battery.

We must recall that O; aims to maximize the number of running devices compared
to the existing ones. So, the values shown in the table represent, more precisely, the

number of nonfunctional devices. It is noticed that is almost always minimal when O;
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Production Devices Objective functions
i | X, | E Xep, Xgr Xgp, TV | Fr|L | VC | HD | EO | ER | WM | D | REF | PC O1] Oy | O3 | O4
1 | 4275 4561 2275 2000 0 X | x X 9 | 286 | 5 | 136.7
2 | 4140 4424 0 4500 360 X | x X 9 | 284 | 3 10
3 | 1840 3961 0 4000 2520 X X X 8 |2121| 5 | 733
4 | 3785 3958 0 3400 2135 X X X 8 | 173 | 6 | 105
5 | 4110 4139 0 3500 1525 X X X 9 29 5 | 1006
6 | 3950 4445 0 3600 1175 X X X X 8 | 495 | 8 | 8025
7 | 4595 4879 595 4000 0 X | x X X X 7 | 284 | 9 | 722
8 | 4850 5216 0 4100 750 X | x| X X X 7 | 336 | 9 | 684
9 | 2335 5459 0 4200 2615 X X X 8 | 3124 | 8 | 855
10 | 5425 5543 1025 4400 0 X X X X X X | X 4 | 118 | 13 | 455
77 | 728 | 7.1 | 4849

TABLE 12.3: One found solution using the COP modelization
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is optimized and, admittedly, the number of devices in the second case is great than the
first one (table 12.2).

For O,, which aims to minimize the recall between the consumed energy and the
forecasted one, it is also almost minimal when it is optimized.

Unlike O; and O,, the values O3 and Oy are not minimal, even with optimization.
This is due to the number of functional devices. When O; is minimal, the number of
running devices is large. So O3, which compute the priorities of running devices, will be
large too. In table 12.2, O3 is better, because the number of devices is low. This can be
proved by the solution of the ninth slot (s = 9). In this instance, O; is not minimal but O3
is.

For O4 which is considered as an O3 complement, We effectively notice that half of
the values are low in table 12.3 compared to table 12.2, and that is outstanding by the
good distribution of energy among devices, which takes into consideration the priority

of devices.

12.5 Conclusion

In this chapter, we modelized the Smart Grid’s local level as a COP problem, which is
a decisive problem. The quantity of parameters to be considered makes the problem’s
purpose complex. But the found results prove the feasibility, the intelligence, and the
strength of our proposal. The whole Smart Grid problem can be summed up as a set
of local levels. Therefore, it is intended to solve the whole Smart Grid problem, using

DisCSP and DCOP with Complex Local Problems.
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Conclusion and Perspectives

In this thesis, we have addressed the Distributed Constraint Satisfaction Problem formal-
ism (DisCSP) and its possible extensions, namely the DisCSP with complex local prob-
lems and the ethical DisCSP. We have proposed new effective methods, algorithms, and
even a new formalism.

After presenting the Constraint Satisfaction Problem (CSP) formalism, its applica-
tions, as well as its algorithms, we have exposed the DisCSP in the same way. To illus-
trate and explain the existing as well as realized algorithms and methods in a real-world
example, we have chosen the Distributed Meeting Scheduling Problem (DisMSP).

In the first part of the thesis, we have thought of taking benefit of the existing DisCSP
methods and algorithms, by proposing a new DisCSP JChoc platform, enriched by the
exiting DisCSP protocols and enabling the integration of new ones, as well as experi-
menting them. Additionally, it is designed in such a way it is aimed even at users, for
applications. In addition to the platform, we have proposed two learning methods, in or-
der to allow launching more than one algorithm at the same time, since the performance
of a DisCSP algorithm depends on the type of problem to solve.

The investigation of these algorithms in detail, allowed us to identify some limita-
tions. The algorithms are designed for simple problems when there is exactly one vari-
able per agent, which does not represent reality. In addition, these algorithms run only
in the perfect case, when all agents are correct. While the agents” autonomy allows them
to make incorrect and sometimes unethical autonomous decisions. For this, we have
worked on two disciplines in two other different parts.

In the second part, we have tackled DisCSPs with complex local problems, where
agents can handle multiple variables. At first, we have presented different exiting meth-
ods and algorithms. The methods are based on transforming local problems, so as there

is exactly one variable per agent, to enable the DisCSP algorithms to solve them.
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Then we have proposed the Minimal Perturbation based Asynchronous BackTrack-
ing MP-ABT, an extension of the DisCSP algorithm ABT, so as it supports complex local
problems. The strength of the algorithm is realized in the treatment of local problems
as Minimal Perturbation Problems. The objective is to minimize local variables” per-
turbation and so message exchanging reduction. Experimental results have proven the
effectiveness of the proposed algorithm.

In the same part, we have designed the Selective Sorting & Smart Nogood SS&SN
method. A general method to integrate into DisCSP algorithms to deal with complex
DisCSP. It is based on sorting the compiled domain of each complex agent, according
to four functions. The integration of the method into the DisCSPs algorithms ABT and
AFC-ng has given very important results, especially when problems are solvable.

In the third part, we have designed our new formalism Ethical DisCSP E-DisCSP,
to tackle unethical agents, especially as their presence causes catastrophic results, as we
have proven. We have proposed methods to detect the unethical agents, and to react
against those agents, so as the DisCSP resolution is as smooth as possible. The assess-
ments have demonstrated how much we have been able to save the DisCSP resolution
process.

Once we have updated the state of the art of DisCSPs, DisCSPs with complex local
problems, as well as Ethical DisCSPs, we have started, in the forth part, to grasp the
Smart Grid real-world problem and try to gradually apply the formalisms, and methods

we have deliberated. Up to now, we have treated it by the CSP and the COP formalisms.

Perspectives

In future research, many approaches and methods can be either ameliorated or created:

e The JChoc platform can be improved by; adding other DisCSP, Distributed COP,
and Dynamic DisCSP algorithms; preparing experimentations’ interface; and im-

proving the user front end.

e The selective sorting of the complex agents” domain we did is effective especially
when problems are solvable, and when there are some consistent values in the do-
main. So in future work, we are going to improve the sorting so as it is done if only

there are at least two consistent values.
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e In E-DisCSP, the detection process and actions are realized against incorrect agents
doing general abnormal activities, like lying of neglecting some messages. In future

works, we expect to add ethical rules and ensure such rules’ respect.

¢ In applications, we are going to extend the Smart Grid modelization to the DisCSP,

DCOP, and also the E-DisCSP.
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Resume:

Les problémes de satisfaction des contraintes distribuées (DisCSP) représentent de nombreux
problemes distribués combinatoires. Il a prouvé sa puissance dans l’interprétation et la résolution de
nombreux problémes réels. Cette theése présente une extension de I'état de I'art du domaine du
DisCSP. Les contributions apportées sont regroupées en quatre parties principales. Dans la premiére
partie, nous avons étudié les algorithmes DisCSP existants, préparé la plateforme DisCSP dynamique
JChoc, et proposé de nouveaux algorithmes DisCSP basés sur la fusion des algorithmes existants.

La deuxiéme partie entame les DisCSPs avec des problémes locaux complexes. Dans cette
partie, nous avons propose le Minimal Perturbation based Asynchronous BackTracking (MP-ABT), un
algorithme considérant les problémes locaux du DisCSP comme des problémes de minimisation des
perturbation (MPP), le Selective Sorting and Smart Nogood (SS&SN), une méthode générale
applicable sur chaque algorithme DisCSP afin qu'il puisse gérer les DisCSP avec les problémes
locaux complexes, et SS&SN based ABT (ABT-SS&SN), SS&SN based AFC-ng (AFC-ng-SS&SN),
I'application du SS&SN sur les algorithmes DisCSP ABT et AFC-ng.

La troisiéme partie s'attaque a la création d'un nouveau formalisme nommé Ethical DisCSP
(E-DisCSP). Nous avons intégré le concept d'éthique dans les DisCSPs. Nous avons traité la gravité
de la présence d'un agent non éthique dans une résolution DisCSP, proposé quelques méthodes pour
détecter un tel agent, et nous avons suggeéré des actions a appliquer afin que la résolution DisCSP soit
aussi normale que possible. Tandis que la quatriéme partie est une initiation a I'application de ce que
nous avons réalisé sur un probléme réaliste et récent qui est le Smart Grid.

Mots clés: L'intelligence artificielle, les problémes de satisfaction des contraintes distribués (DisCSP),
les DisCSPs avec les problémes locaux complexes, I'éthique, les DisCSPs éthiques (E-DisCSP), Smart
Grid.

Abstract:

Distributed Constraint Satisfaction Problem (DisCSP) is a mathematical formalism solving
many combinatorial distributed problems. It has proven its effectiveness in representing and solving
many real problems. This thesis presents an extension of the state of the art of the DisCSP domain.
Therefore, the made contributions are regrouped into four main parts. In the first part, we have
studied the exiting DisCSP algorithms, prepared the dynamic DisCSP platform JChoc, and proposed
new DisCSP algorithms based on the existing algorithms' merge.

The second part broaches DisCSPs with Complex local problems. We proposed the Minimal
Perturbation based Asynchronous Backtracking (MP-ABT), an algorithm treating the DisCSP local
problems as Minimal Perturbation Problems (MPP), the Selective Sorting and Smart Nogood
(SS&SN), a general method applicable to every DisCSP algorithm so as it can solve DisCSPs with
Complex local problems, and SS&SN based ABT (ABT-SS&SN) and SS&SN based AFC-ng (AFC-ng-
SS&SN), the application of the SS&SN method on the DisCSP algorithms ABT and AFC-ng.

The third part approaches the creation of a new formalism named Ethical DisCSP (E-
DisCSP). We integrated the ethics concept into DisCSPs. We dealt the gravity of the presence of an
unethical agent into a DisCSP resolution, we proposed some methods to detect such an agent, and we
suggested actions to apply on so as the DisCSP resolution is as smooth as possible. Whilst the fourth
part is an initiation to the application of what we have realized on a realistic and recent problem
which is the Smart Grid.

Keywords: Artificial Intelligence, Distributed Constraint Satisfaction Problems (DisCSP), DisCSPs
with complex local problems, ethics, Ethical DisCSPs (E-DisCSP), Smart Grid.
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