
UNIVERSITÀ DEGLI STUDI DI ROMA “L A SAPIENZA”

DOTTORATO DI RICERCA IN INGEGNERIA INFORMATICA

XIX C ICLO – 2006

Multi-Agent Planning and Coordination
Under Resource Constraints

Federico Pecora
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Abstract

The research described in this thesis stems from ROBOCARE1, a three year research
project aimed at developing software and robotic technology for providing intelligent
support for elderly people. This thesis deals with two problems which have emerged
in the course of the project’s development:

Multi-agent coordination with scarce resources.Multi-agent planning is concerned
with automatically devising plans or strategies for the coordinated enactment
of concurrently executing agents. A common realistic constraint in applica-
tions which require the coordination of multiple agents is the scarcity of re-
sources for execution. In these cases, concurrency is affected by limited ca-
pacity resources, the presence of which modifies the structure of the plan-
ning/coordination problem. Specifically, the first part of this thesis tackles
this problem in two contexts, namely when planning is carried out centrally
(planning from first principles), and in the context of distributed multi-agent
coordination.

Domain modeling for scheduling applications. It is often the case that the prod-
ucts of research in AI problem solving are employed to develop applications
for supporting human decision processes. Our experience inROBOCARE as
well as other domains has often called for the customizationof prototypical
software for real applications. Yet the gap between what is often a research
prototype and a complete decision support system is seldom easy to bridge.
The second part of the thesis focuses on this issue from the point of view of
scheduling software deployment.

Overall, this thesis presents three contributions within the two problems men-
tioned above. First, we address the issue of planning in concurrent domains in which
the complexity of coordination is dominated by resource constraints. To this end,
an integrated planning and scheduling architecture is presented and employed to ex-
plore the structural trademarks of multi-agent coordination problems in function of

1The author has been involved in ROBOCARE since the beginning of the project, and has followed

and influenced its evolution throughout its entire duration— http://robocare.istc.cnr.it .
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their resource-related characteristics. Theoretical andexperimental analyses are car-
ried out revealing which planning strategies are most fit forachieving plans which
prescribe efficient coordination subject to scarce resources.

We then turn our attention to distributed multi-agent coordination techniques
(specifically, a distributed constraint optimization (DCOP) reduction of the coordi-
nation problem). Again, we consider the issue of achieving coordinated action in
the presence of limited resources. Specifically, resource constraints imposen-ary re-
lations among tasks. In addition, as the number ofn-ary relations due to resource
contention are exponential in the size of the problem, they cannot be extensionally
represented in the DCOP representation of the coordinationproblem. Thus, we pro-
pose an algorithm for DCOP which retains the capability to dynamically postn-ary
constraints during problem resolution in order to guarantee resource-feasible solu-
tions. Although the approach is motivated by the multi-agent coordination problem,
the algorithm is employed to realize a general architecturefor n-ary constraint rea-
soning and posting.

Third, we focus on a somewhat separate issue stemming from ROBOCARE, namely
a software engineering methodology for facilitating the process of customizing schedul-
ing components in real-world applications. This work is motivated by the strong ap-
plicative requirements of ROBOCARE. We propose a software engineering methodol-
ogy specific to scheduling technology development. Our experience in ROBOCARE

as well as other application scenarios has fostered the development of a modeling
framework which subsumes the process of component customization for scheduling
applications. The framework aims to minimize the effort involved in deploying au-
tomated reasoning technology in practise, and is grounded on the use of a modeling
language for defining how domain-level concepts are grounded into elements of a
technology-specific scheduling ontology.
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Chapter 1

Introduction

The research described in this thesis stems from a three yearresearch project named
ROBOCARE: “A Multi-Agent System with Intelligent Fixed and Mobile Robotic
Components1”. The motivation for this and numerous similar efforts which have
emerged worldwide lies in the well-known phenomenon of ageing demographics, a
trend which interacts positively with the desire by aging individuals to remain in-
dependent as long as possible. These conditions motivate technological solutions to
human care-giving. More specifically, this context has inspired the emerging field
of AI for Eldercare, as testified by the numerous projects andinitiatives fostering
innovation in this new application area for Artificial Intelligence (AI)2.

The goal of ROBOCARE is to build a multi-agent system which generates user
services for elder assistance. Quoting ROBOCARE’s initial proposal:

The system is to be implemented on a distributed and heterogeneous
platform, consisting of a hardware and software prototype.

The use of autonomous robotics and distributed computing technolo-
gies constitutes the basis for the implementation of a user service gen-
erating system in a closed environment such as a health-careinstitution
or a domestic environment. The fact that robotic components, intelligent
systems and human beings are to act in a cooperative setting is what
makes the study of such a system challenging, for research and also from
the technology integration point of view.

The project [...] is organized in three tasks:

1. development of a HW/SW framework to support the system;

1The Author has been involved in ROBOCARE since the beginning of the project, and has followed

and influenced its evolution throughout its entire duration— http://robocare.istc.cnr.it .
2E.g., the recent AAAI symposium on “Caring Machines: AI in Eldercare” —http://www.

ccs.neu.edu/home/bickmore/eldertech/ .
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2 1. Introduction

2. study and implementation of a supervisor agent;

3. realization of robotic agents and technology integration.

The broad scope of the project has led to a number of research directions related
to AI, such as classical planning, CSP-based scheduling, model-based diagnosis and
supervision, distributed constraint reasoning, artificial vision and robotics. The re-
sults described in this thesis are related to intelligent supervision and technology in-
tegration (points two and three above), and pertain primarily to planning, scheduling
and distributed constraint reasoning. The specific motivations for the work emerge
from two elder-care scenarios: a health-care institution setting and an assistive do-
mestic environment. In particular, a key problem in the health-care facility scenario
is that of managing complex workflows of activities involving multiple executing
agents subject to limited resource capacities, such as medical personnel and service
robots. The scenario poses interesting problems from the point of view of central-
ized automated planning and schedulingdue to the high concurrency of the domain.
On the other hand, the domestic scenario leads to problems related to multi-agent
coordination. Specifically, this scenario poses challenging problems with respect to
distributed constraint optimizationas a means to achieve complex forms of agent
coordination. In both contexts our research was driven by the issue of incorporat-
ing explicit resource reasoninginto the planning/coordination mechanism. Overall,
multi-agent planning and coordination with limited capacity resources is the object
of the first seven chapters of this thesis. Finally, the domestic scenario has motivated
the development of amodeling infrastructurefor facilitating the engineering task
connected to the development of automated reasoning software in real contexts. The
modeling framework, which is the object of remainder of the thesis, was employed
to realize one of the services in the ROBOCARE domestic environment. This thesis
is accordingly organized in two parts.

Multi-Agent Coordination with Resource Constraints. The central contribution
of this thesis deals with automated problem solvingfor andby multiple agents: on
one hand, we focus on automated decision-making in contextswhere multiple agents
must enact a plan which is decided centrally (agents as executors); on the other, we
focus on contexts in which agents need to cooperatively solve a combinatorial opti-
mization problem in the absence of a centralized decision maker (agents as planners).
The specific contributions of the thesis in both contexts stem from the observation that
a common realistic constraint in applications which require the coordination of mul-
tiple agents is the scarcity of resources for execution. Thus, our research was directed
by the need to incorporate explicit resource reasoning mechanisms into both central-
ized and distributed multi-agent planning strategies. These results are described in
Part I of the thesis.
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Domain Modeling and Scheduling Component Customization. The research car-
ried out by the Author in the context of ROBOCARE has also been driven by strong
software engineering requirements. As a consequence, a substantial part of our work
has required the customization of research prototypes in real applicative scenarios.
Specifically, we focus on issues connected to the deploymentof decision support
systems. The Author’s experience in ROBOCARE as well as other operational set-
tings has prompted the development of a software engineering methodology specific
to scheduling technology development. This methodology, as well as the resulting
deployment support tool which was developed, is the object of Part II.

1.1 Structure and Contributions of the Thesis

The specific problem categories which are the object of Part Ican be broadly cate-
gorized asmulti-agent planningproblems. Multi-agent planning is concerned with
automatically devising plans or strategies for the coordinated enactment of concur-
rently executing agents, i.e., deciding a set of actions to execute in order to achieve a
goal or desired state of the multi-agent system. This set of actions is usually referred
to as aplan if it is obtained according to a planning from first principles approach,
while it is more likely called acoordination strategyif it is obtained in a distributed
fashion (i.e., without a centralized decision maker). Thisdistinction reflects also on
the terminology describing the problem solving algorithms: the termplanningis usu-
ally employed in the context of centralized reasoning, while distributed reasoning is
often referred to ascoordination. In both cases, though, the goal is to achieve coordi-
nated action which, to varying degrees depending on the specific applicative context,
contributes to obtaining a goal or desired state. A discussion on this distinction in
terminology is not the object of this thesis. Although the terms planning and coordi-
nation are often interchangeable, throughout this work we will employ them in their
established sense.

A significant part of the Author’s work has been dedicated to the practical im-
plementation of the results obtained within a real system (ROBOCARE). This do-
main has provided a valuable source of application scenarios for the ideas analyzed
herein. Some of these scenarios are employed to instantiatethe results described in
Part I. Also, the strong applicative requirements of ROBOCARE has lead to a soft-
ware engineering methodology specific to scheduling technology deployment. This
methodology is implemented as a modeling framework for scheduling applications,
which is presented in Part II. The framework subsumes the process of component
customization for scheduling applications, and aims to minimize the effort involved
in deploying automated reasoning technology in practise.



4 1. Introduction

1.1.1 Part I: Multi-Agent Planning and Coordination with Scarce Re-

sources

As mentioned, two aspects related to multi-agent planning with time and resources
are explored: on one hand, we analyze the issue of taking intoaccount limited capac-
ity resources in planning from first principles, so as to obtain plans which adhere also
to the additional resource constraints that are imposed; onthe other hand, the issue of
taking into account limited capacity resources is exploredin the realm of distributed
agent coordination.

The feature which distinguishes the present work from the current literature in
both classical planning and distributed multi-agent coordination consists in the fact
that we consider additional constraints on the plans/strategies to be obtained, namely
resource capacity constraints (i.e., dealing with actionswhich consume renewable
resources). The problem of reasoning about time and resources is usually referred
to in the literature asscheduling. The results in multi-agent planning with resources
presented in this thesis rely heavily on results found in thescheduling literature, such
as the concepts of order and resource strength of schedulingproblems, and the prece-
dence constraint posting technique employed in project scheduling.

Chapters 2, 3 and 4 of Part I deal with multi-agent planning inthe centralized
setting, namely managing complex workflows of activities involving multiple exe-
cuting agents, such as humans or service robots, subject to the use of shared, limited
capacity resources3. We focus on domains in which (1) both causal and temporal
reasoning must occur, and (2) the presence of capacity-bounded resources ads com-
plexity to the problem of automatically synthesizing and managing such workflows
of activities (plans). These two characteristics of the problem entail that planning and
scheduling must occur in an integrated fashion. Indeed, so-calledintegrated planning
and scheduling(P&S) is the central aspect of the work described in these chapters.
An integrated P&S infrastructure grounded on a loosely-coupled cascade of planning
and scheduling components is presented. The framework is specifically designed to
study the way different forms of planning (which consists in“pure” causal reason-
ing) can affect the properties of the scheduling sub-problem. In particular, we explore
the properties which make planning and scheduling algorithms fit for a multi-agent
setting, i.e., plans which involve the concurrent enactment of multiple agents using
limited resources. The results obtained are grounded on a theoretical and experimen-
tal analysis of planning algorithms and of the structure of the plans they produce.
More specifically:

• Chapter 2 states the multi-agent planning problem. It is shown how this prob-
lem can be decomposed into a planning and a scheduling sub-problem. The

3The results described in these chapters are grounded on preliminary work reported in[Pecora et al.,

2004] and[Pecora and Cesta, 2005].



1.1. Structure and Contributions of the Thesis 5

aim of this decomposition is to transfer the computational load of reasoning
about resource constraints on a scheduler which is cascadedto the planner,
thus allowing the planner to perform “pure” causal reasoning. An analysis of
the properties of different planning algorithms in the context of this loosely-
coupled integrated P&S framework is conducted, focusing onthe nature of the
information which is mutually shared between the two solving components.
Specifically, we focus on the structure of the causal knowledge that a schedul-
ing tool can inherit from STRIPS-based reasoners.

• The results obtained are then generalized inChapter 3, where we assess the
bias of the planning phase on two well-known properties of scheduling prob-
lems, namely the Restrictiveness and the Resource Strength. These two struc-
tural properties of scheduling problems are commonly used as control pa-
rameters for the random generation of Resource ConstrainedProject Schedul-
ing Problems with minimum and maximum time lags (RCPSP/max)[Brucker
et al., 1998]. This investigation allows us to further understand the structure of
the scheduling problem as it is inherited by a strictly causal planning phase.
In particular, the Resource Strength parameter provides a measure of how
much the multi-agent coordination problem is dominated by limited capacity
resources.

• Finally, Chapter 4 presents a discussion on the integrated P&S approach to
multi-agent coordination under resource constraints, focusing on the conclu-
sions that can be drawn from the measurable properties analyzed in the previ-
ous two chapters.

Next (Chapters 5–7), we deal with another form of multi-agent planning4. We
abandon the realm of planning from first principles, and focus on distributed multi-
agent coordination: while the integrated P&S framework presented in the previous
chapters is a centralized entity which can be employed to obtain a time- and resource-
feasible plan which prescribes coordinated actions for multiple executors, we now
focus on contexts in which agents must plan autonomously in order to achieve a com-
mon goal (which can be recognized as a form of multi-agent coordination). Again,
the results stem from the requirement of taking into accountlimited capacity re-
sources which are needed for execution. These aspects are studied in the context of
distributed constraint optimization (DCOP), a widely usedreduction for distributed
decision making. A DCOP algorithm is proposed, named ADOPT-N, which provides
the representational and algorithmic means to solve coordination problems with lim-
ited capacity resources. ADOPT-N is a solver based on ADOPT [Modi et al., 2005],
a recent successful algorithm for DCOP which puts forth the idea of opportunistic

4Preliminary results of the Author’s work on multi-agent coordination with scarse resources are

reported in[Pecora et al., 2006a].



6 1. Introduction

backtracking and can be employed with bounded error approximation guarantees5.
Although the approach is motivated by a multi-agent coordination problem with re-
source constraints, the algorithm is employed to realize a general architecture for
n-ary constraint reasoning and posting. Overall, the algorithm retains the key qual-
ities of its ancestor ADOPT, namely optimality, distributedness, asynchronicity and
bounded-error approximation. More specifically, the remaining chapters of Part I are
organized as follows:

• The motivation of the ADOPT-N algorithm are described inChapter 5. The
chapter begins with an overview of the DCOP problem, and shows how a multi-
agent coordination problem is reduced to DCOP. This is illustrated by means
of the distributed resource-constrained task scheduling (D-RCTS) problem,
which is also used as a running example throughout the following chapter.
D-RCTS also motivates the need for then-ary constraint reasoning capabil-
ities which constitute ADOPT-N. Specifically, due to the nature of resource
constraints, ADOPT-N extends the ADOPT algorithm in two ways. These en-
hancements are the object of the following chapter.

• The first enhancement stems from the observation that resource constraints im-
posen-ary relations among tasks. This requires the extension of the algorithm
to deal withn-ary constraints, which is achieved by modifying the way agents
exchange messages during problem resolution. In addition to beingn-ary, the
number of relations due to resource contention is exponential in the size of
the problem. As a consequence, they cannot be extensionallyrepresented in
the DCOP representation of the coordination problem, and must be deduced
and enforced during resolution. We refer to this capabilityasconstraint post-
ing. These two issues are the object ofChapter 6, in which we describe how
ADOPT-N agents can deduce and propagate the effects of the choicesmade by
the agents with repsect to resource requirements and adjustinter-agent com-
munication accordingly. Through an experimental evaluation, we demonstrate
the ability of the algorithm to guarantee resource-feasible solutions.

• Chapter 7, which concludes Part II, presents a discussion on the techniques
for n-ary constraint DCOP presented in the previous three chapters. The chap-
ter focuses on an example instantiation of ADOPT-N within the ROBOCARE

setting. Specifically, ADOPT-N is employed to coordinate the agents which
compose the ROBOCARE domestic scenario, in which sensory, robotic and
intelligent decision support components provide user services for an elderly
person at home. The smart home poses interesting challengesin multi-agent
coordination which benefit from the enhanced functionalities of the ADOPT-N
coordination framework. The chapter ends with a brief discussion on the use
of ADOPT-N in the ROBOCARE domestic scenario.

5ADOPT stands for Asynchronous Distributed OPTimization.
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1.1.2 Part II: Development and Deployment of Decision Support Tools

The second part of the thesis focuses on a more methodological aspect concerning the
deployment of automated reasoning frameworks in real-world contexts. The Author’s
experience in deploying scheduling technology in ROBOCARE as well as in other
domains of application constitutes the basis for the development of a support tool
for solver deployment. Specifically, a modeling framework aimed at facilitating the
customization and deployment of AI scheduling technology in real-world contexts is
described. The modeling methodology is built on top of a collection of scheduling
and schedule execution monitoring components, thus providing a support tool for
facilitating software product line development in the context of scheduling systems6.

Part II is organized in three chapters:

• Chapter 8 describes the motivations for the proposed modeling framework.
A motivating example drawn from a space operations domain isshown. The
modeling framework, which is grounded on two layers of abstraction, is then
described: a first layer providing an interface with the scheduling technology,
on top of which a formalism to abstract domain-specific concepts is defined.
We show how this two-layer modeling framework provides a versatile formal-
ism for defining user-oriented problem abstractions, whichis pivotal for facil-
itating interaction between domain experts and technologists.

• Starting from the ontological premises laid out in the previous chapter,Chap-
ter 9 presents the complete framework for scheduling support tool instanti-
ation (T-REX, Tool for schedule Representation, rEsolution and eXecution).
With T-REX, the process of instantiating schedule representation, resolution
and monitoring technology, as well as defining domain-specific GUIs, is re-
duced to the specification of a scheduling domain. The complete features are
exemplified by means of one of the services provided by the domestic environ-
ment described in Chapter 7 (non-intrusive monitoring of daily activities and
activity management assistance).

• Chapter 10 concludes Part II by presenting a discussion on domain abstrac-
tion in scheduling. It concludes with a brief discussion on the methodological
aspects of domain elicitation and how they are facilitated by a two-layered
modeling framework such as T-REX.

6An earlier version the Author’s work on domain abstractionsin scheduling is outlined in[Pecora

et al., 2006b].
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Chapter 2

Centralized Planning for Multiple

Executors

The standard approaches for multi-agent planning can be categorized ascentralized
anddistributed. Approaches pertaining to the former category consider theagents as
elements of one system, the search occurring among states which express the evo-
lution of the entire multi-agent system. Conversely, in thelatter approach planning
occurs by means of a distributed computation, in which agents cooperatively reason
towards the goal of finding a course of action which achieves adesired state. As men-
tioned, this thesis deals with taking into account resources for execution with limited
capacities. This chapter begins our investigation of this broad problem in the central-
ized setting. The multi-agent planning problem in which limited capacity resources
are present is stated. The problem is decomposed into a planning and a scheduling
sub-problem. The former consists in a purelycausalproblem, namely that of deter-
mining which actions need to be performed in order to achievea desired goal state,
where resource constraints are ignored. Thus the term planning, which often retains
a general meaning which subsumes both planning and scheduling, will for the most
part be used to signify the purely causal reasoning sub-problem. In other words, we
refer to what is known in the literature asclassical planning, i.e., a deduction which
occurs in a predefined logic theory.

The decomposition of the multi-agent planning problem withresources into two
sub-problems is motivated by the need to transfer the computational load of rea-
soning about resource constraints onto a scheduler which iscascaded to the plan-
ner. Solving the multi-agent planning problem thus equatesto solving what we will
call a integrated planning and scheduling problem. Our analysis in these chapters
is grounded on the fact that even if the two sub-problems are considered distinctly,
they remain tightly connected. To this end, we propose aloosely coupledapproach

11
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to planning and scheduling integration. The analysis is aimed at understanding the
structural properties of the scheduling problem which results from the planning com-
ponent, focusing on the bias produced by different planningapproaches in the light
of the quality of the coordinated plan obtained after the scheduling phase. The anal-
ysis presented in this chapter is grounded on thecausalproperties of the multi-agent
planning problem, and how these affect the coordinated action plan (i.e., the result
of the scheduling procedure). The analysis is extended to take into account more
sophisticated resource-related measures in Chapter 3.

2.1 Planning and Scheduling: Background

Broadly speaking, planning is the task of deducing a course of action which achieves
a desired objective. Research in AI has been concerned with alarge number of
specializations of this task which originate from different assumptions on time, re-
sources, types of actions and objectives. As mentioned, planning in the AI commu-
nity is often assumed to disregard time and resources, thus the problem boils down to
“deciding what to do”. The task of deciding “when to perform actions” (which can
be seen as a specialization of the planning task) is often referred to as scheduling.
While this categorization is debatable, we will stick to this terminology throughout
most of this thesis.

2.1.1 Planning

A large part of the literature in AI planning can be divided into three categories:
classical planning, hierarchical task network (HTN) planning, and decision-theoretic
planning. A very high level distinction between these threetype of planning is the
following1.

Classical planning is concerned with assembling actions toattain goals. Goals
(which describe the desired state which is to be obtained) are typically expressed as
formulas in the predicate calculus. Actions can be used to obtain the goal state start-
ing from an initial state (also expressed in the predicate calculus), and are modeled
as abstractoperators.

HTN planning is concerned with reducing high-level tasks toprimitive tasks.
Specifically, the problem consists in deciding how to specialize a given high-level
task into primitive tasks. The way tasks can be specialized is described by means of
methods. Planning in the HTN setting thus consists in recursively expanding high-
level tasks into networks of lower level tasks. A good introduction to HTN planning

1This thesis provides a very partial introduction to some concepts of planning which are instrumen-

tal for the comprehension of the multi-agent planning problem. The interested reader is referred to,

e.g.,[Ghallab et al., 2004] for a more complete coverage of the planning problem.
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is [Erol et al., 1994].
Thirdly, decision-theoretic planning can be described as the task of computing a

policy for a state space in which transitions between statesare probabilistic in nature.
Given an explicit representation of the possible states of the world, a policy describes
which action to take in any possible state. Decision-theoretic planning is usually
cast as a Markov Decision Process (MDP). Good starting points for studying these
techniques are[Blythe, 1999] and[Boutilier et al., 1999].

In this thesis we deal with classical planning. Our working definition of a plan-
ning problem is the following:

Definition 2.1. A planning problem is defined as a tuple〈T,R, P,O, S0, SG〉, where

• T is a set of objects types;

• R is a set of objects;

• P is a set ofpredicate schematawith arity n ≥ 0 over object types;

• O is a set ofaction schemata(or operators), each consisting in a tuple〈par,pre, eff〉

where

– par is the set ofparameterswhich indicates how the operator is to be

instantiated;

– pre is set ofpreconditions, expressed as a conjunction of positive or neg-

ative predicate schemata, which represent the conditions that must be

true for applying the operator;

– eff is set of effects(or post-conditions), expressed as a conjunction of

positive or negative predicate schemata, which represent the conditions

that become true after applying the operator;

• S0 is a conjunction of positive predicates representing what is true in theinitial

state;

• SG is a conjunction of positive and/or negative predicates representing the

desiredgoal state;

In practise, the planning problem is usually defined as two separate entities: aplan-
ning domainconsisting in the object typesT , the predicate schemataP and the op-
eratorsO on one hand, and aplanning problemconsisting in the objectsR and the
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initial and goal statesS0, SG on the other. A simple example of a planning domain
can be given in the Planning Domain Definition Language (PDDL) [Ghallab et al.,
1998] syntax as follows:

Blocks world domain

(:predicates

(free ?b - block)

(on ?x ?y - block)

(onTable ?x - block)

(holding ?b - block)

(handEmpty))

(:action pickup

:parameters (?x - block)

:precondition (and (onTable ?x) (free ?x) (handEmpty))

:effect (and (not (onTable ?x)) (holding ?x) (not (handEmpt y))))

(:action putDown

:parameters (?x - block)

:precondition (holding ?x)

:effect (and (onTable ?x) (not (holding ?x)) (handEmpty)))

(:action unstack

:parameters (?x - block ?y - block)

:precondition (and (free ?x) (handEmpty))

:effect (and (not (on ?x ?y)) (free ?y) (holding ?x)

(not (handEmpty))))

(:action stack

:parameters (?x - block ?y - block)

:precondition (and (free ?y) (holding ?x))

:effect (and (on ?x ?y) (not (free ?y)) (not (holding ?x))

(handEmpty)))

Blocks world problem

(:objects A B C D E F - block)

(:init (onTable B) (onTable E) (on A B) (on D E) (on F C) (on C A)

(free D) (free F) (handEmpty))

(:goal (and (on A E) (on C F) (onTable E) (onTable F))

The example domain describes the possible operations that can be performed in a
hypothetical world composed of an infinitely large table andblocks. Blocks can be
picked up from the table with the operatorpickup and from other blocks with the
operatorunstack . Also, they can be stacked onto other blocks with thestack
operator and set down on the table with theputDown operator. The initial and goal
states of the world are described in the problem definition with instantiations of the
predicate schemata (defined in the:predicates section of the domain) over the
set of objects. The initial and goal situations are depictedin figure 2.1. Notice that
in the goal state it is the positions of blocksB andDare irrelevant. The planning task
for the above example consists in finding aplan which achieves the goal state(on
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A E) ∧ (on C F) , i.e., a sequence of instantiated operators (actions) suchas the
following: unstack(F C) → putDown(F) → unstack(C A) → stack(C
F) → unstack(D E) → putDown(D) → unstack(A B) → stack(A E) .

B

A

C

F

E

D

E

A

F

C

Initial state

B D

Goal state

Figure 2.1: Initial and goal states for the example blocks world problem.

The blocks world example is perhaps the most cited domain in the planning lit-
erature. This is not only because the task of organizing blocks on a table is intuitive,
but also because it makes a good example of a purely causal domain, i.e., the log-
ics of the blocks world are fully captured by the cause-effect relationships modeled
in the operator preconditions and effects. In this sense, the example planning prob-
lem instance represents the problem of deciding “what to do”in order to achieve a
particular configuration of the blocks on the table.

The AI planning problem was first introduced in a form similarto the above
in [Fikes and Nilsson, 1971] which presented an automated problem solver based on
theorem proving named STRIPS2. The same name was later adopted for the formal
language of the inputs to this planner, a language which constituted the base of mod-
ern planning problem definition languages, included PDDL. Indeed, we refer to the
STRIPS fragment of PDDL to indicate the formalism for expressing problems such
as the above example.

Notice also that the domain is inherently sequential, i.e.,every action in the so-
lution plan is totally ordered with respect to all other actions in the plan. The blocks
world as we have described it does not model concurrency, as there is only one agent
which executes the operators. It is clearly possible to envisage a blocks world in
which multiple hands can pick up blocks concurrently. Concurrent domains lead to
partially ordered plans, i.e., where the actions can occur in parallel. For example, a
concurrent domain formulation of the multi-agent blocks world can be obtained by
modeling multiple hands explicitly in the problem definition:

2STRIPS = STanford Research Institute Problem Solver.
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Blocks world problem

(:objects A B C D E F - block

H1 H2 H3 - hand)

(:init (onTable B) (onTable E) (on A B) (on D E) (onF C) (on C A)

(free D) (free F) (handEmpty H1) (handEmpty H2) (handEmpty H3))

(:goal (and (on A E) (on C F))

and also modifying theholding andhandEmpty predicates and operator param-
eters in the domain:

Blocks world domain

(:predicates

(free ?b - block)

(on ?x ?y - block)

(onTable ?x - block)

(holding ?h - hand ?b - block)

(handEmpty ?h - hand))

(:action pickup

:parameters ( ?h - hand ?x - block)

:precondition (and (onTable ?x) (free ?x) (handEmpty ?h))

:effect (and (not (onTable ?x)) (holding ?h ?x) (not (handEmpty ?h))))

(:action putDown

:parameters ( ?h - hand ?x - block)

:precondition (holding ?h ?x)

:effect (and (onTable ?x) (not (holding ?h ?x)) (handEmpty ?h)))

(:action unstack

:parameters ( ?h - hand ?x - block ?y - block)

:precondition (and (free ?x) (handEmpty ?h))

:effect (and (not (on ?x ?y)) (free ?y) (holding ?h ?x)

(not (handEmpty ?h))))

(:action stack

:parameters ( ?h - hand ?x - block ?y - block)

:precondition (and (free ?y) (holding ?h ?x))

:effect (and (on ?x ?y) (not (free ?y)) (not (holding ?h ?x))

(handEmpty ?h)))

A solution to this planning problem instance is shown in figure 2.1.1, where instanti-
ated actions are indexed by thelogical stepin which they can be executed. Notice that
while actions can occur concurrently, they interact in sucha way that the plan must
necessarily be enacted in distinct logical steps, e.g., actions unstack(H3 C A)
andunstack(H1 F C) cannot occur concurrently even though they are executed
by different agents.

The idea underlying this representation of the multi-hand blocks world problem
was first described in[Boutilier and Brafman, 2001], in which the multi-agent/multiple-
actor planning problem is viewed from the perspective of howconcurrent actions in-
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[1] unstack(H1 F C)

[1] unstack(H2 D E)

[2] putDown(H1 F)

[2] putDown(H2 D)

[2] unstack(H3 C A)

[3] stack(H3 C F)

[3] unstack(H2 A B)

[4] stack(H2 A E)

Figure 2.2: A solution to the multi-hand blocks world planning problem example.

teract positively or negatively. This work has many points in common with this thesis,
such as the focus on centralized multi-agent planning and enforcing constraints on
the concurrency of actions (e.g., the non-concurrency of the two actions mentioned
above). The difference between Boutilier and Brafman’s work with this thesis lies
principally in the fact that we view agents as resources withlimited capacity. Thus,
we require concurrent plans to be admissible with respect toa more general form of
resource contention, where actions use resources (such as thehand s in the example)
in varying degrees. As we will see in the following section, the existence of a set of
partially ordered activities, each requiring a certain amount of one or more resources
for a certain duration, essentially constitutes ascheduling problem.

2.1.2 Scheduling

While planning is concerned with synthesizing actions which achieve an objective,
scheduling deals with the allocation of actions over time under resource and complex
time constraints constraints. Actions in scheduling are usually referred to as activ-
ities, or tasks. The activities have start and end times; these timepoints are bound
by constraints asserting requirements such as “activity A must finish at leastd time
units before activity B begins”, or “activity A must finish nolater thand time units
after B ends”. Such constraints are known as, respectively,minimumandmaximum
time lags(or generalized precedence relations). Activities require resources, and the
problem of allocating activities in time involves taking into account the precedence
constraints as well as the limited capacities of the resources. In addition, the opti-
mization problem in scheduling can have a variety of objective functions, such as
minimizing the latest end time of the activities (makespan), or minimizing the start
time of all activities (tardiness).

Researchers have studied a plethora of variants of the scheduling problem. Some
of these variants are defined by the particular type of resources. For instance, machine
scheduling is an area which studies the case in which resources representmachines
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required for processing the activities, which are referredto asjobs. A specific type
of machine scheduling problem is identified by means of the machine environment,
the job characteristics, and the objective function3. A somewhat different problem
consists in Project Scheduling, of which machine scheduling models are a special
case[Brucker et al., 1998]. Indeed, the general scheduling problem described above
is a Resource-Constrained Scheduling Problem with minimumand maximum time
lags (RCPSP/max). In practise, also these problems classified according a triple no-
tation (resource environment, activity characteristics,and objective function)4.

Notice that if we see planning as the generative task of devising partially ordered
sets of activities, then it is straightforward to see also that the output of a planner can
constitute (at least part of) a scheduling problem. This is especially true in the case
of multi-agent planning, since multiple agents induce weaker orderings on actions
in the final plan. For instance, multiple hands in the blocks world allows “threads”
of concurrent action on behalf of the multiple hands. As we show in the following
paragraphs, it is often convenient to model a multi-agent planning problem in such a
way that the result of the planning procedure poses a scheduling problem.

2.1.3 Decoupling Planning and Scheduling

We start our analysis with an example which emphasizes the dual nature of the multi-
agent planning problem with resource constraints. To this end, we focus on a general
formulation of a multi-agent inspired planning domain. Theformulation is presented
in an extension of the STRIPS fragment of PDDL. We will returnon issues related to
the expressiveness of domain definition languages in section 2.3.

The domain, shown in figure 2.3(a), encapsulates the notion of executing agents.
A problem specification in this domain, the general form of which is shown in fig-
ure 2.3(b), models problems in which agents concurrently executeaction s in order
to obtain a desiredgoal . The causal theory underlying the coordination problem
is expressed in the domain through the actions’precondition s andeffect s.
The bold directives in the domain and problem definitions represent the elements of
the scheduling sub-problem, and are the only extensions we make to the STRIPS
subset of the PDDL language. Specifically, the directives allow the specification of
durations and resource usage for the operators.:capacity 0 denotes an object
which is not a resource. Given this structure, the number of agents in the problem
corresponds to the number of objects with non-zero capacity, i.e., |{A1, . . . , An}|,
and the resource usage of each task is given by the:uses clause in the abstract op-
erator specification. The presence of multiple agents in theproblem entails possible

3Machine scheduling problems are categorized using this three-field notation (known as

α|β|γ) [Graham et al., 1979].
4Theα|β|γ notation for project scheduling, which is compatible with machine scheduling notation,

was introduced in[Brucker et al., 1998].
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concurrency among the actions in the plan.

(define (domain . . . ) . . .

(:action operation

:parameters (?a - agent . . . )

:precondition ( . . . )

:effect ( . . . )

:uses (?a USAGE)

:duration DUR) . . . )

(a)

(define (problem . . . ) (:domain . . . )

(:objects

A1, . . ., An - agent :capacity CAP

B1, . . ., Bm - type :capacity 0 . . . )

(:init . . . )

(:goal . . . ))

(b)

Figure 2.3: General structure of augmented PDDL domain (a) and problem specifications (b)

used to specify problems with multiple agents. Bold typeface indicates directives which are

ignored by the planner.

A very simple example “instantiation” of this somewhat general template could
be the following: a team of roboticagent s can move from oneroom of an envi-
ronment to another (so long as there is a door connecting the two adjacent rooms),
and they can perform a simpleoperation on certain types ofobject s (iff they
are in the same room as the object). In order to model the fact that agents do not
perform anoperation on two objects at the same time, each action:uses one
unit of the resourceagent . This equates to modeling the agents asbinary resources,
i.e., resources whose capacity is 1. The idea is that, once the planning has taken place
(disregarding this resource usage information), we can employ a scheduler to enforce
the resource usage constraints.

The above domain models resources as entities which are separate from the causal
specification of the domain. Notice, though, that in this simple domain it is possible
to model binary resource constraints causally, i.e., without resorting to the extensions
of the PDDL formalism. This can be achieved by adding(not (busy ?a)) to
the preconditions andbusy ?a to the effects of actionoperation . The busy
predicate can be seen as a “causal excuse” for the resource capacity constraint mod-
eled with the:uses clause, and can be reset by a dummyfinish action (whose
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effect is (not (busy ?a)) ). In essence, this is what is done in the multi-hand
blocks world domain of the previous section: each hand is an executing agent which
can execute one task at a time (i.e., a hand is a binary resource), the(handEmpty
?h) predicate models resource usage, and the four operators in the domain are mod-
eled so as to ensure contention-free plans.

Compiling resource reasoning into the causal model has two main drawbacks.
First, it can be done easily (i.e., without having to extend neither the formalism nor
the planning algorithm) only if resources are binary. The presence of multi-capacity
resources, such as agents which can perform more than one butnot an indefinite num-
ber of tasks contextually, would clearly be very difficult tomodel in a purely causal
manner. In addition, the above example over-simplifies mostsituations of practical
interest, where resources have non-unit capacities, taskshave complex resource usage
profiles5, and additional time constraints may need to be taken into account6.

Second, and most importantly, compiling resource contention into the causal
model transfers the burden of scheduling entirely to the causal reasoning algorithm.
It has been shown in[Pecora and Cesta, 2002; R-Moreno et al., 2006] on similar
domains that adopting this modeling strategy heavily affects the efficiency of the
planning procedure, making it very difficult to solve even problems of small size.

The form of P&S integration motivated by this example essentially suggests that
causal reasoning and time/resource-related reasoning should be performed separately.
Our specific approach, which essentially consists in cascading a planner and a sched-
uler, will be addressed shortly. Before proceeding to this topic, we first take a closer
look at the structure of the problems we can model with the above formalism.

2.2 A Note on Complexity and Related Work

Before continuing, we dedicate a few words to better understand the expressiveness
of the formalism suggested by the above example. A large bodyof work has ad-
dressed the question of understanding the complexity of propositional planning, i.e.,
planning with 0-arity predicates. In this section, we wish to understand how the use
of operator durations and the presence of resources alters the structure of the prob-
lem. To this end, we compare with similar work by Bäckströmon the complexity of
finding parallel executions of plans[Bäckström, 1998].

A propositional planning problem is defined as a tupleΠ = 〈S0, O, SG〉, where
S0 is the set of ground atoms representing the initial state,O is a set of ground
operators, andSG is the set of ground atoms representing the goal state. We de-
fine a propositionalP&S problem as follows (we employ terminology borrowed

5For instance, resource usage could depend on the duration ofthe action, or it could be a non-

stepwise function of time.
6E.g., minimum and maximum time lags, due dates etc.
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from [Bäckström, 1998]):

Definition 2.2. Apropositional P&S problemis a tuple〈S0, O,R, C,U ,D, SG〉where

S0, O andSG are defined as in the propositional planning case, and:

• R is a set of resources with capacities denoted by the functionC : R → N

• U : O × R → N specifies which and the amount of resources used by the

operators

• D : O → N denotes the duration of each operator

In order to maintain notation at a minimum, in the following we employ the notations
U(o, res) andD(o) also for instantiated operators (i.e., actions).

A solution of a propositional P&S problem is defined as anexecutionof a con-
current plan:

Definition 2.3. Let Π be a propositional P&S problem. Aconcurrent planfor Π is
defined as a tuple〈A,≺〉, whereA = {a1, . . . , an} is a set of actions (instantiated
operators) which achieves the goalSG and≺ is a set of precedence constraints which
defines a partial order of the actions inA.

Definition 2.4. Given a concurrent planπ = 〈A,≺〉 for a P&S problemΠ, a con-
current executionof π is a functionr : A→ N which defines the release times for the
actions inA such that ifa ≺ b, thenr(a) +D(a) ≤ r(b).

Definition 2.5. A solutionto a P&S problemΠ is a pair〈π, r〉, whereπ is concurrent

plan forΠ, r is a concurrent execution ofπ, andr is such that
∑

{a:r(a)=t}

U(a, res) ≤

C(res),∀(t, res) ∈ N×R.

Thus, a solution to a P&S problem consists not only in a plan that achieves the
objectivesSG, but also in an execution which guarantees (1) the adherenceto the
precedence constraints≺, and (2) never to require more resources than prescribed by
the capacity constraintsC.

Given a P&S problem instance, we are interested in minimizing themakespanof
the plan, i.e., the latest finishing time of any action in the plan. For the scope of this
complexity analysis (and for ease of comparison with similar results in[Bäckström,
1998]), we define the following computational task.
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Definition 2.6. (CONCURRENT-PLAN-LENGTH) Given a concurrent planπ = 〈A,≺
〉 and an integerk, does there exists a concurrent execution ofπ with length at most
k?

In order to understand the complexity of theCONCURRENT-PLAN-LENGTH task,
we resort to Bäckström’s work[Bäckström, 1998] on parallel plans, in which the
complexity of the similarPARALLEL-PLAN-LENGTH task is studied.

Definition 2.7. A parallel planis a triple 〈A,≺,#〉 whereA and≺ are defined as
for concurrent plans, and# is anon-concurrencyrelation onA, i.e.,a#b iff a andb
cannot temporally overlap.

Accordingly, aparallel executionof a parallel plan is defined as follows:

Definition 2.8. Given a parallel planπ = 〈A,≺,#〉, a parallel executionof π is a
functionr : A → N which defines the release times for the actions inA such that
if a ≺ b, thenr(a) + D(a) ≤ r(b), and ifa#b, then eitherr(a) + D(a) ≤ r(b) or
r(b) +D(b) ≤ r(a).

The work also defines thePARALLEL-PLAN-LENGTH task as follows:

Definition 2.9. (PARALLEL-PLAN-LENGTH) Given a parallel planπ = 〈A,≺,#〉
and an integerk, does there exists a parallel execution ofπ with makespan at most
k?

It is shown in[Bäckström, 1998] thatPARALLEL-PLAN-LENGTH is NP-complete via
a reduction fromK-GRAPH-COLORABILITY . The proof also exposes thatPARALLEL-
PLAN-LENGTH remains NP-hard even with empty preconditions, unit time, and under
the assumption of the post-exclusion principle7. As for tractable results, it is shown
that if there are no# relations in the parallel plan, then the problem is in P. More
precisely, this condition is referred to asdefiniteparallel plans. A parallel plan is
definite if the non-concurrency relation does not constrainthe execution beyond the
prescriptions of the precedence constraints, i.e.,# ⊆ (≺ ∪ ≺−1).

Notice that P&S problems as we have defined them are a generalization of plan-
ning problems as defined in Bäckström’s work. This followssimply from the ob-
servation that a non-concurrency constraint among two actions is a special case of
resource usage:a#b iff ∃ res ∈ R : C(res) = 1 ∧ U(a, res) = U(b, res) =
1. In other words, resource conflicts inCONCURRENT-PLAN-LENGTH can be used
to model non-concurrency constraints inPARALLEL-PLAN-LENGTH. NP-hardness
of CONCURRENT-PLAN-LENGTH thus follows intuitively from the NP-hardness of

7This principle states that any two actions in the parallel plan have a non-concurrency constraint iff

the post-condition of one action corresponds to a negated post-condition of the other — more intuitively,

non-concurrency can only be enforced to eliminate situations of operator interference.
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PARALLEL-PLAN-LENGTH. Nonetheless, it is interesting to prove NP-completeness
formally because, as done in[Bäckström, 1998] for PARALLEL-PLAN-LENGTH, it
exposes some rather strong restricting conditions subjectto which CONCURRENT-
PLAN-LENGTH is still NP-hard. The reduction is shown in the proof of the following
theorem.

Theorem 2.1. CONCURRENT-PLAN-LENGTH is NP-complete.

Proof. NP-hardness is entailed by the following reduction from theNP-complete

problem HYPERGRAPH-K-COLORABILITY . A hypergraph is a pairH = (V,E),

whereV is a set of vertices andE (the hyper-edges) is a subset of the power set ofV .

A hypergraph in which all elements ofE are of sizek is called ak-uniform hyper-

graph (a 2-uniform hypergraph is a standard undirected graph). TheHYPERGRAPH-

K-COLORABILITY task consists in ascertaining if the vertices of a hypergraph are

colorable withk colors in such a way that no hyper-edge is monochromatic, i.e.,

every hyper-edge has a pair of vertices with different color.

Let H = (V,E) be an arbitrary hypergraph, whereV = {v1, . . . , vn}. We

construct a P&S problemΠ = 〈S0, O,R, C,U ,D, SG〉 as follows. For every vertex

vi we define the predicatepi, and for every hyper-edgeS ∈ E we add to the setR of

resources (initially empty) the resourceresS with capacityC(resS) = |S| − 1. The

initial state and goals are, respectively,∅ and{p1, . . . , pn}, and durations are unit.

For each vertexvi we define an operatoroi such that pre(oi) = ∅, post(oi) = {pi} and

U(oi, resS) = 1 iff vi ∈ S. Lastly, we define a concurrent planπ = 〈A,≺〉, where

A = {o1, . . . , on} and≺ is empty. At this point,π (which is clearly a valid plan for

Π) has concurrent execution lengthk iff H is k-colorable. In fact, each color used to

color the hypergraph corresponds to a unique release time inthe execution.

As in [Bäckström, 1998], membership can be proved by observing that guessed

executions can be verified in polynomial time also in the caseof resource feasibility.

As is the case with parallel plans, a direct consequence of the above reduction is
that NP-hardness is maintained even in the case of unit durations and empty precon-
ditions. Interestingly, this result also entails a distinguishing factor between paral-
lel plans with non-concurrency constraints and parallel plans with resource capacity
constraints. Notice in fact that while non-concurrency is abinary relation, limited
resource capacities can be used to modeln-ary relations among actions, which pose
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weaker conditions on ordering. Given thatHYPERGRAPH-K-COLORABILITY is NP-
hard forn-uniform hypergraphs, we can observe thatCONCURRENT-PLAN-LENGTH

remains NP-hard even if resource capacities do not entail the binary non-concurrency
relation. Stated differently, the problem is hard so long aslimited resource capacities
affect the respective ordering of anyn ≥ 2 actions.

2.3 Planning & Scheduling Integration

In recent years, increasing attention has been dedicated tointegrating planning and
scheduling, with the aim of extending the reach of automatedsolving to combina-
torial optimization problems which require both causal andtime/resource reason-
ing. Integrated P&S frameworks are typically obtained following two approaches.
On one hand, integrated P&S architectures can be designed using a “contextual”
approach, so called because time/resources and the causal sub-problem are dealt
with contextually. This can be achieved, as for instance in[Gerevini et al., 2003;
Smith and Weld, 1999; Currie and Tate, 1991; Ghallab and Laruelle, 1994], by ex-
panding a strictly causal solving technique with algorithms and data structures ca-
pable of dealing with time and/or resources. Other contextual solvers adopt the op-
posite strategy, namely starting from a scheduling-centric approach and extending it
with limited causal reasoning capabilities[Cesta et al., 2004a; Jonsson et al., 2000;
Muscettola et al., 1992]. The main drawback of contextual P&S integration strate-
gies is that typically the “enhanced” system does not acquire a full set of capabilities.
This is the case, for instance, of planners which support PDDL2.1/2.2[Fox and Long,
2003; Edelkamp and Hoffmann, 2004], an extension of the standard Planning Do-
main Definition Language (PDDL[Ghallab et al., 1998]) for modeling actions with
durations and simple forms of renewable resources, a characteristic which does not
alone afford the versatility of common scheduling problem definition languages.

On the other hand, so-called “coupled” P&S consists in linking separate imple-
mentations of the two solving paradigms in order to achieve abi-modular solver, in
which each component deals with the respective sub-problem. This approach clearly
presents some major difficulties since it requires the definition of forms of informa-
tion sharing between the two subsystems. Moreover, this type of integration can be
achieved by a strong coupling of the two solving components (i.e., in which every
decision taken by one component is “propagated” by the othercomponent — see,
e.g.,[Cesta et al., 2004a]), or, on the other end of the spectrum, by loosely-coupling
the two solving sub-systems (i.e., the planner produces a plan and the scheduler then
enforces the time and resource related constraints upon this plan — see, e.g.,[Srivas-
tava, 2000]). While a strongly-coupled architecture may seem to be morerealistic,
there is increasing evidence that often a loose-coupling ofsolving components is
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more applicable to solve certain classes of real-world problems8.

2.4 Loosely-Coupled Planning & Scheduling

In an integrated P&S context, time and resource constraintsas well as causal de-
pendencies are contemplated in the initial problem definition. Every operator is in-
herently associated to a time duration and requires a certain quantity of renewable
multi-capacity resources that ensure its executability.

Info integration
& Deordering

Durations and
Resource Usage

PDDL Domain
Representation

PDDL Problem
Definition

time

schedule

Planner Scheduler

Causal model

Time/Resource info

completePOPπC

Planning
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Figure 2.4: The loosely-coupled reference framework, in which a planning problemp is

solved by the planner, ultimately yielding a scheduling problemπ.

The general schema we use in this investigation is as follows(see figure 2.4). A
causal model of the environment is given as input to a planner, i.e., the domain rep-
resentation and the problem definition, both expressed in a STRIPS-like formalism.
This model does not contemplate time and resource related constraints, which are
accommodated after the planning procedure has taken place.In order to produce a

8This is the case, for instance, in military planning, where high-ranking officers take high-level plan-

ning decisions, disregarding issues such as resource allocation or specific synchronization constraints,

while the more scheduling-related decisions which must be taken in order to make a plan operational

occur afterwards. An interesting discussion on this topic was brought up during the ICAPS Workshop

on Integrating Planning into Scheduling, June 2004.
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problem specification which can be reasoned upon by the scheduling procedure, the
plan produced by the planner is integrated with time and resource related information
by means of a plan adaptation procedure.

We make no assumption on the type of planner employed in the framework. In
fact, the only requirement we ask of the planner is that it outputs a correct plan (i.e.,
a correct solution to the causal sub-problem). This plan maybe expressed as a list
of totally ordered actions, such as the example plan in the single-hand blocks world
example of section 2.1. Conversely, it may be the output of apartial order, in which
actions are indexed by the logical step in which they must occur (e.g., the multiple-
hand blocks world plan shown earlier). Recall that we have defined a plan as a pair
〈A,≺〉, where the set≺ contains the implicit precedence relations which must be
respected during execution in order for the plan to be valid.As a consequence, in a
totally ordered plan the set≺ contains a precedence relationai ≺ aj for each pair of
actions such thati < j. Conversely, in a partial order plan there exists a precedence
relationai ≺ aj iff the logical step ofaj is greater than that ofai.

Regardless of the additional information on action ordering, we are interested in
obtaining theminimal set of precedence constraintswhich guarantee plan executabil-
ity (disregarding resource constraints). Such a network ofprecedence constraints is
known asminimal-constrained de-ordering[Bäckström, 1998]. More specifically,
given a planπ = 〈A,≺〉 for the planning problemΠ, the planπ′ = 〈A,≺′〉 is a
minimal-constrained de-ordering ofπ with respect toΠ iff

• π′ is a valid plan forΠ;

• ≺′⊆≺;

• ∄ ≺′′(≺′ s.t.〈A,≺′′〉 is a valid plan forΠ.

The procedure for obtaining a minimal-constrained de-orderings of a plan consists
thus in iteratively attempting to remove every precedence constraint in≺, terminating
when no precedence constraint can be removed without invalidating the plan. Clearly,
this procedure is polynomial if the validity of a plan can be decided in polynomial
time, which is the case for propositional STRIPS with non-conditional actions[Nebel
and Bäckström, 1994].

In general, different planners will lead to plans whose de-ordering is a more or
less tightly constrained network of precedences. Ultimately, the adaptation procedure
is responsible for obtaining a minimal-constrained de-ordering of the partial order
plan (POP) produced by the planner, which it then integrateswith time and resource-
related information. This procedure yields what we shall call a completePOP. In more
formal terms:

Definition 2.10. A completePOPπC corresponding to a POPπ is a tuple〈T ,≺

,R, C,U ,D〉 where
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• T = {T1, . . . , Tn} ∪ {T0, Tn+1} is the set oftaskswhich correspond to then

actions in the POP;T0 andTn+1 are calledsourceandsink activities;

• ≺ is a set ofprecedence constraintsbetween the tasks, whereTi ≺ Tj means

that taskTi must be completed before the execution of taskTj can begin;

• R = {R1, . . . , Rm} is a set of renewableresources;

• C : R→ N denotes thecapacitiesof the resources;

• U : T × R → N ∪ {0} is the function which determines theresource usage

attributes of a task, that is,U(T,R) = u if taskT usesu units of resourceR

(u = 0 indicates thatT does not use resourceR);

• D : T → N ∪ {0} is the function which determines thedurationsof the tasks,

that is,D(T ) = d if the duration of taskT is d time units.

According to the definition above, a completePOP is a Resource Constrained
Project Scheduling Problem (RCPSP)[Brucker et al., 1998] with minimum time lags
and can be visualized in the form of a precedence graph, as shown in the example in
figure 2.5 (edges are simple precedence constraints). This particular problem contains
11 tasks (plus source and sink), for which a partial order is specified by means of
precedence constraints. The problem contains two binary resources,R1 andR2.

R2

R1

T0

T1 T2

T3

T4

T5

T6

T12

T11

T10

T9

T8

T7

Figure 2.5: A completePOP with 11 tasks in whichR = {R1, R2}, U(Ti, R1) 6= 0 for

i ∈ {2, 3, 4, 5, 6}, andU(Ti, R2) 6= 0 for i ∈ {7, 8, 9, 10, 11}. The source and sink tasks are

T0 andT12.
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2.5 Planning Strategies

By observing the precedence graph produced by the plan adaptation procedure, one
extremely important characteristic for our purposes can berecognized as thedegree
of concurrency(or parallelism). The relationship between this characteristic of the
precedence graph and the quality (in terms of makespan) of the final schedule is quite
straightforward. In fact, the makespan of the schedule is related to thecritical path
through the causal network of tasks, where by critical path we intend the sequence of
tasks which determines the shortest makespan of the schedule, i.e. the path that runs
from the source to the sink node such that if any activity on the path is delayed by an
amountt, then the makespan of the entire schedule increases byt. Obviously, if the
durations of the tasks were all the same, then the critical path would coincide with
the longest path through the graph. This is in general not true since the path which
determines the makespan of the entire schedule may be shorter than the longest path
through the graph. Nevertheless, we can assume that the critical path is usually one
of the longest paths through the graph9. Given our main goal, which is to obtain
a schedule with a short makespan, the previous considerations naturally lead us to
prefer, among the existing planners, those which are more likely to produce plans
which minimize the longest path through the graph. The aim ofour analysis is to
reveal how different planning paradigms, namely HeuristicSearch (HS) planning
and Planning Graph (PG) based planning, behave in this loosely coupled framework.

PG-based planners work by alternating one step of graph expansion to a search on
the planning graph10 for a valid plan, the search occurring at every level of expansion
(starting when the goals appear non-mutex for the first time). This, together with the
disjunctive nature of the search space[Kambhampati et al., 1997], makes PG-based
planners optimal with respect to the number of execution steps. This guarantees that
these planners find the shortest plan among those in which independent actions may
take place at the same logical step[Blum and Furst, 1997].

The optimality of PG-based planners is precisely what makesthem best suited
with respect to the criteria described above for loosely-coupled P&S integrations. In
fact, the length of a POP in terms of execution steps is related with the critical path
of the corresponding completePOP as follows:

Theorem 2.2.The number of execution steps in a plan produced by a PG-basedplan-
ner coincides with the length of the longest path through therelative completePOP.

9This assumption is realistic when there are no tasks in the problem specification whose duration is

dominating, i.e. if the durations of all tasks are comparable.
10This category includes all those planners which maintain a planning graph representation of the

search space, and does not refer to the particular solution extraction algorithm they employ (exploring

the planning graph, casting it as a SAT problem and so on). Thedetails of the search do not affect the

generality of the observations we make here.
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Proof. The proof of this theorem equates to proving that if the number of steps in the

POP iss, then the length of the longest path is bothat leastandat mosts.

To prove that the lengthl of the longest path cannot be greater thans, it suffices

to observe that ifl > s, then there would be at least one sequence ofs + m actions

in the plan which belong to different logical steps, which inturn would mean that no

valid plan of lengths exists. This contrasts with the validity of the POP generated by

the planner, since the shortest possible solution would be longer thans.

The fact that the longest path cannot be shorter that the length of the POP can be

deduced by observing that if indeedl < s, then it would be possible to eliminate at

least one extra precedence constraint in the completePOP, which contrasts with the

fact that the completePOP is a minimal-constrained de-ordering of the POP.

In one statement, what we have said shows that PG-based planners, by minimiz-
ing the critical path, in fact maximize concurrency with respect to the causal model of
the problem. Indeed, whereas any type of planner may be used to produce the initial
POP, the quality of the final solution is negatively affectedby the non-optimality (with
respect to the number of execution steps) of the generic planner. From a loosely-
coupled point of view, this means that PG-based planners arecapable of providing a
causal network of tasks which is more suited for makespan-optimizing scheduling.

2.6 Agents and Threads of Execution

In order to confirm the previous statement experimentally, we have created a bench-
mark PDDL domain which produces completePOPs with high levels of concurrency.
The specific benchmark used in the evaluation consists in 500randomly generated
problems in a domain based on the template shown in figure 2.3(b) (recall that the
directives in bold face are ignored by the planner and integrated into the POP to form
the completePOP). Concurrency is obtained by inducing the presence of multiple
agents in the POP (corresponding to the objects with non-zero capacity).

In order to obtain results which are easily measurable in terms of the causal struc-
ture of the precedence graph, we have chosen to impose some simplifying restrictions
on the completePOPs: first, we deal only with binary resources (C(Ri) = 1, ∀Ri ∈
R); second, all tasks use exactly one resource. As a consequence, the value ofCAPin
figure 2.3(b) must be1 or 0 for all objects, and each operator must have at least and
not more than one:uses clause. These assumptions will be relaxed in Chapter 3,
where we focus on more general properties of multi-agent planning problems.

The property of completePOPs we wish to measure is, informally, the extent to
which the causal reasoning phase restricts the quality of the overall plan. In particular,
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we are interested in the degree of concurrency which is afforded in the product of the
scheduling phase given different planning strategies. In order to do this, we need the
following definitions.

Definition 2.11. A threadΦk of a completePOPπ = 〈T ,≺,R, C,U ,D〉 is a set of
tasks{T1, . . . , Tl} ⊆ T such thatU(Ti, Rk) 6= 0, ∀Ti ∈ Φk.

By instantiating theAi objects as agents and specifying that all operators are para-
metric with respect to the executing agent, we thus obtain a completePOP which
exhibits a threaded structure. Given the resource capacityconstraint in the com-
pletePOP, each agent can carry out only one action at a time (which is enforced
during scheduling). More formally[Cesta et al., 2002]:

Definition 2.12. A set of tasksS ⊆ Φk is a contention peakiff
∑

Ti∈S

U(Ti, Rk) >

C(Rk) ∧ ∄ Ti, Tj ∈ S s.t.{Ti ≺ Tj} ∈ ≺, where≺ is the transitive closure of≺.

Definition 2.13. A minimal critical setis a contention peak such that any proper
subset of its activities has a combined resource requirement < C(Rk).

In more simple terms, a contention peak is a set of activitieswhich simultaneously
require a resource (in order for the tasks to be potentially simultaneous there must not
be any precedence constraints among them in the transitive closure of the precedence
graph). A PG-based planner not only allows the execution of one agent’s tasks in a
single step, but it maximizes this feature (by maximizing the size of the contention
peaks), as shown in theorem 2.2. This behavior explains why PG-based planners
are particularly suited for loosely coupled P&S integration: contention peaks are
precisely what any profile-based makespan-optimizing scheduler works on in order
to obtain shorter makespans — in this respect, PG-based planners never impose over-
committing constraints, the insertion of which is delegated to the resource reasoning
module.

2.7 First Experimental Results: Makespan Optimization

Figure 2.6 shows the makespan-optimizing performance obtained with two differ-
ent component based implementations of the loosely coupledframework: one em-
ploys BLACK BOX [Kautz and Selman, 1999], a PG-based planner which combines
the efficiency of planning graphs with the power of SAT solution extraction algo-
rithms, while the other uses the FF planning system[Hoffmann and Nebel, 2001],
a heuristic search planner which was Top Performer in the Strips Track of the3rd

International Planning Competition. Both instantiationsof the framework employ O-
OSCAR [Cesta et al., 2001], a profile-based[Cesta et al., 1998] CSP scheduler which
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Figure 2.6: Comparing the makespan obtained by loosely coupling BLACK BOX and FF with

O-OSCAR on 500 randomly generated multi-agent problems (PAP = plan adaptation proce-

dure).

implements an iterative improvement algorithm[Cesta et al., 2002]. The benchmark
used for these tests consists of 500 randomly generated problems in an “artificial”
multi-agent domain which adheres to the general PDDL structure shown above.

While both planners obtain similar results, as expected theBLACK BOX-based in-
tegration yields shorter makespans on the overwhelming majority of instances. Since
the O-OSCAR scheduler is not systematic, the computed makespans are notneces-
sarily the shortest possible.

It is even more interesting to notice, though, that innoneof the instances do
FF-derived completePOPs yield shorter makespans than the BLACK BOX-derived
problem instances. This is somewhat surprising given the non-complete nature of
the scheduling algorithm. While it is true that theoptimal makespan of a com-
pletePOP obtained through BLACK BOX is shorter or equal to that of the equivalent
completePOP computed by FF, it is not so obvious that the strongly non-systematic
sampling strategy employed by O-OSCAR never“stumbles upon” a more optimized
solution when solving an FF-derived scheduling problem. Indeed, this is a plan-
ner which, according to the HS planning paradigm, employs powerful heuristics to
drastically prune the search space. The resulting net effect is a different causal struc-
ture of the scheduling problem instance. As we will see, the difference between the
two types of completePOPs plays a major role in the distribution of the solutions’
makespans, a characteristic which is strongly related to how easy it is to perform
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makespan optimization on a completePOP.
In summary, the experiments above show that FF-derived scheduling problems

lead to longer makespans after scheduling. The results alsoseem to suggest that FF-
derived scheduling problems are more difficult to optimize.In order to understand
this behavior fully, we must first focus on the structure of completePOPs and its role
in makespan optimization, which is the topic of the following section. The issues we
have put forth here will be further analyzed at the end of the next section.

2.8 The Role of Threads in Makespan Optimization

Generally speaking, a makespan-optimizing scheduler likethe one used in the exper-
iments shown above works according to the SchedLoop procedure shown in algo-
rithm 2.1: after performingMAX-RESTARTattempts to produce a feasible schedule,
if one of these attempts improves the best makespan found in the previous run, an-
other run is performed by imposing the new best makespan as the horizon.

Algorithm 2.1 schedule : SchedLoop(completePOP)
continue← true

bestSolution← null

horizon← upperBound

bestMakespan← upperBound

while continuedo

continue← false

for i = 1 to MAX-RESTARTdo

currentSolution← computeSolution(horizon)

if bestMakespan> currentSolution.makespan()then

bestMakespan← currentSolution.makespan()

bestSolution← currentSolution

continue← true

horizon← bestMakespan

return bestSolution

A makespan improvement in the first run induces the executionof a second run. If
no further improvement is found, the whole procedure will beiterated only twice; as
better makespans are progressively found, the procedure continues until no further
improvement is possible. Some degree of randomization is injected in the iteration
to retain the ability to restart the search in the event that an unresolvable conflict
is encountered, without incurring into the combinatorial overhead of a conventional
backtracking search.

In the following paragraphs, our aim is to analyze the relation between the struc-
ture of the completePOPs in the benchmark with the behavior of the iterative im-
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provement scheduling phase described above. In our simplified context with the sin-
gle resource usage constraint for each task and the binary nature of the resources,
these structural properties can be captured quite easily. These simplifying assump-
tions will be relaxed in the next chapter.

2.8.1 Weak and Strong Coupling

Let us start with the example shown in figure 2.5. A solution tothis scheduling
problem can be obtained by sequencing all those tasks which produce resource con-
tention: the tasks{T3, T4, T5} cannot be executed together because they all useR1

(which has capacity 1), and the same holds for tasks{T8, T9, T10}, which use re-
sourceR2. Therefore, any instantiation in time in which these tasks are overlapping
violates the resource capacity constraints, and is thus notan admissible solution. Fig-
ure 2.7 shows two solutions for this problem in the case thatD(Ti) = 1, ∀Ti ∈ T .
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Figure 2.7: Two admissible solutions (schedules) for the completePOP shown in figure 2.5

with unit task durations: solutiona has makespan 7, while solutionb can be executed in 6

time units.

The fact that the problem admits solutions with different makespans is due to
the precedence constraintT3 ≺ T10. Indeed, if this constraint were not present, the
problem could be decomposed into two disjoint scheduling problems, and the global
solution could be obtained by simply executing the two solutions simultaneously. In
turn, the two scheduling problems so obtained would not bemakespan-optimizable,
since all the tasks use the same binary resource (R1 orR2) and thus must be serialized
in the solution. In cases like this, we say that the scheduling problem is composed of
disjoint threads. More precisely:

Definition 2.14. Two threadsΦk andΦl 6=k are couplediff ∃ Ti ∈ Φk, Tj ∈ Φl s.t.
Ti ≺ Tj ; if Φk andΦl are not coupled, they are said to bedisjoint.

It is rather intuitive that if all the threads in a given single-capacity completePOPP
are disjoint, then all its solutions (schedules) will have the same makespan (SOL∗(π) ≡
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SOL(π), i.e. the set of optimal solutions coincides with the set of all solutions). In-
deed, a problem in which the resource conflict resolution strategy can yield more
or less optimized solutions (SOL∗(π) ⊂ SOL(π)) can be achieved only if there are
precedence constraints whichcouplethe threads, making the execution of one agent’s
tasks dependent on the behavior of another agent. More formally:

Definition 2.15. Two threadsΦk andΦl 6=k are strongly coupledif ∃ Ti ∈ S ⊆ Φk

s.t.{Ti ≺ Tj} ∨ {Tj ≺ Ti} ∈≺ ∧ Tj ∈ Φl, whereS is a contention peak.

Definition 2.16. Two threadsΦk and Φl 6=k are weakly coupledif all inter-thread
constraints are between tasks which do not belong to contention peaks.

In more simple terms, weakly coupled threads can be connected only by constraints
between tasks which do not belong to contention peaks. It is easy to show that the
absence of strongly coupled threads is the structural trademark of trivial problems
from a makespan optimization point of view. In fact:

Theorem 2.3. A completePOPπ = 〈T ,≺,R, C,U ,D〉 whose threads are at most
weakly coupled is not makespan-optimizable.

Proof. As we have already said, if all threads are disjoint, then allsolutions are opti-

mal since the problem can be decomposed into|R| problems whose solutions are all

completely sequential.

Let us now suppose thatπ contains weakly disjoint threads, and that it is also

makespan-optimizable, i.e.SOL∗(π) ⊂ SOL(π). As a consequence, there exists a

minimal critical setS = {Ti, Tj} ⊆ Φk whose possible serializations have different

effects on the total makespan of the solution. LetTi ≺ Tj lead to a solutionSOL1

with makespanm1, Tj ≺ Ti lead toSOL2 with makespanm2, and let us suppose

that m1 < m2. As a consequence,Ti must belong to the critical path inSOL1

andTj obviously does not belong to the critical path inSOL1 (as this would make

m1 = m2). Let the critical path forSOL1 beTi ≺ Th ≺ . . . ≺ Tn+1. SinceTh may

occur concurrently withTj , Th andTj must belong to different threads, hence the

necessary presence of the inter-thread constraintTi ≺ Th ∈ Φl 6=k, which contrasts

with the hypothesis that all threads are at most weakly coupled.

The previous theorem states that if in a completePOP there are no inter-thread
precedence constraints between tasks which belong to contention peaks then the
problem is not makespan-optimizable. This constitutes only a necessary condition
for makespan-optimizability. In fact, even if a completePOP does indeed contain
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such constraints, it still may be non-optimizable. This issue is addressed in the re-
mainder of this chapter.

2.8.2 Further Experimental Analysis: The Face of Strong Coupling

It is experimentally verifiable that the presence of strong-coupling inter-thread con-
straints not only makes it possible for a completePOP to be makespan-optimizable,
but the degree of optimizability of the completePOP dependsrather strongly on the
density of these constraints. Given a completePOPπ = 〈T ,≺,R, C,U ,D〉, let the
set of strong-coupling inter-thread constraints be≺s⊆≺. Theρ curve in figure 2.8
shows the density of strong-coupling inter-thread links|≺s| / |≺| in the 500 com-
pletePOPs generated for the problems shown earlier.
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Figure 2.8: The concentration of strong-coupling inter-thread precedence constraintsρ =

|≺s| / |≺|, is directly responsible for the degree of optimizability of a completePOPγ =

S+/S.

In general, an optimizable scheduling problem admits solutions with a makespan
in a bounded interval[lb, ub]. The width of this interval tells ushow much a com-
pletePOP can benefit from makespan optimization during scheduling: on one hand,
we have completePOPs which admit only one makespan and thuscannot be opti-
mized(see theorem 2.3); on the other hand, a very different category of completePOP
is one whichretains a higher degree of optimizability, thus admitting a range of pos-
sible schedules with different makespans.

Enumerating all the solutions for a given completePOP is clearly unfeasible.
Nonetheless, an estimate of how the makespans of the solutions are distributed can
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be obtained by sampling a set of solution extraction attempts on the completePOP
and calculating the percentage of solutions with differentmakespans the scheduler
is capable of finding. This estimate can be obtained as follows: each completePOP
is solved by an optimizing scheduler, and the number of solutions with different
makespansS+ is normalized over the total number of solutions found for that prob-
lemS, yielding theγ = S+/S curve shown in the plot11.

The next question we want to answer is the following: what is the causal char-
acteristic of the planning problem which induces high densities of strong-coupling
inter-thread constraints in the completePOP? In our agentified domain, two tasks
which belong to different threads are linked if and only if the preconditions of one
task depend on the effects of the other, which can be semantically interpreted as
the enactment of a certain degree ofcooperationamong the agents, which is in turn
strongly connected to theρ constraint density measure. A high value of this density
is indeed what makes a scheduling problem challenging for a makespan-optimizing
scheduler. This confirms the rather intuitive fact that the role of optimizing schedul-
ing algorithms acquires importance as the degree of agent interaction in the problem
increases.

It is interesting to notice that one of the ways we can enforcea high degree of
strong thread coupling in the completePOP is tospecializethe roles of the agents in
the causal problem specification.

2.8.3 Planning Strategies and Challenging Scheduling Problems

As we saw earlier, the strong heuristic choices performed byFF affect the structure
of the resulting scheduling problem. Figure 2.9 shows the strong-coupling constraint
densities for the 500 problems used in the experimental evaluation of the planning
strategies shown in figure 2.6.
Since higher densities of strong-coupling inter-thread precedence constraints deter-
mine a “wider” distribution of the makespans of the solutions, the consequence of
FF’s heuristic is twofold: first, the optimal makespan of thecompletePOP is greater
or equal to that of a PG-derived completePOP which solves thesame planning prob-
lem, and second, these completePOPs are actually more difficult to optimize. On
the other hand, PG-based planners have the opposite effect,yielding causal struc-
tures which produce better makespans and also facilitate the performance of an op-
timizing scheduler. This effect is obtained thanks to the characteristic of the PG

11In order to make theγ curve more readable, the data was filtered with a sliding window aver-

age of width ten, which corresponds to a low-pass filter. The low accuracy of the estimate beyond

ρ ≈ 21.3% (beyond the first 100 completePOPs) is due to the fact that higher values of strong inter-

thread constraint density require larger samples. In fact,as the problems get more challenging from a

makespan-optimization point of view, more solution extraction attempts are necessary to derive useful

statistics on the distribution of makespans in the[lb, ub] interval.
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Figure 2.9: The higher density of strong-coupling inter-thread precedence constraintsρ

makes FF-derived completePOPs more difficult for a makespan-optimizing scheduler.

paradigm which tends to maximize thesizeof the contention peaks, as opposed to
the performance-oriented HS strategies such as those employed by FF. Our analy-
sis has shown that, at least in the case of FF, these heuristics reflect negatively on
makespan-optimizing scheduling components.

2.9 Summary

In this chapter we have started our analysis of the multi-agent planning problem in the
centralized setting. The problem is defined by means of an extension of the STRIPS
fragment of PDDL. The investigation is thus circumscribed to planning in concurrent
domains with action durations and resources. This work is put into context with
respect to similar research in parallel planning, the comparison yielding a discussion
on the complexity of taking into account limited capacity resources for execution.

Operationally, the generation of plans which prescribe thecoordinated action of
multiple executing agents occurs through the use of an integrated P&S architec-
ture. Specifically, we analyze the properties of loosely-coupled, component-based
P&S integration, with a strongly separating assumption: the causal constraints of
the scheduling problem are irrevocably decided by the planner, and the scheduler is
responsible for producing an optimized instantiation in time of the tasks. This as-
sumption on one hand limits the mechanism by which domain knowledge is shared
between the two reasoning components to one instance of information flow, and on
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the other partitions the competences of the two reasoners. Given this “one-pass” as-
sumption, we evaluate how the quality of the output is affected by the choice of the
planner, where the makespan is a measure of schedule quality, as is common practice
in scheduling.

The results of the analysis reveal that planning strategieswhich search in the
space of parallel plans (what we have referred to as PG-basedplanning) yield schedul-
ing problems whose minimum makespan is lower, thus exhibiting more effective
multi-agent coordination. In the following chapter, our analysis sets out to (1) aban-
don the restricting assumptions on resource usage and capacities made in this chap-
ter, and (2) evaluating measures for plan quality which are more sophisticated and
more directly liked to the efficiency of coordination obtained using different plan-
ning strategies.



Chapter 3

Evaluating Plans through

Restrictiveness and Resource

Strength

In the previous chapter we have introduced a loosely-coupled integrated P&S frame-
work for concurrent plan resolution. The architecture is achieved by cascading a clas-
sical planner and a general purpose scheduler. The output ofthe planning phase yields
a partially ordered plan which is then integrated with time and resource constraints.
The resulting scheduling problem is then given to the scheduler for resolution. The
aim of this chapter is to deepen our comprehension of the structural trademarks of
the causal knowledge that a scheduling tool can inherit fromSTRIPS-based reason-
ers. Thus, we set out to measure the structural properties ofthe scheduling problems
yielded from the planning phase in the light of the subsequent scheduling.

The following results extend those obtained in the previouschapter, in which we
focused on the bias produced by different planning approaches (heuristic search and
planning graph based) in the light of makespan-optimizing scheduling. Here, our aim
is to assess the bias of the planning phase on two well-known properties of scheduling
problems, namely the Restrictiveness and the Resource Strength. These two struc-
tural properties of scheduling problems are commonly used1 as control parameters
for the random generation of Resource Constrained Project Scheduling Problems
with minimum and maximum time lags (RCPSP/max)[Brucker et al., 1998], and
therefore allow us to relax the restrictive assumptions on the multi-agent planning
problems made in the previous chapter. To this end, we describe a set of experiments
carried out on a series of state-of-the-art planners aimed at generating scheduling

1See for instance[Schwindt, 1998].
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problems which exhibit varying degrees of these two parameters.
The chapter is organized as follows. We first describe the details of the structural

properties we wish to measure, after which we show an extention to one of the plan-
ners analyzed in the experiments aimed at increasing the detail of our observations.
The main results consist in analyzing and comparing the performance in terms of the
measures introduced earlier of four state-of-the-art planners. The results are then put
together and further analyzed.

3.1 Restrictiveness and Resource Constraints

There is a consolidated body of work in the field of schedulingwhich deals with clas-
sifying scheduling problems with respect to various quantifiable properties. Our aim
in this chapter is to interpret these structural characteristics in the light of different
implementations of the planning phase which constitutes the first component of the
loosely-coupled framework. In this section we present the two well-known structural
factors of scheduling problems which we will focus on, whilein the remainder of this
chapter we will use these factors to measure the quality of the scheduling problems
obtained with a number of state-of-the-art planners.

Order Strength. The first parameter we focus on quantifies the effect of the prece-
dence constraints contained in the plan (i.e., the causal structure of the scheduling
problem) on the possible execution sequences of the tasks. Our aim is to measure to
some extent the magnitude of the search space which is explored by the scheduling
phase. To this end, we borrow the notion ofrestrictivenessfrom Project Scheduling.
Specifically, this parameter measures the degree to which the precedences between
activities restrict the number of feasible execution sequences of the tasks. High re-
strictiveness indicates that less different alternativesexist to resolve resource conflicts
between tasks (by defining additional precedence constraints). As a consequence, the
restrictiveness is directly linked to the hardness of many RCPSP/max problems (both
with respect to feasibility and optimization)[Schwindt, 1998].

Unfortunately, calculating the restrictiveness is #P-complete, since it involves
counting linear extensions[Brightwell and Winkler, 1991]. A number of restrictive-
ness estimators have been proposed (e.g., see[Thesen, 1976]), one of which is the
order strength. Given a completePOPπ = 〈T ,≺,R, C,D〉, this measure can be
determined very efficiently and is defined as follows:

OSπ =
|≺|

|T | (|T | − 1) /2
(3.1)

i.e., the number of precedence relations, including the transitive ones (≺ denotes
the set of precedence relations in the transitive closure ofthe precedence graph),
divided by the theoretical maximum number of constraints. Anumber of works in
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the scheduling literature[Mastor, 1970; De Reyck and Herroelen, 1996; Schwindt,
1998] show thatOS outperforms other significant network measures regarding the
correlation with the hardness of RCPSP/max instances.

The OS parameter thus expresses the properties of the causal structure deter-
mined by the planning phase, and has no connection with the resource constraints
contained in the problem. As we will see, different planningstrategies yield plans
which differ in causal structure, thus the planning algorithms themselves are also
connected to the hardness of the resulting scheduling problems instances.

Resource Strength. One of the main features of schedulers consists in the capa-
bility to deal with resources in addition to complex time-constraints. In order to
understand the bias produces by different planning strategies on the resource-related
characteristics of the resulting scheduling problems, we employ another well-known
measure, namely theresource strength2. Given thek-th resource in the completePOP,
we denote withrk

min the maximum usage of this resource by a single task in the com-
pletePOP, that is

rk
min = max

T∈T
U(T,Rk)

Also, let rk
max denote the peak demand of resourceRk in the precedence-preserving

earliest start schedule (i.e., the infinite capacity solution). The resource strength of
resourceRk is thus defined as

RSk =
C(Rk)− rk

min

rk
max − rk

min

whereC(Rk) is the capacity of resourceRk. The resource strength expresses the
relationship between the resource demand and the resource availability in the given
completePOP.

Notice that a scheduling problem in which the capacityC(Rk) of thek-th resource
is at mostrk

max (i.e., the maximum potential claim of resourcek in the precedence-
preserving earliest start schedule) is such that resourcek is “well-dimensioned”. Con-
versely, ifC(Rk) exceeds the peak demand ofRk, then this resource’s capacity is
unnecessarily large, sincerk

max is an upper bound onC(Rk) such that the problem
is resource-feasible. We call a problem in whichRk adheres to the first requirement
k-parsimonious. Notice also thatrk

min is a lower bound forC(Rk), since it represents
the maximum usage of resourceRk by a single task in the completePOP. Therefore,
in a k-parsimonious completePOP we have thatC(Rk) is bounded in the interval
[rk

min, r
k
max], since these bounds represent, respectively, the smallestand largest ca-

pacity which can be given toRk in order for the scheduling problem to be resource

2This parameter was first defined in[Cooper, 1976; Alvarez-Valdez and Tamarit, 1989]. The defini-

tion we use here is taken from[Kolisch et al., 1995].
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feasible with respect toRk. If this is the case, then clearlyRSk is also bounded
in the interval[0, 1], while RSk may be greater than1 of the completePOP is not
k-parsimonious.

In conclusion, theRS parameter takes into account the resource constraints which
are given by the requirements of the tasks on one hand, and thelimited resource ca-
pacities on the other, thus it measures the scarcity of the resource availability with
respect to the requirements. In the following sections, ouranalysis focuses on the
averageRS over the resources which are employed in the completePOP, that is

RSπ =

∑

k:Rk∈Ru

RSk

|Ru|
(3.2)

whereRu ⊆ R is the set ofusedresources, i.e., for whichU(T,R) > 0 for someT ∈
T . Notice that a completePOP may not prescribe the use of all resources modeled
in the original problem, since the particular action instantiations which achieve the
goal (the POP produced by the planner) are obtained by means of a purely causal
deduction, and as such does not explicitly take into accountany resource-related
metric. Indeed, some among the planners we analyze in the following sections over-
commit more than others with respect to resource utilization. This reflects strongly on
the average resource strength: the higherRSπ, the less constraining are the capacities
of the resources with respect to the task network.

While the scheduling literature points to numerous other parameters which could be
useful in the context of this investigation, some of which wewill be analyzing in
future work, in the following section we observe how the planning phase affects the
two properties defined above.

As a final note, it is interesting to notice that taking into account “classical”
properties of project scheduling problems rather than the strong-coupling constraint
density we have defined in our previous work, allows us to relax the restricting as-
sumptions we have made with respect to resource capacities and usage. In particular,
parameters such as the two we analyze in this work are defined for any causal struc-
ture in the scheduling problem, as well as for multi-capacity resources and multiple-
resource usage constraints.

3.2 EnhancingBLACK BOX for Obtaining Multiple Causal

Solutions

Before describing in detail the structural characteristics of the scheduling problems
which we want to observe, we describe an extention to the loosely-coupled frame-
work aimed at enhancing the detail of our observations. Among the planners used
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in our experiments, we employ a planning subsystem which is capable of produc-
ing multiple plans, thus yielding, after the information integration and de-ordering
procedure has taken place, multiple completePOPs. Having more solutions to the
causal part of the P&S problem provides us with a richer set ofscheduling problems
on which to perform the structural analysis by means of the measures defined previ-
ously. This extends the results obtained in the previous chapter because it enables us
to observe how not only different planning strategies but also different methods for
extracting solutions within a certain planning strategy can influence the structure of
the underlying scheduling problem. This is particularly true in the case of planning
graph based planning, in which a planning graph contains many valid plans. More-
over, these plans are partitioned into sets according to thelevel of expansion at which
they are obtained. In other words, given the minimum levell at which there exists
a solution to the planning problem, instead of obtaining onescheduling problemπl,
we obtain the set of scheduling problems{πl

1, π
l
2, . . .}which derive from the solution

subgraphs of the planning graph3.
In order to obtain multiple completePOPs in a single level ofplanning graph

expansion, we have implemented a modified version of the BLACK BOX planning
system, which we callMBLACK BOX (for multiple-BLACK BOX). This enhancement
is obtained by replacing theZCHAFF SAT-solver[Moskewicz et al., 2001] originally
integrated within the BLACK BOX system withMCHAFF, an enumerative variation of
ZCHAFF [Moskewicz et al., 2001; Moskewicz, 2004], i.e., which is capable of finding
multiple models of a given well-formed formula (see figure 3.1). The experiments
described in the following sections thus focus also on the variation of OS andRS
within the sets of solutions produced byMBLACK BOX.

3.3 Experiments

The two parameters shown above represent attributes of scheduling problems which
are widely accepted as meaningful. In the context of this investigation,OS charac-
terizes the causal structure of planner-derived scheduling problems, measuring the
restrictiveness of the task network determined by the planning phase, thus indicat-
ing the “degree of freedom” available to the scheduler in resolving conflicts.RS on
the other hand quantifies the constrainedness of completePOPs with respect to the
resources allocation determined by the planner. BothOS andRS provide a means
to interpret the effect of the decisions taken by the plannerwith respect to the causal
and resource allocation problem represented by the input planning problem.

3Moreover, by increasing the level of expansion of the planning graph we can produce the sets

of scheduling problems{πl
1, π

l
2, . . .}, {π

l+1
1 , πl+1

2 , . . .}, . . . , {πm
1 , πm

2 , . . .}, wherem is the index of

planning graph level-off. The analysis ofOS andRS on further levels of expansion of the planning

graph is outside the scope of this thesis, and will be addressed in future work.
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Figure 3.1: Enhancing BLACK BOX with enumerative capabilities by replacingZCHAFF with

MCHAFF. Gl denotes the planning graph expanded up to levell.

3.3.1 Benchmark Problems

For the purpose of the experiments described in this section, the general multi-agent
domain definition described earlier was instantiated according to the dependency
graph shown in figure 3.2. The domain consists in a total of sixoperators, each
requiring an object as well as a certain type of agent (type one or two). Moreover,
each operator:uses a particular amount of the executing agent, and has a given
:duration . Our benchmark consists of 100 randomly generated problemswithin
this domain in the formp =

〈

A1, A2,
[

Cmin
1 , Cmax

1

]

,
[

Cmin
2 , Cmax

2

]

, O
〉

, where

• A1 (A2) is the number ofagent s of type one (two);

•
[

Cmin
1 , Cmax

1

]

(
[

Cmin
2 , Cmax

2

]

) is an interval within which lies the:capacity
of every agent of type one (two);

• O is the number ofobject s (i.e., with:capacity 0 ).

Each problem was generated by randomly choosingA1, A2, O, as well as the capacity
of each agent of type one and two within the corresponding interval. Un-resolvable
problems were avoided by ensuring that theCmin

1 ≥ 4 andCmin
2 ≥ 3.

The 100 generated benchmark problems are intended to provide an easy set of
problem instances from the planning point of view. Conversely, the additional re-
source and time related information poses a more elaborate scheduling sub-problem,
with respect to which the tested planners exhibit a varying degree of commitment.

As we will see in the experimental analysis, the regularity of this domain intro-
duces a strong dependency of the results obtained by the various planners on the size
of the problem instance. In addition, notice that the domainis such that we expect
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Figure 3.2: The dependency graph of the multi-agent domain used for the generation of the

benchmark set. Ovals represent predicates and rectangles represent operators.

to obtain little variation in the causal structure of the plans obtained with different
planners4. Nonetheless, as we will see the relative regularity of the benchmark set
does not affect the generality of our observations.

4This domain can be interpreted as a workflow-management application, in which there is no real

difficulty in determining the sequence of operators which achieves a goal, and in which the planner’s

task is essentially that of deciding an allocation of agentsto operations.
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3.3.2 From POPs to Scheduling Problems

To begin with, the benchmark problems described above were solved usingMBLACK -
BOX. As mentioned, this planner employsMCHAFF in order to produce multiple so-
lutions to a single planning problem. On the 100 benchmark problems,MBLACK BOX

yields a total of 7046 plans (the enumeration performed byMCHAFF yields between
10 and 200 unique plans for each problem). Each solution represents a completePOP
πj

i , wherei ∈ [1, 100] and j refers to thej-th unique solution to problemi. We
then calculateOS

π
j
i

andRS
π

j
i
. Moreover, we extract from these measuresOSmax

πi
,

OSmin
πi

, RS
max
πi

andRS
min
πi

, which represent the maximum and minimum values of
OS andRS obtained for thei-th P&S problem.

The same set of 100 benchmark problems were solved by FF[Hoffmann and
Nebel, 2001], LPG [Gerevini et al., 2003] and CPT[Vidal and Geffner, 2004], and
OSπi

andRSπi
were also computed for the 100 solutions obtained from theseplan-

ners. The experimental framework is summarized in figure 3.3

P&S
problem

Scheduling
problems

LPG, BLACK BOX

FF, CPT,
MBLACK BOX

Figure 3.3: How the experiments were performed.

3.3.3 Resources

We begin by analyzing the resource related aspects of the obtained completePOPs.
Figure 3.4 shows the value ofRS for the various planners considered. In particular,
only the first plan produced byMBLACK BOX is considered (i.e., the original non-
enumerative version of BLACK BOX). Recall that high values ofRS indicate that the
corresponding plan is under-constrained with respect to resource capacity constraints,
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Figure 3.4: Average resource strength for the various planners (MBLACK BOX in non-

enumerative mode).

thus that the resources are assigned in such a way that their capacity limitations are
less likely to entail resource conflicts. It is immediate to notice the gap in performance
between FF and CPT on one hand, andMBLACK BOX and LPG on the other. In
most problems the former planners employ only one or two agents out of the overall
pool of available agents. The strongly sub-optimal allocation of resources (agents) to
tasks clearly has no impact on the quality of the solution to the causal sub-problem
(the POP), while it heavily affects the quality of the completePOP as a whole. The
scheduling problems produced by FF and CPT are thus very constrained from the
point of view of resources. Overall, this may have some disadvantages with respect
to the scheduling phase, such as longer makespans, less robust solutions, and so on.

The poorer quality of the plans obtained with FF and CPT demonstrates the fact
that the over-committing nature of the performance-oriented heuristics employed by
these planners appears to be counter productive in the lightof the subsequent schedul-
ing phase. Conversely, BLACK BOX and LPG have the nice property of committing
less to resource peak leveling decisions, thus maintaininga lower level of invasive-
ness in the decision space of the scheduler. This phenomenonis even more interesting
in the light of the fact that both BLACK BOX and LPG are (though in different ways)
planning graph based planners. These results thus point to an interesting load balanc-
ing quality of the planning graph paradigm.

Let us now observe the results obtained with the enumerativeplannerMBLACK -
BOX. As shown in figure 3.4, the performance of LPG is in line with that of the clas-
sical single-plan BLACK BOX, reaching for many problems higher peaks. Conversely,
plotting the results obtained with the enumerative variantMBLACK BOX yields the re-
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sults shown in figure 3.5. These results show that extractingmore solutions to a given
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Figure 3.5: Average resource strength for LPG and the best performance ofMBLACK BOX.

planning problem affords us a choice between “equivalent” completePOPs with po-
tentially very different characteristics from the point ofview of resource allocation.
In conclusion, notice that the enumeration of solutions performed byMCHAFF also
ignores the resource related information in the problem instance. Indeed, these re-
sults suggest the possibility to equip the SAT solver with a more informed heuristic
for solution space exploration that takes into account resource related metrics.

3.3.4 Causal Structure

We now turn our attention to the causal characteristics of the POPs produced by the
planners considered above. As described previously, the output if the planner consists
in a sequence of tasks which are then de-ordered to produce the precedence graph
〈T ,≺〉. The structural characteristics of this graph affect the scheduling phase in a
number of ways, and, as noted earlier, a good predictor for the hardness of a schedul-
ing problem is represented by the restrictiveness, which can be in turn approximated
by OS.

Figure 3.6 shows the values ofOS obtained with the four planners considered in
the previous section. Again, we start by analyzingMBLACK BOX in non-enumerative
mode. We can immediately notice three characteristics of the results: the presence
of plateaus, the fact thatOSπi

for all planners exceptMBLACK BOX coincide on all
problems, and that the values ofOS appear to be scaled. These phenomena are due
to the particular structure of the domain used to produce thebenchmark problems.
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Figure 3.6: Order strength for the various planners (MBLACK BOX in non-enumerativemode).

The first two aspects can be easily explained in terms of the particular structure
of the domain employed for the generation of the benchmark problems. In fact,
the domain in question yields planning problems whose solutions have a structure
which depends strongly on the size of the problem (see figure 3.7). In addition to
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Figure 3.7: Dependency of the order strength on problem sizein the benchmark set.

the plateau effect, the results show that LPG, CPT and FF all tend to produce very
similar solutions, so similar that from the strict point of view of the causal structure
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(i.e., not considering how resources are allocated) the plans are identical. Again, this
is a direct consequence of the “simplicity” (from the planning point of view) of the
domain. Indeed, further experiments show that this does notoccur on more complex
planning problems (such as the planning competition benchmarks), where the three
planners yield solutions with values ofOS that are not as easily comparable. This
observation indicates that the benchmark problems we have considered yield a search
space whose topology points all three heuristics to solutions with the same structural
characteristics. Indeed, the simplicity of the domain is also the reason for the apparent
scaling between the values obtained with BLACK BOX and those obtained with the
other three planners. In fact, experiments on more complex domains do not yield
scaled values ofOS.

However, given that the benchmark set is so regular, it is somewhat unexpected
that BLACK BOX obtains solutions with a different causal structure. Theseresults
seem to emphasize the difference between the SAT-solver based plan extraction mech-
anism and the search procedures employed by the other planners. The fact that the
value ofOS is lower for BLACK BOX than for the other planners confirms the results
obtained in, in which we have shown, by means of a different experimental analysis,
that planning graph based planners tend to produce scheduling problems which are
easier than those produced by planners based on heuristic search (recall thatOS is
an indicator of the hardness of a scheduling problem).

A natural question at this point is the following: how does the enumeration of so-
lutions performed byMBLACK BOX affectOS? Figure 3.8 shows the highest (worst)
and lowest (best) order strength of the multiple solutions obtained byMBLACK -
BOX. An interesting aspect of these results is that the best values ofOS obtained
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by MBLACK BOX are also the first, i.e.,OSmin
πi

= OSπ0
i
,∀i. Recall that with respect

to the quality of resource allocation (RS), we find that exploring different solutions
to the planning problem is advantageous (see figures 3.4 and 3.5 in the previous sec-
tion). Conversely, exploring further solutions does not yield an improvement with
respect to the order strength, which is also increasing (i.e., there exist less different
alternatives to resolve resource conflicts). This is to be expected: increasing the re-
source strength makes the scheduling problems more robust with respect to resource
failures, but decreases the ease with which the scheduler can resolve resource con-
flicts.

3.4 Summary

In this chapter we have continued our analysis of the loosely-coupled integrated P&S
paradigm in the multiple executor context. The results of Chapter 3 have been ex-
tended to take into account actions which use one or more multi-capacity resources.
The measures employed in our experiments are aimed at revealing how different plan-
ning strategies affect both causal and resource-related aspects of the scheduling prob-
lems.

In addition to these measures, we also introduce an enumerative variant of the
BLACK BOX planner (MBLACK BOX) in the component-based architecture. The aim
of MBLACK BOX is to explore also the neighborhood of the solutions obtained with
the BLACK BOX approach. This allows also to study the way causal structureand
resource constrainedness are related.

The results of the experiments confirm and extend the resultsobtained in the re-
stricted case studied in Chapter 2: planners which commit less to specific action or-
derings (such as PG-based strategies) produce plans which are not only more prone to
achieving complete execution within a shorter makespan, but are also easier to opti-
mize. Also, a relation between causal structure and resource-related characteristics is
established. Specifically, it is shown empirically that thetwo aspects of plan quality
are not independent, i.e., achieving higher resource strength (which entails robustness
with respect to resource failures) must necessarily correspond to a decreased optimiz-
ability of the scheduling problem. The following chapter isdedicated to analyzing
these results further from this and other perspectives.
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Chapter 4

Discussion and Conclusions on

Centralized Multi-Agent Planning

The issue of integrating planning and scheduling, and more specifically the loosely-
coupled integration we have employed, stems from the general question of how to
obtain multiple-executor plans which exhibit high degreesof coordination. While a
reasonably large amount of research has been dedicated to integrating P&S[Ghal-
lab and Laruelle, 1994; Muscettola, 1994; Srivastava, 2000; Do and Kambhampati,
2003], few analyses have focused on the nature of the information which is mutually
shared between the two solving components. In this context,we have shown an in-
vestigation into the type of information which can be contributed to scheduling by
planning, focusing on the structure of the causal knowledgethat a scheduling tool
can inherit from STRIPS-based reasoners.

In order to focus on the nature of the shared information rather than the mech-
anism with which this information is exchanged, we have employed a framework
in which an explicit distinction between the causal and time/resource aspects of the
problem is maintained (an architecture which is similar to REALPLAN -MS [Srivas-
tava, 2000]). The aim of this analysis yields two results.

First, we show that HS planners are liable to produce scheduling problems with
longer optimal makespans than those of the PG-derived problems. In this context,
the over-committing nature of HS appears to be counter productive in makespan-
optimization, while PG-based planners have the nice property of never committing to
resource-leveling decisions, thus never invading the decision space of the scheduler.
In fact, “blind” performance-oriented choices made by HS planners correspond to
unilateral resource peak leveling decisions, the uninformed nature of which compro-
mises the optimal makespan of the scheduling problem. Theseuninformed heuristics
also have another effect on the scheduling problem: by introducing the concepts
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of weak and strong inter-thread coupling, we have shown how increasing densities
of these constraints not only determine “wider” makespan distributions among the
schedules, but also make scheduling problems more challenging from a makespan-
optimization point of view.

The second interesting result is obtained by relaxing the single-resource, binary-
capacity and non-dominating duration assumptions made in Chapter 2, and employ-
ing more sophisticated measures of causal and resource-related problem structure.
The two measures taken into consideration are restrictiveness (which is approximated
by order strength,OS) and resource strength (RS). Recall that:

• High OS entails scheduling problems which are more difficult to optimize,
as there are fewer degrees of freedom for the scheduler to resolve resource
conflicts. Conversely, lowOS indicates that the scheduling problem has an
increased number of solutions, i.e., many possible orderings of activities.

• High RS means that resource contention peaks are likely to be rare, meaning
that resources are well- or over-dimensioned for the problem. Dually, lowRS
indicates that resource capacities are critical with respect to the precedences
which constrain action execution.

Overall, the two measures reflect different but related characteristics of the scheduling
problem. As a consequence, both measures must be taken into consideration in order
to describe the quality of the scheduling problem generatedby a particular planning
strategy.

The starting point for the discussion in this chapter is the following. Given
a highly concurrent multi-agent planning problem, i.e., a problem whose solution
should exhibit sophisticated coordination among agents, there exists a tradeoff be-
tween robust coordination plans and the hardness of finding aminimum makespan
execution of these plans. The results obtained in the previous chapter are summa-
rized in figure 4.1. The following sections attempt to provide an in-depth discussion
of these results.

4.1 Planners as Resource Allocators

First, we have observed the characteristics of the various planning strategies on re-
source allocation by analyzing the average resource strength of the scheduling prob-
lems which result from the planning procedure. In this context we have seen how
two of the most representative heuristic search based planners perform poorly with
respect to resource allocation. Conversely, BLACK BOX and LPG, which base the
search space representation on planning graphs, achieve much better results. The
results point to the fact that planning graph based representations retain the intrinsic
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Figure 4.1: Summary of results.

quality of favoring the extraction of plans with a higher degree of load balancing. Du-
ally, the search strategies employed by FF1 and CPT favor the exploration of states
achieved by means of a minimal use of resources for execution. Notice that while
it is true that resource capacities are ignored by the planning phase, the presence of
resources for execution is not. There is no real “reason” fora planner to prefer the use
of many agents rather than the strict amount necessary for causal satisfiability. Our
results show that nonetheless, the planning graph data structure, which is a compact
representation of the entire search space save the states pruned by mutex propagation,
allows planners such as BLACK BOX and LPG to “inadvertently” provide solutions
which make use of a greater number of resources for execution, thus effectively doing
a better job at load balancing.

It is interesting to notice that a further uninformed exploration of the solution

1Notice that FF employs relaxed planning graph propagation to compute the heuristic estimator.

Nonetheless, the heuristic value so obtained represents only an estimate of goal distance, and does not

incorporate any other information derivable from the planning graph representation.
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space achieved with the enumerative SAT-solverMCHAFF improves these results
further. This makes a case for employing an enumerative planner for the purposes
of loosely-coupled P&S, in which it is better to have more “equivalent” scheduling
problems in the presence of invalidating run-time conditions.

4.2 Bias of Planning on Restrictiveness

Our interest in the restrictiveness of the scheduling problems produced by the plan-
ners analyzed in this paper lies in the fact that it represents a way to put a number on
the causal structure of the precedence graph which constitutes the scheduling prob-
lem. Also, measuring the restrictiveness is interesting because this measure quantifies
the degree to which the planner restrains the search space ofthe resulting scheduling
problem. If a planner obtains higher degrees of restrictiveness compared to another
planner on the same problems, then this is an indication thatthe first planner invades
the decision space of the scheduler more than the latter. Ouranalysis has shown
that BLACK BOX retains the capability of guiding its search procedure towards a so-
lution with lower degrees of restrictiveness, thus maintaining a lower commitment
with respect to the subsequent scheduling phase. These result confirm the analysis
performed in the previous chapter, which relied on the assumption that all resources
were binary (C(R) = 1,∀R ∈ R). The use ofOS andRS has allowed us to relax
this assumption.

4.3 Tradeoff Between Robustness and Resource Efficiency

The results obtained by means of the enumerative plannerMBLACK BOX show that
exploring the neighborhood of the first satisfying assignment yields plans with higher
degrees of restrictiveness (higher values ofOS), but also improved performance with
respect to resource capacity limitations (higher values ofRS). Indeed, this does not
come as a surprise. In fact, it is reasonable to expect a tradeoff between these two
characteristics of the completePOPs. On one hand, if the precedences between the
tasks in the scheduling problem allow a high number of valid execution sequences
(i.e., lowOS), then it is reasonable to expect that the only way to safeguard against
solutions which are fragile with respect to resource failures is to obtain a constraint
network with higher restrictiveness in order to exclude these fragile solutions. Du-
ally, it is straightforward to see that in order to increase the number of solutions to a
P&S problem it is necessary to revert to a completePOP which potentially forebodes
more resource contention peaks (lowerRS), but at the same time allows the sched-
uler more degrees of freedom for computing a solution which makes efficient use of
the resources. In the light of these considerations, we can see high restrictiveness
(and resource strength) as a symptom of robustness, while low restrictiveness (which
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entails low resource strength) implies fragility.
It is important to keep in mind that in the context of loosely-coupled P&S,OS and

RS represent characteristics of alternative causal solutions to a given P&S problem
(i.e., alternative scheduling problems). We have shown that it is possible to obtain a
multitude of “equivalent” scheduling problems (using different planners or an enu-
merative planner). If we can choose, within the context of one P&S problem, which
scheduling problem to schedule for, the considerations made above become quite
important. Depending, for instance, on the projected execution scenario, it may by
useful to immediately select the scheduling problem which exhibits the appropriate
tradeoff between (low) restrictiveness and (high) resource strength.

4.4 Planning as Generation of Scheduling Problems

Research in scheduling has reached a level of maturity whichhas enabled it to effec-
tively leap into the industrial realm. Today, scheduling components are employed to
solve real-world problems. Yet it is interesting to notice that in most of these appli-
cations the tasks to be scheduled and the causal constraintsamong them are basically
predetermined. This trend is also present in the research arena, where scheduling
problems have traditionally been generated for performance testing. This we believe
that many interesting applications will require the automated generation of the causal
structure of scheduling problems. This can be straightforwardly recognized as a form
of planning. As a consequence, the first step in this direction is to employ a general
purpose planner to do the job.

As a consequence, the work described in these chapters is also interesting for
the scheduling community. The results described here provide further insight into
the automatic generation of scheduling problem benchmarks. Specifically, the “con-
trol parameters” of scheduling benchmarks generation can be expressed as planning
problems, which may lead to interesting new classes of scheduling problems.

4.5 Conclusions

The work described in chapters 2, 3 and 4 stems from the general question of how
to reason about actions in a multi-agent setting. The problem is addressed from the
centralized point of view, i.e., where the coordination problem is solved centrally
and the resulting plans are executed by multiple agents. This problem is reduced to
extending a strictly causal solver with time and resource reasoning capabilities. In
this context, we focus on a loosely-coupled P&S integration, that is, a framework in
which the output of a classical planner is piped into a scheduler. This approach to
P&S integration is suited for applicative contexts which require scheduling decisions
to occur without the possibility of intervening on the planning decisions, which have
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already taken place and are irrevocable. Notice also that this component-driven ap-
proach is attractive because of its ease of implementation using off-the-shelf general
purpose tools. In this context, the present investigation is aimed at assessing the pros
and cons of different planning strategies within the loosely-coupled framework.

The results we obtain provide an assessment of how suited different planning
strategies are with respect to the structural properties induced by the multi-agent na-
ture of the P&S problems. We show how restrictiveness and resource strength, two
well-known attributes of scheduling problems, provide novel and interesting quality
metrics for plan quality. The results of our benchmarks expose new strengths and
weaknesses of classical planners, which complement commonly accepted criteria for
plan quality such as those employed in the planning competition, and are specifically
relevant to multi-agent planning with resource constraints. We believe that the issues
put forth in these chapters forebode interesting new directions of research for plan-
ning, such as new planning strategies which explicitly takeinto account the measures
described in this paper, as well as investigating other applicable measures for plan
quality.

This chapter ends the discussion on centralized multi-agent planning with re-
sources. The following chapters address the similar problem of multi-agent coordi-
nation from the distributed point of view.



Chapter 5

Multi-Agent Coordination as

Distributed Constraint Reasoning

This chapter begins our discussion on another category of problem solving related
to multi-agent contexts, namely multi-agent coordinationproblems. In the previous
chapter, we addressed the issue of generating plans which were to be enacted by mul-
tiple agents, placing the primary focus on dealing with limited-capacity resources. In
a sense, we were reasoningfor multiple agents, which were seen primarily as execu-
tors of the coordinated action plans that could be obtained through a centralized P&S
deduction.

We now turn our attention to systems composed of multiple agents each tak-
ing decisions autonomously. The coordination problem arising from the fact that an
agent’s decisions can affect those of other agents, thus agents must maintain some
degree of awareness of the results of their actions on other agents. In its most general
sense, multi-agent coordination can be defined asmanaging the interdependencies
between the agents’ decisions. The local decisions taken by multiple agents can be
the result of complex reasoning, such as a planning procedure. Regardless of the
local knowledge and processes by which an agent decides, its choices must also take
into account non-local knowledge, that is, the mutual cost incurred by other agents
given its choices. The extent to which knowledge is distributed among the agents is
the core issue in multi-agent coordination.

As with planning and scheduling, this general multi-agent coordination problem
has been specialized in a number of ways. A complete survey ofmulti-agent co-
ordination is outside the scope of this thesis. Nevertheless, it is worth mentioning
that multi-agent coordination problems have been studied in a variety of applicative
settings. For instance, coordination techniques consisting in plan merging have been
considered in the context of multiagent planning: in[de Weerdt et al., 2003], plan
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merging leverages the ability of agents to share side products of their (locally ob-
tained) plans which can be used as resources by other agents;in [Botelho and Alami,
2000], a set of mobile robots which can autonomously plan paths to reach desired
destinations must coordinate their plans in order to avoid contention (such as floor
space, tight passage ways) and maximize synergies among plans. The algorithms
developed in the above mentioned papers basically constitute interaction protocols
(which agents need to follow) aimed at maximizing the quality of coordination. For
instance, the fact that two path-planning agents both need to enter the same room
entails the presence in both their local plans of the actionsopenDoor(door 1)
andcloseDoor(door 1) . A possible synergistic strategy in this case would be
for one agent to open the door and the other to close it. A formulation of this require-
ment in plan-merging terms would prescribe to merge actionsthat achieve a common
logical goal. This is ana-posteriori solution to the coordination problem, as local
plans have already been generated.

In this and the chapters that follow we are interested in a different formulation of
the coordination problem. There are two distinguishing features, namely that (1) our
approach focuses ona-priori coordination, and (2) we disregard the specific types of
local computation performed by the agents.A-priori coordination consists inbiasing
the resolution of local problems. In the multi-planner casefor instance, this equates to
take into account positive interactions between the agent’s plans during the planning
process itself. Since this involves communicating one’s intentions before committing
to them, it is important to precisely circumscribe the scopewithin which this commu-
nication should occur. Clearly, broadcasting all local decisions is not feasible, while
failing to communicate a decision which affects another agent would again require
ana-posterioriplan merging step.

Secondly, while the above cited works present efficient coordination algorithms
which are specific to the multi-agent planning context (i.e., where agents are all
instantiations of a specific reasoning system), we focus instead on an application-
independent statement of the coordination problem. To thisend, we look at an
emerging field in multi-agent coordination, namelydistributed constraint optimiza-
tion (DCOP). In many applicative contexts it is possible to specify the requirements
of coordinated reasoning as a DCOP problem, and a consistentbody of literature
proposes concrete examples of this reduction. In[Cox et al., 2005], DCOP has been
used to solve multi-agent planning problems similar to those cited above. The reduc-
tion of multi-agent coordination problems to DCOP has been successfully employed
also in a multitude of other applicative contexts[Barrett, 1999; Kitano et al., 1999;
Tambe, 1997; Chalupsky et al., 2001; Calder et al., 1993; Frei and Faltings, 1999]
in which distributed computation and knowledge are key features of the coordination
problem.

As we point out in this chapter, coordination may require resources. For instance,
if multiple agents are coordinating amongst each other the timetable for joint meet-
ings, resource constraints may bound their decisions with respect to room availability
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or time. As we have shown in the previous chapters for multi-agent planning, we will
see that taking into account limited capacity resources forcoordination also ads com-
plexity to the coordination problem. Since we reduce coordination requirements to
a constraint-based formulation, the problem of obtaining resource-feasible coordina-
tion translates into dealing with the constraints imposed by limited capacity resources
in the constraint formulation of the coordination problem.

In order to present our work, we first summarize the basics of the DCOP prob-
lem. We start by introducing its building blocks: the constraint satisfaction problem
(CSP) is summarized, and extended to formalize the constraint optimization problem
(COP), which in turn is extended to take into account distribution. Second, we show
how multi-agent coordination can be reduced to DCOP. We can at this point focus
on the issue of taking into account resource constraints in DCOP-based multi-agent
coordination. This is achieved with ADOPT-N, an algorithm for DCOP which we
present in the next chapter.

5.1 Constraint Satisfaction and Optimization

Informally, a constraint satisfaction problem (CSP)[Tsang, 1993] is composed of a
finite set ofvariables, each associated with a finitedomain, and a set ofconstraints.
The constraints restrict the values that can be taken by the variables simultaneously.
Solving a CSP equates to finding anassignment of values to variablesthat satisfies all
the constraints. More specifically, we define the three elements of a CSP as follows:

• A set ofn variablesV = {v1, . . . , vn}.

• Then finite domains of the variablesD = {D1, . . . ,Dn}.

• A set of constraintsC. A constraint is a pair〈S,R〉, whereS ⊆ V is a set of
variables{vi, . . . , vj}, andR is a set of tuples of values (i.e.,R is a relation).
A constraint〈S,R〉 indicates that the variables inS cannot simultaneously be
assigned the values of any tuple inR.

Constraints restrict the possible assignments of values tovariables: for instance,
〈{v1, v3, v9}, {(2, 2, 0), (1, 2, 0)}〉 means that assigning simultaneouslyv1, v3 and
v9, respectively, to2, 2 and0, or to1, 2 and0 violatesthe constraint. If there exists
no assignment of values to variables such that no constraints are violated, then we
say that the CSP isunsatisfiableor inconsistent.

Many theoretical and real-world problems can be modeled as CSPs. A simple
example of a CSP is the map coloring problem, where the task isto color regions of a
map using a limited set of colors so that no two adjacent regions have the same color.
Supposing the map is composed of 13 regions (figure 5.1), and that we have the colors
red, green and blue available, we define a variable for each region{v1, . . . , v13}. The
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domains of all variables areDi = {red, green,blue}. Finally, the constraints model
the fact that adjacent regions cannot be the same color. For instance, since Oman
(v11) borders with The Emirates (v10) and Yemen (v12), we model the three following
constraints:

〈{v11, v10}, {(red, red), (green, green), (blue,blue)}〉

〈{v11, v12}, {(red, red), (green, green), (blue,blue)}〉

〈{v10, v12}, {(red, red), (green, green), (blue,blue)}〉

A number of approaches can be used to solve CSPs, which typically involve some
form of search. The most used techniques are variants ofbacktracking, constraint
propagationor local search. Backtracking consists in recursively assigning values to
variables. If an assignment of a value to a variable is consistent, a recursive call is
performed on another variable. When all values for a variable have been tried, the
algorithms backtracks. Variants of backtracking include backjumping, where back-
tracking occurs over more than one variable, and constraintlearning, where additional
constraints are inferred and saved to avoid part of the search.

Another important technique for solving CSPs is constraintpropagation. These
techniques basically consist in propagating constraints in order to enforce local con-
sistency of groups of variables. Propagating a constraint equates to reducing the
domains of the variables involved in the constraint in such away that for any as-
signment of one variable there is a consistent assignment ofthe others. Constraint
propagation is useful because it reduces the search space, making the problem easier
to solve by some algorithms.

Finally, local search strategies for constraint satisfaction consist in incomplete1

search procedures which iteratively refine a complete assignment of all the variables.
Such approaches are very popular in particular instances ofCSPs, such as boolean
satisfiability (SAT). A complete picture of solving algorithms is outside the scope of
this manuscript, and the interested reader is referred to[Tsang, 1993] and[Dechter,
2003] for complete coverage on these and other fundamental techniques.

Before concluding, it is important to mention that search techniques can greatly
benefit fromvariable ordering. In its simplest form, variable ordering consists in
defining an order of the variables over which to branch. Different choices for this or-
der entail different search space. In many applications it has been found that branch-
ing on most constrained variables first leads to a search space which is more effi-
ciently explorable. In addition, the ordering of variablesmay be dynamic. In fact,
as more of the search space is explored, an algorithm may gather the necessary in-
formation to infer (thorough constraint propagation) how decisions about variable

1An incomplete algorithm does not guarantee finding a solution even if one exists.
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Figure 5.1: Example map coloring problem.

selection can restrict future search. These strategies areusually referred to aslook-
aheadschemes. As we will see, variable ordering in distributed constraint reasoning
also reflects on the performance of the algorithm, although with a subtle difference.

5.1.1 From Constraint Satisfaction to Constraint Optimization

A constraint optimization problem (COP) can be defined as a CSP in which con-
straints are weighted and the goal is to find a solution maximizing the weight of
satisfied constraints. While constraints in the CSP case evaluate to boolean values,
i.e., satisfied or unsatisfied, in COP the concept of constraints is generalized tofunc-
tions which evaluate tocosts. More specifically, given a set{vi, . . . , vj} ⊆ V of
variables, a constraint is a function
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fvi,...,vj
: Di × . . .×Dj → N ∪∞

wherefvi,...,vj
(d1, . . . , d|{vi,...,vj}|) = c indicates that simultaneously assigning〈vi, . . . , vj〉

to 〈di, . . . , d|{vi,...,vj}|〉 has costc. In other words, in constraint optimization we are
interested in modeling constraints that can be “soft”, while in CSPs all constraints
are “hard”. Notice that we can use constraints as defined in the optimization case
to model CSPs, since a CSP constraint〈S,R〉 is equivalent to the COP constraint
fS(t|t ∈ R) =∞. Thus both hard and soft constraints can be expressed in a COP.

The constraints in a COP define a global cost function, and theaim of solving
a COP is to find an assignment of values to variables that minimizes this cost. For
instance, we can use a COP to model a map coloring problem where the objective
is to color a map so that adjacent regions are colored with colors that are as far
possible on the chromatic spectrum. If the wavelengths of the specific shades of
red, green and blue we can use are, respectively,700nm, 520nm and460nm2, then
we would strongly prefer to avoid adjacent regions being colored in green and blue,
which minimizes the difference in wavelength. With a lighter preference, we would
also like to avoid red-green adjacencies, while red and blueis our first choice to
color bordering regions as it maximizes the difference in wavelength. In the specific
example of the three adjacent regionsv11, v10 andv12, we model the following hard
constraints:

fv11,v10
(red, red) = ∞

fv11,v10
(green, green) = ∞

fv11,v10
(blue,blue) = ∞

fv11,v12
(red, red) = ∞

fv11,v12
(green, green) = ∞

fv11,v12
(blue,blue) = ∞

fv10,v12
(red, red) = ∞

fv10,v12
(green, green) = ∞

fv10,v12
(blue,blue) = ∞

and the following soft constraints:

2nm = nanometers.
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fv11,v10
(green,blue) = 100

fv11,v10
(red, green) = 50

fv11,v12
(green,blue) = 100

fv11,v12
(red, green) = 50

fv10,v12
(green,blue) = 100

fv10,v12
(red, green) = 50

Thus, we are expressing a preference on coloring: it is preferable to color adjacent re-
gions with the red-blue combination (which maximizes the difference in wavelength,
and thus has a cost of zero3). If this is not possible, then we would prefer the red-
green (cost = 50) combination to green-blue (cost = 100).

Notice that, depending on the structure of the map, it may notbe possible to
satisfy our additional preferences on the chromatic difference of adjacent regions. If
this is the case, an optimal solution will have cost greater than zero. If the problem
does not even admit a 3-coloring, then the cost of any solution assignment would be
∞.

While a complete discussion is not in order here, we should mention that a notable
technique for solving COPs isbranch-and-bound (BnB). BnB algorithms exploit the
cost function to prune the search space. Specifically, if a partial assignment entails a
sum of the costs over its instantiated variables which is higher than that of the best
solution found so far, then the branch can be pruned. In a minimization task (i.e., in
the case described in the above definition of COP), this cost is anupper boundfor the
optimal cost of the COP. In order to search more efficiently, BnB algorithms typically
employ bounding functions as heuristics for choosing the variable assignments to
explore. For a bounding function to be admissible, and sinceour task is to minimize
cost, such functions shouldunder-estimatethe cost of extending the current partial
assignment. A variety of bounding functions and variants ofBnB have been studied
in the literature. Again, the interested reader is referredto [Dechter, 2003] for an
introduction to these techniques.

5.2 Centralizedvs Distributed Constraint Reasoning

In the previous paragraphs we have briefly outlined the fundamental building blocks
of constraint reasoning. We can further generalize the CSP/COP framework with

3In COPs, we assume that assignments which are not constrained evaluate to zero.
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respect to the distribution of computational resources. Inorder to describe the dis-
tributed perspective, we go back to the map coloring example, and we assume that
the regions of the maps are autonomous entities who wish todecide individuallywhat
color their region will be on the map. The decision of the various countries are first of
all determined by “local” processes, but the global requirement of coloring adjacent
regions differently, and eventually also adhering to the soft chromatic constraints,
still holds. The fact that the choices of single countries affect other countries entails
the need forcommunication.

The general context of distributed constraint satisfaction or optimization (hence-
forth abbreviated DCSP/DCOP) deals with coordinating the choices of multiple agents.
The key features of DCSP/DCOP are the following:

Agents and variables. Each agent controls one or more variables. It can decide to
assign values only to these variables.

Distributed knowledge. Knowledge of constraints is distributed: each agent knows
only about the constraints which involve its own variables.

Communication. Constraints may involve variables belonging to different agents.
Whenever an agent decides to assign a value to one of its variablesvk, it must
inform the agents controlling variables which are involvedin a constraint with
vk about the decision, and receive feedback from these agents about the conse-
quences of this decision.

In the map coloring example, each country is an agent, and each agent controls one
variable. Turkey (v4) knows that its decisions must be communicated to Syria, Iraq
and Iran (v3, v2 andv1). Clearly, Turkey’s decisions will indirectly affect alsoother
countries, and the challenge of distributed constraint reasoning algorithms is to en-
dow countries with a means to cooperatively solve the distributed map coloring prob-
lem under the assumption of distributed knowledge.

Each agent’s decisions may be the result of some non-triviallocal processing.
The local decision problems may also be constraint satisfaction or optimization prob-
lems, or they may consist of different forms of automated reasoning. In the former
case, the local problems can be modeled directly in the DCSP/DCOP formulation.
This is the most general form of DCSP/DCOP, in which agents control one or more
variables, some of which are also involved in constraints with variables belonging to
other agents. For instance, in the map coloring example, local CSPs could be cast to
model the problem of finding an admissible coloring for different regions inside one
country. In this case, only the variables representing bordering regions of countries
are subject to inter-agent constraints, while the internalones constitute a local CSP
or COP.

In general, a DCOP can be visualized as groups of loosely connected agents (see
figure 5.2), each of which is responsible for solving a local optimization problem,
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Figure 5.2: Three agents forming a DCOP.

and in which the various agents must also communicate their local decisions to other
agents in order to agree upon a global cost-minimizing assignment.

An example in which local decision problems which are of different nature is
the multi-planner scenario described earlier, where planners need to coordinate on
somedecisions made during problem resolution in order to satisfy global coordina-
tion constraints (such as “sharing” mutual goals or avoiding logical conflicts). An
interesting example of multi-planner coordination which is achieved through the use
of distributed constraint reasoning is reported in[Cox et al., 2005]. In this particular
example, the multi-agent plan coordination problem is reduced to a DCOP and solved
with ADOPT.

In the following chapters, we deal with the “pure” coordination problem, i.e., we
disregard the local decision problems employed by the various agents to decide as-
signments. Therefore, we will refer to the terms “variable”and “agent” indifferently.
In this context, we are interested in dealing with coordination problems in which lo-
cal decisions entail the usage of global, limited capacity resources. An extension of
the map coloring example in this direction could be the following. Suppose that col-
ors have different costs, and that an overall budget for publishing the map has been
allocated to the entire Middle-East. As the different countries have different sizes,
the portion of the overall budget a country requires to use a certain color is different.
Thus the choices of the different countries also need to takeinto account this overall
limit on funds. The overall budget can be interpreted as a limited capacity resource,
and countries use different amounts of this resource depending on the assignment
they choose.

How to take into account limited capacity resources for coordination is the key
issue of these chapters. The previous example gives an intuition of the problem,
which is stated more formally in the following section. Specifically, we will see that
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such resource constraints cannot, in general, be modeled explicitly in the DCOP, as
this would entail a DCOP problem formulation which is exponential in the number
of variables.

In summary, DCOP differs from its non-distributed counterpart in that the com-
putation is distributed among several agents, each reasoning upon a local constraint
optimization problem. Every agent is responsible for a number of variables (itslocal
variables). The variables in the optimization problem are bound to each other by con-
straints, which can involve variables belonging to different agents. The fact that an
agent’s local variables are involved in constraints with other agents’ variables leads to
the need for communication, as agents must share information on their own choices
in order to converge on a variable assignment that optimizesthe global cost function
expressed by the valued constraints.

5.2.1 Algorithms

Perhaps the most simple form of distributed constraint reasoning for DCSP/DCOPs is
the following extension of a basic backtracking algorithm.Assume all agents agree
on an order in which to decide an instantiation of their variables. In our example,
each country decides a color which is compatible with the constraints it knows about
and the choices made by the countries preceding it, and then passes on the partial
solution it has received plus its own decision to the next country. For instance, the
Middle-Eastern countries may agree on an alphabetical order: Iran decides first, and
passes its decision on to Iraq, which in turn informs Israel of Iran’s decision as well
as its own, and so on. If an agent cannot find an assignment which does not violate
any constraint, then it must send a “backtracking message” back up the priority chain
in order to induce some other agent to retract its decision. Intuitively, the difference
between this form of backtracking for DCSP and DCOP is in the form of evaluation:
in the former case, an agent chooses an assignment which satisfies all constraints
it knows about, and eventually returns a “no-good” backtracking message if no such
assignment exists; in the latter case, an agent chooses an assignment which minimizes
the total cost evaluation of the constraints it is involved in, and returns a backtracking
message which reports its cost given the partial solution ithas received.

The above algorithm is as trivial as it is inefficient. The source of inefficiency is
twofold. First, there is no reason for which Kuwait (which would receive the partial
solution from Jordan) should need to know the decisions of Israel and Jordan, since
it does no share a constraint with them: the decision of thesetwo countries do not
add to Kuwait’s ability to evaluate the partial solution. Nevertheless, we cannot omit
this information in the partial solution sent to Kuwait, as it is necessary for countries
further down in the lexicographical order, namely Lebanon and Syria. This brings
us to the second source of inefficiency: it would be much more practical for Iran,
Iraq and Saudi Arabia to communicate their decisions directly to Kuwait, so that it
can evaluate their decisions with respect to its constraints immediately and eventually
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inform them if there are any inconsistencies.
The obvious sequential nature of the above example reveals the pitfalls of not

allowing concurrency in multi-agent decision making. The example points to the
fact that agents should be prioritized according to a partial order. A partial ordering
among agents would allow them to receive partial solutions in parallel. This would
enable the agents to evaluate other agents’ decisions concurrently. Also, it is strictly
necessary for agents to communicate their decisions only towards other agents with
whom they share constraints. As a consequence, the partial order should be built
according to the constraints connecting the various agents.

It is important to notice at this point that not all partial orders guarantee complete-
ness. In fact, in order to ensure that no feasible assignments are missed, agents should
be prioritized according to a partial order such thatif two agents are connected by a
constraint, then there must exist an order relation among them. One way of achieving
this is by means of Depth-First Search (DFS) trees. Given a constraint graph, a DFS
tree is computed as follows:

1. Select an unvisited node, visit it, and treat as the current node;

2. Find an unvisited neighbor of the current node, visit it, and make it the new
current node;

3. If the current node has no unvisited neighbors, backtrackto the its parent, and
make that the new current node;

4. Repeat (2) and (3) until no more nodes can be visited.

A DFS tree of the constraint graph of the map coloring exampleis given in figure 5.3.
Notice that if two agentsdo notshare a constraint, then thereneed notbe an ordering
among them (e.g.,v6 andv10 in the example), although in practice the partial ordering
will entail transitive relations among some agents which donot share constraints.

Distributed constraint reasoning algorithms are for the most part variants of back-
tracking procedures. As in the centralized case, variable ordering is an important
aspect of these algorithms because it directly influences the performance of the al-
gorithm. The way this occurs is analogous to the centralizedcase (as we will see
with ADOPT and ADOPT-N). In CSP/COP, the effect of variable ordering can be in-
terpreted in terms of the structure of the search space: choosing to branch over one
variable instead of another may reduce the search space as the effect of assigning
that variable may strongly constrain the choices that can becontemplated for other
variables. Since in DCSP/DCOP variable assignments need tobe communicated, an
effective variable ordering not only contributes to less backtracking, but also to less
communication. In other words, in the centralized case a good algorithm is one that
can minimize the need to backtrack on decisions; in DCSP/DCOP, this translates into
minimizing theneed for communication, since agents need to inform other agents
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Figure 5.3: DFS example.

about their choices. For instance, the example DFS orderingin figure 5.3 entails that
v6, v7 andv8 do not need to exchange messages withv9, v10, v11 andv12.

In the past years, a variety of approaches for distributed constraint optimiza-
tion have been studied, e.g.,[Mailler and Lesser, 2004; Hirayama and Yokoo, 2000;
Liu and Sycara, 1995; Parunak et al., 1997; Modi et al., 2005;Petcu and Faltings,
2005]. These algorithms rely on a partial ordering of variables such as DFS trees,
along which agents communicate value assignments and receive feedback on the cost
of the their choices. Because the distributed setting entails the need for communica-
tion, all of these algorithms aim to minimize the cost of communication. Notice that
communication can be costly due to the number of exchanged messages or due to
their size. Typically, one of these combinatorial cores is factored out: the DPOP algo-
rithm [Petcu and Faltings, 2005] for instance guarantees a linear number of messages
of exponential size in the worst case, while the worst case scenario for ADOPT [Modi
et al., 2005] is an exponential number of linear-sized messages.

Finally, notice that the above map-coloring example is inherently binary, as con-
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straints (whether they are hard or soft) always involve two variables. As mentioned
above, we are interested in taking into account limited capacity resources, such as
a global limited budget. The immediate consequence of this further requirement in
our example is that the choices of non-bordering countries become dependant. Also,
notice that this dependency is not a binary one, as the subsets ofn > 2 countries may
over-consume the budget while no two countries do. As a consequence, the DFS
ordering of agents ceases to be admissible.

None of the approaches mentioned above has been employed to solve multi-agent
problems with limited capacity resources. As we will see in this chapter, taking into
account this feature requires two important enhancements to the DCOP approach.
First, it is necessary to endow the DCOP algorithm with the ability to deal with n-
ary constraints, i.e., constraints withn > 2 variables of the formf : D1 × . . . ×
Dn → N. Secondly (and most importantly), formulating a coordination problem
with limited capacity resources can entail exponentially large problem formulations.
These requirements are met in ADOPT-N, an algorithm for DCOP. The remainder of
this chapter is dedicated to describing these two motivations in detail, and concludes
with an overview of ADOPT [Modi et al., 2005], an algorithm for binary constraint
DCOP upon which we build the ADOPT-N algorithm (presented in detail in the next
chapter).

5.3 Formulating Resource Constraints in DCOP

In order to fully appreciate the issues entailed by taking into account resource con-
straints, we resort to an example: Distributed Resource-Constrained Task Scheduling
(D-RCTS). The D-RCTS problem can be stated as follows. A setA of agents is re-
sponsible for carrying out a set of tasksT . Every task involves one or more agents,
and the participation of an agentA in taskT requires the use of one or more given
resourcesR ∈ R in the amountU(R,A, T ). Each resource has a finite capacity
C(R), and a set of precedence constraintsP among the tasks is given. The prece-
dence constraints are expressed in the formTi ≺ Tj, meaning that taskTi must occur
beforeTj . The aim of the agents is to cooperatively devise an allocation of tasks in
time which (a) is such that an agent only performs one task at atime, (b) satisfies the
given precedence constraints, and (c) is such that the combined resource usage of the
tasks is below the resource capacities at all times. More precisely:

Definition 5.1. A multi-agent resource-constrained task scheduling problem is a tu-

ple 〈T ,A,R, C,F ,U ,P〉 where

• T = {T1, . . . , Tn} is a set oftasks;

• A = {A1, . . . , Am} is a set ofagents;
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• R = {R1, . . . , Rl} is a set of renewableresources;

• C : R → N+ determines thecapacitiesof the resources: givenR ∈ R we

have thatC(R) = c ⇐⇒ the capacity of resourceR is c;

• F : A × T → {0, 1} determineswhich agents are involved in which tasks:

given an agentA ∈ A and a taskT ∈ T we have thatF(A,T ) = 1 ⇐⇒

agentA is required to perform taskT ;

• U : R×A× T → N+ ∪ {0} determines theresource usageattributes of the

tasks: givenR ∈ R, A ∈ A, T ∈ T we have thatU(R,A, T ) = u ⇐⇒

agentA usesu units of resourceR to perform taskT ;

• P is a set ofprecedence constraintsbetween any two tasks: given two tasks

Ti, Tj ∈ T we have thatTi ≺ Tj ⇐⇒ taskTi must occur beforeTj.

A D-RCTS problem can be visualized in the form of a precedencegraph. The
example in figure 5.4 depicts a problem with five agents and sixtasks. The problem
contains only one resource for simplicity (R1) and the notationU(R1, Ai, Tj) = n
denotes that agentAi requiresn units ofR1 to perform taskTj .

U(R1, A4, T3) = 3

U(R1, A3, T3) = 4

T3

T1

U(R1, A2, T2) = 2

T2

U(R1, A3, T2) = 3

U(R1, A1, T5) = 2

U(R1, A4, T5) = 5

T5

U(R1, A2, T4) = 6

T4

U(R1, A1, T1) = 3

U(R1, A5, T6) = 4

T6

Figure 5.4: A simple example consisting of six tasks, five agents and one resource. The edges

represent precedence constraints between tasks.

If we ignore resource constraints, a D-RCTS problem can be formulated as a
binary DCOP as follows. The formulation is described through production rules in
the formP =⇒ Q, whereP is a condition on the elements of the task scheduling
problem andQ represents the elements which are progressively added to the DCOP
formulation. The notationvj

i denotes thej-th variable belonging to agentAi.
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Variables. We model one variable for each agent-task pair. This variable represents
the fact that an agent performs a task. The domain of the variable is the set
of possible instants of time in which the agent can engage in the task (i.e., the
scheduling horizon).

∀(Ai, Tj) ∈ A× T s.t. F(Ai, Tj) = 1 =⇒

V ← vj
i ,D ← Dj

i = {0, 1, . . . , |T | − 1}

Mutex constraints. These constraints model the fact that agents cannot perform
more than one task at a time.

∀(Ti, Tj) ∈ T × T s.t. F(Ak, Ti) = F(Ak, Tj) = 1 =⇒

C ← f
vi

k
,v

j

k

(dm, dm) =∞, ∀dm ∈ Di
k(= Dj

k)

Agreement constraints. These constraints model the fact that agents involved in the
same task must agree to engage in that task at the same time.

∀(Ai, Aj) ∈ A×A s.t. F(Ai, Tk) = F(Aj , Tk) = 1 =⇒
C ← fvk

i ,vk
j
(dm, dn 6=m) =∞ ∀(dm, dn) ∈ Dk

i ×Dk
j

Precedence constraints.These constraints capture the desired precedence relations
among tasks.

∀(Ti ≺ Tj) ∈ P =⇒
C ← f

vi
x,v

j
y
(dm, dn<m) =∞ wherex, y s.t. F(Ax, Ti) = F(Ay , Tj) = 1

Notice that the domain of all variables{0, 1, . . . , |T | − 1} represents the possible
time-points in which the tasks can be scheduled. Because alltasks have unit dura-
tions, the scheduling horizon is set to|T | − 1, which is an upper bound for sched-
ule completion since in the worst case all tasks must be scheduled separately. The
above formulation can be easily extended to encode preferences on task allocation, as
shown for the similar meeting scheduling application described in[Modi and Veloso,
2004]. A solution to the previous example (with no resource constraints) is given in
figure 5.3(a).

In order to take into account limited resource capacities, we also have to model
constraints which guarantee that no assignments which entail over-consumption of
a resource are legal. This, in general, requires the use ofn-ary constraints. For
instance, assuming theC(R1) = 13, the example D-RCTS problem in the figure
above requires the constraintfv2

2,v5
1 ,v6

5
(d, d, d) = ∞, ∀d ∈ {0, 1, . . . , |T | − 1}, as

the concurrent execution of tasksT2, T5 andT6 would require an over-consumption of
the resource. Notice also that no pair of these three tasks entails an over-consumption
of the resource. A resource feasible solution to our exampleis given in figure 5.3(b).
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Time / Agent t = 0 t = 1 t = 2

A1 T1 T5

A2 T2 T4

A3 T3 T2

A4 T3 T5

A5 T6

Profile ofR1 10 16 6

t = 0 t = 1 t = 2

T1 T5

T2 T4

T3 T2
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T6

10 12 10

(a) (b)

Figure 5.5: Two admissible allocations of tasks to time (schedules) for the example above:

capacityC(R1) =∞ (a), andC(R1) = 13 (b).

Remark 5.1. Modeling coordination problems with capacity-bound resources re-
quiresn-ary constraints.

In general, we call a set of activities which can be potentially executed in parallel
requiring an over-consumption of resources acritical set (this is the same notion
we introduced in Chapter 3). A critical set isminimal (henceforth called MCS) if
eliminating any one of its elements we obtain a set which is not critical [Bartusch
et al., 1988; Laborie and Ghallab, 1995; Cesta et al., 1999]. The set{T2, T5, T6} in
the example above is a MCS.

Clearly, we can formulate a D-RCTS as a DCOP problem whose solutions are
guaranteed to be contention free if and only if we model then-ary constraints cor-
responding to all MCSs. Herein lies the problem of using a straightforward DCOP
reduction for solving coordination problems with limited capacity resources. In fact,
MCSs correspond to the minimal over-consuming cliques of a so-called possible in-
tersection graph (PIG)[Laborie and Ghallab, 1995; Laborie, 1995]. A PIG for re-
sourceRk is a graph whose nodes are all tasks which require resourceRk and whose
edges connect tasks which can potentially occur together. Figure 5.6 is the PIG asso-
ciated to the precedence graph of our example. Unfortunately, while finding cliques
on PIGs can be done in polynomial time4, the number of MCSs is, in the worst
case, exponential in the size of the PIG. To see this, notice that the maximal num-
ber of cliques of sizek in a graph ofn nodes is

(

n
k

)

, the maximum value of which
is obtained whenk = n/2. It is clearly possible to construct a problem where the
associated PIG’s minimal over-consuming cliques are all the cliques of sizen/2.
Thanks to Stirling’s approximation ofn! ≈ nn · e−n (valid for n ≫ 1) we obtain
(2n

n

)

= (2n)!
(n!)2

≈ 2n

n2 = O(2n).

4This is because PIGs are weakly triangulated graphs[Hayward, 1985], which are a particular case

of perfect graphs[Berge, 1986].
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T6
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T2

Figure 5.6: A possible intersection graph for the example, and a MCS.

Remark 5.2. Modeling resource constraints in a DCOP formulation is, in general,
unfeasible.

Given that enumerating the MCSs is unfeasible, we need to renounce to modeling
MCSs explicitly in the DCOP formulation. This motivates theresource constraint
propagation feature implemented in ADOPT-N. The impossibility to enumerate the
constraints that guarantee resource-feasible solutions entails that (some) agents need
to know about limited resource capacities and propagate thedecisions made by other
agents with respect to this information.

Notice that the impossibility to enumerate the constraintsthat guarantee resource-
feasible solutions is one possible motivation for the external constraint checking fea-
ture. In general, this feature is useful in contexts where the coordination problem con-
tains constraints which aresemantically differentfrom the constraints in the DCOP
formulation. Limited resource capacities are an example ofsuch constraints, and
the semantic difference between limited resource capacities and the other constraints
which define the coordination problem entails that these constraints cannot be re-
duced to elements of the DCOP formulation, rather they need to be verified by an
external, domain-specific procedure. This distinction exists in problems where pro-
viding an explicit formulation of some features is unnecessary, expensive or impossi-
ble. For instance, this may be the case in multi-agent systems in which some agents
are humans, whose criteria for evaluating the cost of choices made by other agents are
not always easily reducible to explicit constraint formulations. In distributed meeting
scheduling for example, some preferences can straightforwardly be represented as
constraints, while others may derive from factors which arenot contemplated in the
problem formulation but nevertheless need to be taken into consideration. Overall,
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Figure 5.7: DCOP formulation of a multi-agent coordinationproblem and external knowl-

edge.

the capability to dynamically verify external relations isknown asconstraint check-
ing in the non-distributed constraint reasoning literature. Our aim is to bring this
issue to distributed constraint reasoning. This feature isexemplified in figure 5.7,
where each of the three agents in the DCOP is endowed with an additional constraint
checking capabilitycompAi . In general, we are interested in solving DCOPs subject
to external constraint checking requirements. More specifically,

Definition 5.2. Given a DCOP〈V,D,C〉, a constraint checking procedurecomp
takes as input a (partial) assignmentA of values inD to variables inV , and outputs
a cost evaluation ofA.

In general, a coordination problem may require the definition of a setCOMP of con-
straint checking procedures. In practice, a computation (i.e., an input-output pair)
of a procedurecomp is similar to a constraint, and the set of all proceduresCOMP
is akin to the set of constraintsC. Nonetheless, there is a key difference between
the computations ofcomp and constraints, namely that a constraintfvi...vj

is defined
with a specific scope (i.e., the mathematical domainDi × . . . × Dj of the func-
tion), while the scope of the procedure can be arbitrary. In other words, we can use
constraints to express exactly the conditions to which variable assignments should
adhere, while constraint checking procedures can be used only to return the cost of a
givenpartial assignment. Clearly, ifcomp is efficiently computable, then it is possi-
ble to compute all computations in a pre-processing step andto model them explicitly
as constraints in the DCOP formulation〈V,D,C〉. But as we have seen above, this
is not always possible, as for instance in D-RCTS, where performing the necessary
computation in order to model all MCSs as constraints is unfeasible. On the other
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hand, the computational overhead ofone computation, i.e., calculating the cost of
a given partial variable assignment, may be acceptable. In D-RCTS for example, a
variable assignment corresponds to an assignment of tasks to time, and computing
its cost (i.e., determining whether or not this assignment is over-consuming) can be
done in polynomial time.

The issue of external constraint checking is central to manynon-distributed au-
tomated problem solving contexts, such as resource-constrained scheduling. In the
following paragraphs we briefly outline how constraint checking for resource feasi-
bility is carried out in common scheduling algorithms. Works such as the following
have inspired the ADOPT-N algorithm presented in the next chapter.

Finally, it is interesting to mention the work by Bowring andcolleagues[Bowring
et al., 2005] on multi-criteria DCOP. Informally, multi-criteria DCOPsare problems
in which additional criteria are specified along with the DCOP formulation and en-
forced during resolution. The additional criteria are explicitly stated and enforced
by dedicated agents in the distributed reasoning framework. This can be seen as a
constraint checking where the verification procedure is reduced to a table look-up. In
this sense, our aim is more general as we assume that additional criteria cannot be ex-
plicitly modeled. So while it is true that limited resource capacities can be viewed as
“additional criteria” to which distributed resolution must adhere, we show in the next
chapter that dropping assumption that additional criteriais given explicitly affects
the distributed reasoning framework differently. In more practical terms, our aim
is to enhance the ADOPT reasoning framework so as to calculate additional criteria
“on-the-fly”.

5.3.1 Resource Constraint Propagation in Scheduling

Research in scheduling with limited resource capacities[Bartusch et al., 1988; Brucker
et al., 1998] has led to a number of (centralized) CSP-based scheduling techniques.
Given the nature of these problems, which are characterizedby the temporal con-
straints which define the precedence network on one hand, andthe resource con-
tention introduced by capacity limitations on the other, perhaps the most effective
solution strategy has proved to be profile-based scheduling. In very few words, this
resolution strategy is based on the observation that, in theexample above for in-
stance, tasksT2, T5 andT6 constitute a MCS, thus adding a precedence constraint
between any two tasks resolves the conflict (e.g.,T2 ≺ T5). This is a widely
used technique known asprecedence constraint posting[Smith and Cheng, 1993;
Cheng and Smith, 1994; Oddi and Smith, 1997; Cesta et al., 2002]. Given the above
mentioned unfeasibility of enumerating MCSs, a number of approaches have been
developed forsamplingMCSs, such as the linear and quadratic sampling strategies
employed in[Cesta et al., 2002]. In fact, notice that while finding one MCS is easy,
the effects on makespan of posting a constraint entailed by one MCS rather than an-
other may differ. Notice also that constraint posting is a stronger form of deduction
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than constraint checking: constraint checking, provides an admissible pruning of the
search space, i.e., it does not eliminate any solutions; conversely, constraint posting
in scheduling consists in enforcing an additional precedence constraint among two
tasks belonging to an MCS, thus eliminating the cause of resource infeasibility, but
possibly pruning admissible solutions.

As we will see in the next chapter, we focus on constraint checking in ADOPT-N.
In other words, while providing an indication as to “what to do” to solve resource
contention is important in scheduling, our work does not focus on such strategies.
ADOPT-N does not at present post a particular preference on variable assignments
(i.e., it does not react to a resource peak by issuing a possible solution to the peak),
rather it “posts” a cost associated to the verification. Thisis because the distributed
context poses another, more “urgent” issue, namely that of understanding which
agents should be informed of this cost in response to an over-consuming assignment.
As we will see, the scope of the constraint checking procedure (i.e., the agents whose
decisions are relevant in the verification) is a critical factor in the performance of the
algorithm.

For this reason, we use D-RCTS as a running example and evaluation benchmark
for ADOPT-N. The idea we pursue is thus to cast the D-RCTS problem as a DCOP
(according to the formulation given above5) and to employ the constraint checking
capabilities of ADOPT-N to avoid resource conflicts.

5.4 Summary

This chapter has given a brief summary of the distributed multi-agent coordination
setting which is the object of our analysis. Specifically, wehave introduced the no-
tions of CSP, COP and the distributed formulations of these problems. In doing so,
we have attempted to motivate the growing interest in distributed constraint reason-
ing, which we believe to be a promising field for distributed,cooperative problem
solving.

As shown in this chapter, we focus on a specific problem connected to multi-agent
coordination, namely that of taking into account resourcesfor coordination. We have
shown that this additional problem ads complexity to the coordination task because
(1) we must be capable of modelingn-ary constraints in the DCOP formulation, and
(2) we cannot model the additional resource requirements explicitly in the DCOP for-
mulation. As we will see in the following chapter, these requirements are addressed
in ADOPT-N, an enhancement of the recent ADOPTalgorithm for DCOP[Modi et al.,
2005].

5Known as the Events as Variables formulation[Modi and Veloso, 2004].



Chapter 6

Propagating Resource Constraints

in ADOPT-N

In the previous chapter we have shown that not all coordination problems can be re-
duced to instances of DCOP. Specifically, if limited capacity resources are required
for coordination, then the DCOP formulation must modeln-ary constraints. In ad-
dition, the number of thesen-ary constraints can be exponential in the size of the
coordination problem, thus making a complete reduction to DCOP unfeasible. In
other words, it is possible that there exist requirements which are not modelablea-
priori as constraints, but which can be verified efficiently. For this reason, we need
to provide an external, domain-specific procedure to assessthe adherence of partial
solutions to these requirements. While this issue is commonly taken into account in
centralized constraint reasoning architectures (such as CSP-based scheduling), it has
not received any attention in the context of distributed constraint reasoning. In this
chapter we present an asynchronous distributed algorithm for DCOP named ADOPT-
N which takes into account these two requirements. The algorithm is an extension of
ADOPT [Modi et al., 2005], a recent algorithm for binary constraint DCOP.

We have seen in the previous chapter a good example of when some constraints
need to be verified as they cannot be modeled extensionally, namely distributed
resource-constrained task scheduling (D-RCTS): a set of tasks to be allocated over
time is given, as well as a set of (binary) constraints which define desired tempo-
ral relations among the tasks; in addition, all tasks consume a certain quantity of a
given set of resources; the objective is to find an allocationin time of the tasks such
that it never occurs that the resource requirements of the tasks exceed the capacity
of the resources. Limited resource capacities implicitly imply n-ary relations among
the start-times of the tasks. Moreover, a sound formulationof the D-RCTS prob-
lem requires an exponential number ofn-ary constraints to be modeled in the DCOP
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formulation. We therefore need a DCOP framework which can also accommodate
constraint checking procedures.

The capability of verifyingn-ary constraints which ensure resource feasibility
is widely employed in specialized constraint reasoners such as schedulers. Indeed,
non-distributed approaches to resource-constrained scheduling often employ a form
of constraint verification consisting inprecedence constraint posting(see previous
chapter and, e.g.,[Cesta et al., 2002]), precedence constraints are posted between
pairs of tasks such that the excessive resource usage of the resources is gradually
levelled. Our aim is to provide an algorithm which can incorporate such forms of
constraint checking in the distributed setting. Unlike schedulers, ADOPT-N is con-
ceived as a general constraint reasoning framework, thus its aim is to provide a means
to perform constraint checking while retaining the more general characteristic (along
with its pros and cons) of distributed constraint optimization. As a consequence, the
algorithm is “parametric” with respect to the particular domain-specific reasoning
which is responsible for verifying then-ary constraints.

ADOPT is correct and optimal due to the choice of which agents to dedicate to
constraint evaluation and an admissible (partial) variable ordering. Our aim in this
chapter is to maintain these features while (1) incorporating the ability to deal with
n-ary constraints as well as (2) the possibility to augment the algorithm for verifying
external constraints during solving.

In order to complete the necessary background for presenting ADOPT-N, this
chapter begins with a description of the basic functioning of A DOPT [Modi et al.,
2005]. We then address the issue of extending ADOPT’s capabilities to deal with
n-ary constraints under the assumption that all features of the coordination problem
are modeled in the DCOP. We then eliminate this assumption insection 6.3. This
brings us to the implementation of ordering heuristics which ensure completeness
and optimality in the presence of incomplete information onn-ary relations. Finally,
we demonstrate empirically how ADOPT-N’s performance in the resource constraint
propagation setting depends on how much knowledge about then-ary relations that
can arise during resolution can be provided to the algorithm.

6.1 Overview ofADOPT

The ADOPT algorithm proposes a solution to the DCOP which meets three key re-
quirements. First, it allows the agents to optimize a globalfunction in a distributed
fashion using only local communication, that is, agents communicate only with peers
with whom they share a constraint. This characteristic is interesting because it al-
lows for loosely-connected agent sub-communities to carryout computation in par-
allel. The second property of ADOPT is that it allows agents to communicate asyn-
chronously, thus avoiding situations in which agents stay idle while waiting for mes-
sages which may be delayed. Thirdly, the algorithm providesprovable quality guar-
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antees, given that it can operate as an optimal solving algorithm or allowing princi-
pled quality/computation tradeoffs.

The main idea behind ADOPT consists in allowing each agent to backtrack on a
decision whenever it recognizes that another solution may be better. This behavior
implements an “opportunistic” best-first search strategy:whenever an agent receives
information indicating that a different assignment choicefor its variables would lead
to a lower cost, it backtracks on its decision. In other words, during the resolution
process each agent continuously chooses the value assignment which improves the
currently knownlower bound. Notice that lower bounds can be computed without
accumulating global cost information. This lower bound is iteratively refined as other
agents communicate their own cost information.

For simplicity and without loss of generality, in the following description we
assume that each agentAk has only one variable (thus the terms agent and variable
are equivalent). Each variable can be assigned values belonging to its domainDk =
{d0, . . . , dn}.

v1

v2

v4v3

(a)

v3 v4

v2

v1

(b)

VALUE

COST

THRESHOLD

v1

v2

v4v3

(c)

Figure 6.1: Example constraint graph (a), priority tree ordering of the constraint graph (b),

and message sending/receiving in ADOPT (c).

An example constraint graph is shown in figure 6.1(a). The scheme of mes-
sage passing in ADOPT is grounded on the definition of a partial order of priorities.
We will show the details of message passing shortly. The partial order of priori-
ties over which communication occurs consists in a Depth-First Search (DFS) tree.
Each agent is assumed to know the tree before execution. Given the constraint graph
which defines the DCOP, the tree is constructed in such a way that siblings are not
bound by constraints, while constraints can be present between ancestors and descen-
dants. More specifically, the priority tree is constructed iteratively from root to leaves
according to an ordering heuristic, such as most-constrained-first (MCF)[Brélaz,
1979]. Figure 6.1(b) shows the DFS tree resulting from the constraint graph in fig-
ure 6.1(a).

In ADOPT, agents exchange messages along the branches of the DFS tree. Specif-
ically, three types of messages are sent by an agent: VALUE messages, which inform
other agents of the agent’s current decision (value assignment); COST messages,



82 6. Propagating Resource Constraints inADOPT-N

which inform other agents of the cost incurred by the agent given the assignment
choices communicated through the VALUE messages; and THRESHOLD messages,
which are employed by the receiving agents to guide their search. In order to present
the algorithm as clearly as possible, we start by ignoring THRESHOLD messages,
as the algorithm can be understood in through VALUE and COST messages.

The scheme of principle of the ADOPT procedure is shown in algorithm 6.1,
which each agent executes concurrently.

Algorithm 6.1 Simplified pseudo-code of the ADOPT algorithm for variable (agent)vk.
initialize()

forall (di, vj) ∈ Dk× children(vk) do
lb(di, vj)← 0, ub(di, vj)←∞, context(di, vj)← ∅

currentContext← ∅
term← false, parentHasTerminated← false

mainLoop()

while (¬ term)do
d← arg mindi∈Dk

LB(di)

sendMessage(VALUE,d) to descendants(vk)

sendMessage(COST,LB(d), UB(d), currentContext,vk) to parent(vk)

if (LB(d) = UB(d)) ∧ (parentHasTerminated∨ parents(vk) = ∅) then
term← true

sendMessage(TERMINATE, currentContext∪(d, vk)) to children(vk)

when-receive(VALUE,(vj , dj))

currentContext← currentContext∪(vj , dj)

forall (di, vl) ∈ Dk× children(vk) do
if ¬ compatible(context(di, vl), currentContext)then

lb(di, vl)← 0, ub(di, vl)←∞, context(di, vl)← ∅

when-receive(COST,lb, ub, context,vj )
forall (vm, dm) ∈ context s.t.¬ neighbors(vk , vm) do

currentContext← currentContext∪(vm, dm)

forall (di, vl) ∈ Dk × children(vk) do
if ¬ compatible(context(di, vl), currentContext)then

lb(di, vl)← 0, ub(di, vl)←∞, context(di, vl)← ∅

if compatible(context, currentContext)then
lb(d, vj)← lb, ub(d, vj)← ub, context(d, vj)← context(d, vj) ∪ context

when-receive(TERMINATE, context)

currentContext← context, parentHasTerminated← true

The ADOPT algorithm proceeds as follows. For each of its childrenvj, ev-
ery agent maintains the valueslb(di, vj) which corresponds to the lowest cost the
child can achieve for each of the agent’s possible choicesdi ∈ Dk. Similarly, each
agent maintains the maximum costub(di, vj) incurred by its children for its possible
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choices. Since these costs depend also on other agents’ choices, thecontextunder
which the cost is computed is also maintained (context(di, vj)). In addition, every
agent also maintains the structure currentContext, which is a snapshot of the agent’s
current view of other agent’s choices. In order to keep thesevalues consistent, all
agents continuously send messages to and listen for messages from other agents.
Specifically, parents send VALUE messages to their descendants (see figure 6.1(c))
and children send COST messages to their parent. The descendants of a variablevk

are those variables with whichvk is involved in a constraint, and which are lower in
the priority tree (recall that all constraints are binary).The aim of VALUE messages
issued by an agentvk is to inform its descendants of the current choice of variable
assignmentd. Upon reception of a VALUE message, each agent updates its view
of its ancestors’ choices by updating currentContext (i.e., the choice reported in the
VALUE message and the choices reported in all other VALUE messages it has re-
ceived). Agents also continuously send COST messages to their parent, whose aim
is to inform the parent of the minimum and maximum costs entailed by the context
they currently perceive. In order to maintain consistency,these messages also report
the context in which the lower and upper bounds were computed.

The key point in the algorithm is the way agents choose a variable assignment: as
each agent’s currentContext changes, it continuously chooses the assignment which
minimizes its perceivedlower bound. Specifically, this lower bound is the sum of
the agent’s local cost plus the lower bounds reported by its children (through COST
messages), i.e.,LB(di) = localCost(di) + subtreeLB(di) where

localCost(di) =
∑

(vj ,dj)∈currentContext

fvk,vj
(di, dj)

subtreeLB(di) =
∑

vj∈children(vk)

lb(di, vj).

Therefore, at each iteration an agent chooses a value assignment d such thatd =
arg mindi∈Dk

LB(di). The choice is propagated to other agents through VALUE
messages and feedback is obtained through COST messages. Notice that if an agent
is a leaf, thenLB(di) = localCost(di), while if it is the root, thenLB(di) =
subtreeLB(di) (its “local cost” is incorporated by definition in the costs reported
by its children). If the agent has children, thenLB(di) is the lowest cost obtainable
locally plus the costs reported from its childrenunder the assumption of a compati-
ble context. Notice in the algorithm thatlb(di, vj) is always kept consistent, as each
agent re-initializes it when

1. a VALUE message changes the currentContext in such a way that context(di, vj)
for some childvj is no longer consistent,
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2. a COST message reports that a child has a different view of the currentContext
which is in contrast with the agent’s view.

In more intuitive terms, condition one occurs when the conditions under which child
vj reportedlb(di, vj) are no longer valid, and therefore the lower bound can be dis-
carded. Condition two occurs when the context reported by a child indicates a dis-
crepancy between the child’s and the partent’s view of otheragents’ choices, which
indicates that the parent’s knowledge of other children’s lower bounds are no longer
current and can therefore be discarded.

While agents choose assignments based on lower bounds, theymust also maintain
upper bounds for termination. As shown in the algorithm,ub(di, vj) follows the
same maintenance procedure as lower bounds. The overall upper boundUB(di) =
localCost(di) + subtreeUB(di), where

localCost(di) =
∑

(vj ,dj)∈currentContext

fvk,vj
(di, dj)

subtreeUB(di) =
∑

vj∈children(vk)

ub(di, vj),

is used for termination detection. A necessary condition for termination is when
UB(di) = LB(di) for di which minimizes the lower bound. Once an agentvk ascer-
tains this condition, it means that the consequences of the assignment that minimizes
the agent’s lower bound have all been taken into account by the agents in the sub-
tree rootedvk, and thatvk ’s currentContext is consistent with that of all agents in its
subtree. Therefore, the agent’s current choice is optimal with respect to the subtree
of which it is the root, thus its choice can be considered final. This in turn means
that so long as the currentContext does not change, the agentcan stop switching
values, i.e.,UB(di) = LB(di = arg mindi∈Dk

LB(di)) is a necessary condition
for termination. In order to be also sufficient, the agent must know that the cur-
rentContext will not change. This is achieved by special TERMINATE messages
(not shown in figure 6.1(c)). An agent sends a TERMINATE message to its children
when UB(di) = LB(di = arg mindi∈Dk

LB(di)) and a TERMINATE message
has been received from its parent. The only exception is the root agent, for which
theUB(di) = LB(di = arg mindi∈Dk

LB(di)) is both necessary and sufficient for
termination.

So why is ADOPT guaranteed to terminate on optimal assignments? The reason
lies in the fact that any agent’s perception of the lower (upper) bound (i.e., the lower
(upper) bound of the subtree rooted at the agent) is never greater (lower) than the
global optimum computed within its subtree. As a consequence, since all costs are
attached to the context under which they are computed (i.e.,the decisions of the their
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ancestors), when an agent’s lower and upper bounds coincide, it immediately knows
which value assignment is less costly given the decisions taken by the ancestor agents.
In other words:

• an agent has a “complete” picture of the consequences of its decisions with
respect to the agents in its subtree iff its lower and upper bounds coincide in
the current context;

• since the root agent’s lower and upper bounds take into account the costs per-
ceived by all agents, the root agent terminates iff an optimal solution has at
some point been explored.

Given that agents search based on lower bound values, this scheme implements
a best-first search. This is because agents always choose thevariable assignment
that minimizes the sum of local cost and the lower bound reported by their subtree.
Each agent’s lower and upper bounds on global cost (which areprogressively re-
fined) represent the minimum and maximum costs of the subtreerooted at the agent.
As a result, agents take decisions which minimize only a partof the global cost, be-
cause they ignore the cost of their decisions on variables with which they are not
constrained and which are above them in the ordering. This entails that agents may
abandon an assignment which is optimal with respect to the global cost function in
favor of one which minimizes a partial cost. In other words, since agents always
choose values which minimize lower bounds, they may very well abandon a certain
assignment before it is proved to be sub-optimal. The algorithm as we have de-
scribed it here guarantees that these assignments are then re-visited as the agents re-
ceive more information on costs from their subtree (thanks to the context maintaining
mechanism). Nonetheless, many abandoned assignments are indeed revisited often
before sub-optimality is proved, affecting performance significantly. For this reason,
ADOPT also implements a feature which performs an admissible pruning of some of
these assignments (a mechanism akin to constraint propagation). The details of how
this is achieved are not described in algorithm 6.1 as they are irrelevant to then-ary
constraint and resource constraint propagation enhancements we set out to realize.
Nonetheless, it is interesting to point out the key intuition behind this feature, which
is achieved with so-called THRESHOLD messages. The observation underlying this
idea is that whenever an agent knows thatlb is a lower bound for its subtree for a
given currentContext, all lower bounds computed within compatible contexts (i.e.,
until the current context is invalidated) will be higher than lb. Agents thus maintain
a thresholdwhich represents an “allowance” on backtracking. Specifically, an agent
does not backtrack on its decision unless the computed lowerbound of its current
decision increases beyond the threshold. Thresholds are computed by parents and
communicated to their children through THRESHOLD messages. These messages
are an efficient way of providing an admissible pruning for the search space because
they provide a polynomial space parameter which avoids reconstructing abandoned



86 6. Propagating Resource Constraints inADOPT-N

solutions from scratch. The mechanism for maintaining correct thresholds resembles
the waylb(di, vj) andub(di, vj) are kept consistent during the search, the main dif-
ference being that thresholds must be correctly subdividedamong children to ensure
that optimal solutions are not missed. The threshold mechanism remains unaltered in
ADOPT-N, thus we do not dwell on further details of ADOPT, for which the interested
reader is referred to[Modi et al., 2005].

6.2 Optimal Strategies forn-ary Constraints

Let us for now assume that alln-ary constraints are modeled in the DCOP formula-
tion. We will return to the general problem of checking implicit resource constraints
in section 6.3. Our aim here is to understand how ADOPT must be extended to deal
with n-ary constraints which are explicitly stated and knowna-priori.

Since ADOPT COST messages inform agents on the cost of their decisions, we
need to find a strategy for “injecting” messages that inform agents of the additional
cost of assignments which conflict with then-ary constraint. Specifically, the recipi-
ents of these messages need to be the agents controlling the variables involved in the
n-ary constraint. Intuitively, agents would treat these messages like any other COST
message and adjust values appropriately.

In order to maintain correctness and optimality, this approach must deal with sev-
eral issues. One issue which must be dealt with first of all is to identify which agents
should be responsible for evaluating then-ary constraints and generating these cost
messages. Let us suppose that the problem contains ann-ary constraint on the val-
ues of variables in the setV ′ ⊆ V . Only an agent which has knowledge about the
assignments of all variables inV ′ can be a candidate constraint evaluator. However,
the distributed setting is such that no single agent retainsthis knowledge, as knowl-
edge is distributed. Hence, in general, no agent will be ableto compute the cost of
ann-ary constraint. For this reason, we augment the set of agents with what we call
n-agents, whose role is to gather the necessary knowledge forevaluating a particular
n-ary constraint and communicating its added cost given the current assignment. The
role of then-agent forV ′ is to assess the choices made by the other agents on the
variables inV ′ in the light of then-ary constraint. Given thatn-agents must be pro-
vided with knowledge which in general no other agent in the problem possesses, we
start by assuming thatn-agents are additional, dedicated agents who do not partici-
pate in the decision making directly, rather whose role is solely to monitor the choices
made by the other agents controlling relevant variables andinjecting the cost ofn-ary
constraint infringing assignments into the message passing schema. As shown at the
end of this section, this assumption can be relaxed, andn-agents will be designated
among the original agents in the problem.

We augment the set of agents as it is defined in the initial problem formulation as
follows. For eachn-ary constraint on variablesV ′ ⊆ V , ann-agentA′ is included is
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placed in the hierarchy so as to be a descendant of all variables inV ′. This is a nec-
essary condition since then-agent must receive VALUE messages from all relevant
agents in order to gather a complete context. In addition, since then-agents do not
decide assignments, they will never have to send a VALUE message, rather they are
solely responsible for sending COST messages. Overall, then-agents send COST
messages reporting the local cost of the assignment determined by their ancestors,
and if the context indicates that then-ary constraint they are responsible for is not
violated, then a local cost of zero is reported to the parent variable(s). Conversely,
if the n-ary constraint is violated, then the reported cost amountsto the cost of the
n-ary constraint.

The natural place forn-agents in the priority tree is as children of the subtrees
containing the variables inV ′. An example is given in figure 6.2. As we show in the
next paragraphs, the placement of then-agents in the priority tree must be subject to
further restrictions in order to ensure both correctness and optimality.

6.2.1 Where to Placen-agents?

Since the variables inV ′ are placed in the DFS tree according to ADOPT’s ordering
heuristic, the naı̈ve way to includen-agents (henceforth denoted byv′, v′′, . . .) in the
ordering is to append them to the tree as children of those paths from root to leaf
which contain one or more variables inV ′ (see figure 6.2.) However, this approach
leads to two problems, namelydouble counting of costsandassignment masking.
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Figure 6.2: Variable ordering where ann-agent (v′) has multiple parents: the binary con-

straints can be taken into account to generate the priority tree, and thenv′ it accommodated

so as to terminate one path from root to leaf for every variable involved in then-ary constraint

(v2, v3 andv4). However, this variable ordering is not admissible because it entails double

counting of costs and assignment masking.
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Double counting of costs. The first problem occurs because an agent which em-
anates a cost messages towards two distinct branches will entail that the agent at the
root of the subtree where the two branches originate perceives a double cost asso-
ciated to its choice (and the choices of its ancestors). In the example of figure 6.2,
supposev2, v3 andv4 have decided, respectively, 0, 1 and 0 (which violates then-ary
constraint monitored by then-agentv′). If v′ returns a COST message reporting the
cost of the constraint evaluationc, then bothv3 andv4 will incorporate this cost in the
COST messages they eventually send tov2. In turn,v2 will thus perceive a cost of2c
for its subtree, which would artificially increase its lowerboundlb(di) for its current
assignmentdi. This is in contrast with the assumptions underlying the correctness of
ADOPT, since this lower bound is higher than the correct lower bound (which would
contemplate only one count ofc).

One simple way to avoid this problem would be for agentsv3 andv4 to report in
their COST messages only half of the cost obtained fromv′. This would enablev2

to compute a correct lower bound. Nonetheless, this solution would still incur in the
following assignment masking problem.

Assignment masking. Assignment masking occurs because variables pertaining to
distinct subtrees are independent, i.e., it is never necessary for one to change its value
assignment as a result of the value assignment chosen by the other variable. This
property clearly does not hold in the case ofn-ary constraints, the nature of which
makes value assignments of variables in distinct subtrees dependant. Thus, multiple
parents would entail a non-admissible pruning of the searchspace.

An example of this can be seen in the problem shown in figure 6.2. Let the
current assignment be〈v1, v2, v3, v4, v5, v6, v7〉 = 〈0, 0, 1, 0, 0, 0, 0〉. As before,
since this conflicts with then-ary constraintfv2,v3,v4

(0, 1, 0) = c, the n-agentv′

will emanate a COST message tov3 andv4. At this point, both these agents will
associate the costc/2 to the assignment described in their context. Notice though
that v3’s context does not contemplate the value assignment ofv4 and vice-versa.
As a consequence, the lower bound computed byv3 will remain valid also in the
case thatv4 has changed value assignment. This is clearly not correct, since if
v4 changes value, then then-ary constraint is no longer violated. Overall, sup-
posing that the optimal solution to the DCOP is just one such assignment, e.g.,
〈v1, v2, v3, v4, v5, v6, v7〉 = 〈0, 0, 1, 1, 0, 0, 0〉 (which does not violate then-ary con-
straint), then this solution will be “masked” byv3’s lower bound, sincev3 may not,
given this context, switch its value back to1. On the contrary, if an optimal solution
were〈v1, v2, v3, v4, v5, v6, v7〉 = 〈1, 0, 1, 1, 0, 0, 0〉, then this solution would not be
masked since the different value ofv1 (an ancestor ofv3) would changev3’s context
and thus allow the re-initialization of its lower bound.

In summary, we can extend ADOPT to take into accountn-ary constraints by
including n-ary constraint evaluation agents (n-agents) in the DFS tree. The con-
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siderations made above show that in order for ADOPT to correctly take into account
n-ary constraints is to modify the ordering heuristic so as toensure the local serial-
ization of the variables involved in ann-ary constraint. An admissible ordering for
the previous example is shown in figure 6.3. Sincen-agents (v′ in the example) need
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Figure 6.3: Admissible variable ordering, i.e., where the path from root to leaf of then-agent

(v′) contains all variables involved in then-ary constraint.

to be always on a single path from root to leaf containing all the variables involved
in then-ary constraint, it is not necessary to model these variables as distinct from
all other variables in the problem definition. Indeed, then-ary constraint evaluating
functionality of a dedicatedn-agent can be carried out by the agent involved in the
n-ary constraint which has lowest priority (in the example, the functionality ofv′ is
incorporated inv4). Since the complexity of ADOPT is exponential in the number of
variables, this is advantageous in terms of performance as it reduces the overhead for
dealing withn-ary constraints to the computation of an additional component for the
cost. Given a constraint graph withn-ary constraints and an admissible DFS tree, we
henceforth refer to the lowest priority agent in eachn-ary constraint as then-agent
for the constraint.

Overall, given a DCOP withn-ary constraintsCN = {f1, . . . , fm}, we extend
ADOPT as follows:

Algorithm initialization. For eachn-ary constraintfi, designate the lowest priority
agent involved infi as the constraint evaluator (i.e., then-agent for then-
ary constraint). Notice that one agent can be designated constraint evaluator
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for more than onen-ary constraint; we indicate the designatedn-agent for
constraintsS ⊆ CN asvS .

Binary constraint evaluation. All agents evaluate binary constraints for computing
their local cost (as in the original ADOPT algorithm).

n-ary constraint evaluation. n-agents also take into accountn-ary constraints, i.e.,
the local cost ofn-agentvS is:

localCost(di) =
∑

(vj ,dj)∈currentContext

fvk,vj
(di, dj) +

∑

fi∈S

fi(currentContext)

In addition to local serialization, there exists another condition which must be
upheld to ensure correctness, namely thatn-agents should not report costs to their
parentunless they possess a complete contextwith respect to then-ary constraint(s)
they evaluate. To see this, observe the example in figure 6.4,wherev8 is then-agent
for constraintfv1,v2,v4,v8

. Suppose thatv8 has received VALUE messages fromv1

v2

v4

v5

v7

v1

VALUE msgs

v3

v6 v8

fv1,v2,v4,v8

delay

Figure 6.4: n-agentv8 does not receivev4’s VALUE message before emanating a COST

message. This situation may leadv1 to consider the cost of its assignment as independent of

the assignment chosen byv4.

andv2, but not yet fromv4. As a consequence, its current context (i.e.,v8’s view
of other variable assignments higher up in the ordering) is not sufficient to evaluate
then-ary constraintfv1,v2,v4,v8

. Thusv8’s COST message which is eventually prop-
agated up the priority tree will not contemplate the cost incurred by the constraint.
Whenv1 updates its bounds so as to take into account the cost of its subtree, the
context associated to these bounds will contain the value assignment forv1 which
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was reported through the VALUE messagev1 had sent tov8. If v1 has not switched
value, these bounds are thus considered valid byv1. The problem lies in the fact that
this continues to be true independently ofv4’s choice. In fact,v4 could have chosen
an assignment which entails a non-zero evaluation of then-ary constraint, but this
cost is not contemplated in the COST messages sent byv8 simply becausev8 did
not receivev4’s VALUE in time before communicating its COST message. In other
words, theasynchronicityof ADOPTcombined ton-ary constraint evaluation leads to
situations in which contexts attached to COST messages can be considered consistent
even though they are not.

This consideration leads to the following further enhancement of ADOPT, aimed
at avoiding situations in which costs are attached to misleading contexts:

COST messages.An n-agentvS sends COST messages only if its currentContext is
complete with repsect to alln-ary constraints inS.

As a consequence of the considerations made above, we can nowstate the fol-
lowing:

Theorem 6.1.TheADOPTalgorithm for a DCOP〈V,D,C〉whereC containsn-ary

constraints is optimal if and only if

1. everyn-agentvS is on the same path from root to leaf of all variables involved

in the constraintsfi ∈ S, and

2. n-agentvS does not send COST messages so long as its context is incomplete

for some constraint infi ∈ S.

Proof. (⇒) Suppose there exists a variable involved in ann-ary constraintfi ∈

S which is not on the same path from root to leaf ofn-agentvS . We can show

an example (see the assignment masking example above) whichmisses an optimal

assignment. Likewise, if condition (2) is violated, we haveshown an example in

which the cost of ann-ary constraint is unaccounted for.

(⇐) Condition (1) ensures that admissible solutions are never pruned from the

search space, while condition (2) ensures that lower (upper) bounds are never over-

(under-)estimated. As a consequence, the only difference in behavior between the

n-ary and binary constraint cases is that COST messages emanated byn-agents may

be delayed. This condition does not affect termination since eventually we assume

that everyn-agent will receive all the relevant VALUE messages from itsancestors

(i.e., as in the original binary case, we assume that messages are never lost).
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All together, the above enhancements to the ADOPT algorithm are implemented
in ADOPT-N. As shown, a key requirement is that variables involved inan n-ary
constraint are on a single path. In general, this may contrast with the efficiency of
variable ordering, which is extremely influential in the performance of the algorithm.
This issue is the focus of the next section.

6.2.2 Admissible Ordering Meta-Heuristics

Since variable ordering greatly affects the efficiency of the algorithm, a key require-
ment is to maintain the ordering as unaltered as possible while guaranteeing the local
serialization of variables involved inn-ary constraints. To this end, ADOPT-N im-
plements two variable ordering strategies which take into account a given ordering
heuristic while maintaining these constraints. These meta-heuristics are aimed at
guaranteeing the serialization of variables involved in ann-ary constraint while in-
terfering as little as possible with a given variable ordering heuristic.

Let h be a given variable (agent) ordering heuristic, and〈V,D,CB ∪ CN 〉 be a
DCOP whereCB are binary constraints andCN aren-ary constraints. ADOPT-N
implements the locally-serializing meta-heuristic shownin algorithm 6.2 (see also
figure 6.5, top), whose input ish, V , CB andCN , and whose output is a priority
tree ordering of the variables. Notice that step (1a) guarantees local serialization of
variables involved inn-ary constraints.

Algorithm 6.2 Meta-heuristic localSerialization (h, V , CB, CN ) : priorityTree

1. Recursively choose as next successor (root at first iteration) the variablev returned byh.

1a. If v ∈ S for some S ∈ CN , choose as next successor another variable inS and

repeat point (1a) until all variables in S have been placed.

1b. Otherwise, ifv is not linked to its predecessor, branch off the lowest-priority already

chosen variable that is, and repeat point (1).

2. For each constraintfS ∈ CN , designate asn-agentvS the lowest priority variable inS.

The above locally-serializing procedure achieves the goalof avoiding double count-
ing of costs and solution masking, thus ensuring correctness and optimality. More-
over, the locally-serializing procedure capitalizes on the problem partitioning by af-
fecting the depth of the tree only as much as then-ary constraints require. As shown
in [Modi et al., 2005], the strategy of prioritizing variables according to treesthat
are as shallow as possible pays off in terms of computationaloverhead, since the
assignments of variables in distinct subtrees do not affecteach other. Nonetheless,
notice that point (1a), which ensures the local serialization of variables involved in
n-ary constraints, inevitably alters the order of the variables as it is determined by the
ordering heuristich.
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An alternative strategy is to forefit partial ordering in favor of maintaining the
benefits of the ordering heuristic. We therefore implement also a globally-serializing
meta-heuristic, which works as shown in algorithm 6.3 (see also figure 6.5, bot-
tom), where step (2) guarantees local serialization of variables involved inn-ary
constraints.

Algorithm 6.3 Meta-heuristic globalSerialization (h, V , CB, CN ) : priorityTree

1. Recursively choose as next successor (root at first iteration) the variablev returned byh.

1a. Ifv is not linked to its predecessor, branch off the lowest-priority already chosen variable

that is, and repeat point (1).

2. Obtain a priority chain according to a depth-first visit of the priority tree.

3. For each constraintfS ∈ CN , designate asn-agentvS the lowest priority variable inS.

The locally-serializing strategy adopts a conservative approach to serialization, but
it compromises the quality of the relative ordering betweenvariables; conversely,
the globally-serializing procedure completely forfeits the capability to minimize the
interaction between agents during the solving process, butit maintains the ordering
heuristic intact. The advantage of using one strategy rather than the other depends
largely on the structural characteristics of the constraint graph. Specifically, a prob-
lem in which many variables are involved inn-ary constraints will more likely benefit
from the globally-serializing procedure, while one in which few and low-arityn-ary
constraints are present will lead to small amounts of local serialization, thus allowing
ADOPT-N to take full advantage of the partial DFS tree ordering.

To conclude, we note thatn-ary constraints have been used in[Bowring et al.,
2005] to enforce additional criteria in multi-criteria DCOP. Theproposed mechanism
is grounded on similar intuitions in that it too guarantees correctness and optimality
by placing variables involved inn-ary relations on single paths from root to leaf. The
principal differences with the present work are that the above cited work does not
focus onn-ary constraints other than no-goods, and that ADOPT-N is also conceived
with the goal of enforcingn-ary relations which are not explicitly modeled in the
DCOP formulation. We now turn our attention to this latter functionality.

6.3 Verifying External n-ary Constraints

So far we have seen how to incorporaten-ary constraint reasoning capabilities within
the ADOPT framework. The key issues when it comes to dealing with a constraint
with arity > 2 are (1) to enforce the serialization of (at least) the variables involved in
the constraint, and (2) to allow the correspondingn-agent to evaluate the constraint
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Figure 6.5: Priority tree ordering in ADOPT-N for a problem containing twon-ary constraints

involving, respectively,{v2, v3, v4} and{v1, v5}. The locally-serialized strategy (top) seri-

alizes the DFS tree only as much as then-ary constraints require, while global serialization

yields a priority chain (bottom).

only when it has a complete context with respect to the variables involved in the con-
straint. Overall, the enhancements made to ADOPT yield ADOPT-N, a framework for
optimally solving a DCOP〈V,D,C〉. Our aim now is to employ this framework to
obtain optimal solutions to problems where constraints canarise dynamically during
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computation, i.e., we wish to take into account the externalconstraint checking pro-
cedurecomp which defines the non-modelable features of the coordination problem
(recall definition 5.2).

As seen in the previous chapter, the need for constraint checking is motivated by
the impossibility in some domains of stating the full set of constraints in the DCOP
formulation, e.g., resource constraints in distributed resource constrained scheduling.
Since we cannot model some aspects of the coordination problem explicitly, the best
we can do is to endow some of the ADOPT-N agents with the ability to access a pro-
cedurecomp to evaluate the cost of the current assignment in the light ofthe external
criteria. Assuming a D-RCTS problem with one resourceR, this means providing
at least an agentv with the procedure shown in algorithm 6.4, which evaluates par-
tial assignments of tasks to time-points, assessing whether the current assignment is
over-consuming or not. This can clearly be seen as enforcingan n-ary constraint
which arises during solving, the presence of which is establishedas a consequence
of the current assignment.

Algorithm 6.4 ProcedurecompR
D−RCTS ( assignmentA ) : integer

forall t ∈ {0, . . . , |T |} do
usage← 0

forall (vj
i , d) ∈ A s.t. d = t do

usage← usage +U(R, i, j)

if usage> C(R) then
return ∞

return 0

Again, as withn-ary constraints that are knowna-priori, we must ensure that

• all variables involved in a constraint checking computation are on one path
from root to leaf, and

• the cost returned bycomp is evaluated and communicated up the tree by the
lowest priority variable among those involved in the computation.

We henceforth refer to an agent responsible for evaluating assignments through a
constraint checking procedure as acomp-agent. comp-agents must be arranged in
the DFS tree so as to ensure the above requirements, and theirrole is similar to that
of n-agents. Notice though that while the designation of ann-agentvS in the DFS
tree is determined by the scope of the constraints inS, an agent must be designated as
comp-agent in function of thepossibleassignments it will process. For example, in a
D-RCTS problem with one resourceR, we wish to designate one of the agents in the
DCOP for evaluating partial assignments according to the procedurecompD−RCTS

shown above. In order to ensure correctness, all variables that are contemplated in the
assignmentA given as input to the procedure need to be on the same path fromroot
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to thecomp agent. If we assume that all variables in the DCOP need to be involved
in the constraint checking, then we clearly need to enforce aglobal serialization of
the DFS ordering, and designate ascomp-agent the last agent of the chain.

Therefore, in order to ensure correctness, it is necessary to bound the scope of
the assignments which can be evaluated by acomp-agent. To this end, we employ
the notion ofcritical sets:

Definition 6.1. Given a problem〈V,D,C,COMP〉, we define acritical setVi ⊆ V
for each procedurecompi ∈ COMP such thatVi are all and only the variables
whose assignments are evaluated bycompi.

In other words, a critical set bounds the input of the constraint checking procedures
— thus a critical set is an over-estimation of the possible variables that may be in-
volved in a constraint. These bounds on the input of the procedures are necessary
because we need to ensure that everycomp-agentvcompi

is the last agent on the sin-
gle path which contains the variables whose assignments arecontemplated incompi.
As a consequence, the general strategy to incorporate external constraint checking
procedures is as follows:

• formulate the DCOP〈V,D,C〉;

• define the constraint checking proceduresCOMP;

• for eachcompi ∈ COMP define the critical setVi ⊆ V ;

• obtain a DFS ordering in which

– all variables of ann-ary constraintfS are on one path from root to their
n-agentvS, and

– all variables in a critical setVi are on one path from root to theircomp-
agentvcompi

.

Given a DCOP, a set of external procedures{comp1, . . . , compm} and a set of
critical sets{V1, . . . , Vm} which bound the input of the procedures, we can now
extend the ordering meta-heuristics to take into account the single-path requirement
also for the variables in the critical sets. We thus restate the localSerialization() meta-
heuristic as shown in algorithm 6.5, where the steps in boldface take into account the
placement ofcomp-agents according to the single-path requirement. Similarly, we
extend the globalSerialization() meta-heuristic as shownin algorithm 6.6.

6.3.1 Using Domain Knowledge to Define Critical Sets

In the previous paragraphs we have described a general approach for taking into
accountn-ary constraints which are not computable at the time of problem specifi-
cation, but which can be verified efficiently through the use of constraint checking
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Algorithm 6.5 Meta-heuristic localSerialization (h, V , CB, CN , VC ) : priorityTree

1. Recursively choose as next successor (root at first iteration) the variablev returned byh.

1a. If v ∈ S for someS ∈ CN , choose as next successor another variable inS and repeat

point (1a) until all variables inS have been placed.

1b. If v ∈ V ′ for someV ′ ∈ VC , choose as next successor another variable inVC and

repeat point (1a) until all variables in VC have been placed.

1c. Otherwise, ifv is not linked to its predecessor, branch off the lowest-priority already

chosen variable that is, and repeat point (1).

2. For each constraintfS ∈ CN , designate asn-agentvS the lowest priority variable inS.

3. For each critical setV ′ ∈ VC , designate ascomp-agentv
compV ′ the lowest priority variable

in V ′.

Algorithm 6.6 Meta-heuristic globalSerialization (h, V , CB, CN , VC ) : priorityTree

1. Recursively choose as next successor (root at first iteration) the variablev returned byh.

1a. Ifv is not linked to its predecessor, branch off the lowest-priority already chosen variable

that is, and repeat point (1).

2. Obtain a priority chain according to a depth-first visit ofthe priority tree.

3. For each constraintfS ∈ CN , designate asn-agentvS the lowest priority variable inS.

4. For each critical setV ′ ∈ VC , designate ascomp-agentv
compV ′ the lowest priority variable

in V ′.

procedures. To this end, we have granted access to these procedures to a subset of the
agents in the ADOPT-N reasoning framework, which we refer to ascomp-agents in
virtue of their additional constraint verification capabilities. As we have seen, in or-
der to correctly enforce the result of constraint checking procedures we must further
bias the priority ordering pre-processing step so as to takeinto account critical sets,
which represent bounds on the assignments evaluated by the procedures implemented
in thecomp-agents.

Clearly, critical sets need to be deduced from the specific application domain.
Let us go back to the D-RCTS problem with resourcesR. A trivial way to enforce
resource constraints is to provide one agent with the ability to assess whether the
current assignment of all variables in the DCOP entails the over-consumption of a
resource. This clearly implies that all variables need to beon a single path, and that
thecomp-agent needs to have lowest priority. But we can do better if we endow|R|
comp-agents with the ability to perform the evaluation shown in algorithm 6.4, which
assesses if an assignment of variables entails a consumption greater thanC(R) of
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resourceR ∈ R. The scope of the evaluationcompR
D−RCTS is bounded by the critical

setV R
D−RCTS = {vj

i ∈ V s.t. U(R, i, j) 6= 0}, i.e., only the variables representing
agent-task pairs which actually employ the resourceR should be contemplated in
the assignmentA which is evaluated. We thus partition the variables inV into |R|
(possibly overlapping) critical sets. This avoids the needto serialize variables which
represent the usage of distinct resources and would otherwise be independent.

Clearly, if we assume absolutely no knowledge on then-ary relations which can
arise, then we are in the worst situation possible, as a single critical set nullifies
the advantage of using a locally-serializing strategy. Although modeling a critical set
(i.e., a separate constraint checking procedure) for each resource largely improves the
singlecomp-agent approach, it is possible to further leverage domain-related infor-
mation. In general, critical sets can be designed to bound the scope of the constraint
checking procedures to various degrees of precision. Many domains offer some in-
sight as to wheren-ary relations may arise. In D-RCTS for instance, we will show
a procedure to single out critical sets more precisely by taking into account also the
precedence constraints in the D-RCTS problem.

In general, we can envisage more or less precise domain-specific strategies for
determining the critical sets. This concept is exemplified in figure 6.6: (a) shows
a situation in which we bound the scope of the constraint checking procedure with
one large critical set; in (b), we depict the situation wherecritical sets are stated
more precisely than in situation (a). This entails a lower impact of the constraint
checking requirements on the priority ordering of the agents: in (a), all constraint
verification is carried out byv9, therefore the agent ordering must be a priority chain;
in (b), constraint verification is split into two procedurescompV ′

b
andcompV ′′

b
, which

are bounded by the critical setsV ′
b andV ′′

b . Case (b) entails two advantages with
respect to case (a). First, the separation of the two procedures allows to keep the
sets of variables{v4, v5} and{v6, v7, v8, v9, v10} independent, which translates into
a benefit if we employ a locally-serializing heuristic. In addition, notice thatV ′

b ∪
V ′′

b ⊂ Va, i.e., the two critical sets in (b) bound the input of constraint checking
more precisely than in case (a). This has a beneficial effect also in globally serialized
orderings, sincecomp-agents can be placed higher up in the priority.

Overall, the precision of critical sets reflects on how many and wherecomp-
agents are placed in the priority ordering, both in case of local and global serializa-
tion. Specifically, the more the critical sets single out precisely then-ary relations
that can occur, the more the locally-serializing ordering strategy can produce shal-
low DFS trees. Thus, the amount of knowledge given on then-ary relations (i.e.,
the precision of the critical sets) affects the performanceof the algorithm in that less
knowledge tends to curtail the branching factor of the DFS tree, while more precise
knowledge imposes less local serializations. Moreover, both in the case of local and
global serialization, smaller critical sets will allow to designate ascomp-agents vari-
ables which are potentially higher in the hierarchy. The placement ofcomp-agents
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Figure 6.6: In (b) we depict the situation where critical sets are stated more precisely than

in situation (a). This entails a lower impact of the constraint checking requirements on the

priority ordering of the agents, both in local (L) and global(G) serialization.

higher in the priority tree (or chain) entails that the costsincurred by external verifica-
tion are propagated to fewer agents, thus resulting in better performance. The overall
positive effect of critical sets which are as close as possible to being minimal is con-
firmed by the experimental evaluation in the following section, in which we compare
two alternative strategies for building the critical sets in the D-RCTS domain, one in
which domain knowledge is used more proficiently in order to minimize the size of
the critical sets, and one in which the critical sets are built more “coarsely”.
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6.4 EvaluatingADOPT-N: Two Benchmarks

We conclude this chapter with an experimental evaluation ofADOPT-N on two, rather
different benchmarks. The first evaluation is performed on asuite of D-RCTS prob-
lems. This evaluation is aimed at assessing the effectiveness of the ADOPT-N ap-
proach on the problem category (resource-constrained scheduling) which originally
inspired the development ofn-ary constraint reasoning and constraint checking pro-
cedures for the ADOPT algorithm. In addition to this real-world inspired domain,a
Solitaire Battleships (SB) benchmark is analyzed. The aim of the SB evaluation is
to show how the features which are particular to ADOPT-N are useful (indeed, nec-
essary) to model and solve a different category of problems.SB is a challenging
collection of difficult puzzle-like problems which can be modeled naturally in terms
of n-ary constraints and external constraint checking procedures.

The following section describes the methodology and results on the D-RCTS
benchmark, while section 6.6 is dedicated to formulating and analyzing the results of
the SB benchmark.

6.5 The D-RCTS Benchmark

The D-RCTS problem benchmark on which the following experiments were car-
ried out is drawn from a publicly available[Schwindt, 2006] benchmark of Re-
source Constrained Project Scheduling Problems with single mode project duration
(RCPSP/max). RCPSP/max problems consist in a setACT of activities, each with
non-unit duration, a set of minimum time lagsPmin, a set of maximum time lags
Pmax, and a set of capacity-bound resourcesR. Each activityActj requires one or
more resources for execution in the amountU(Rk, Actj). A minimum time lag oft
between two activities expresses the fact that one activitymust begin at leastt time
units after the other, while a maximum time lag represents the fact that an activity
must begin at mostt time units after the beginning of the other.

The J10 problem set, which consist of project scheduling problems with ten ac-
tivities, was employed to obtain the instances of the D-RCTSbenchmark used in
this experimental evaluation of ADOPT-N. Notice that RCPSP/max instances model
a more general category of scheduling problems than simple (non-distributed) re-
source-constrained task scheduling. In fact, the D-RCTS problems were obtained in
two steps. First, a non-distributed (RCTS) benchmark was obtained by ignoring the
duration and maximum time lag information in the RCPSP/max instances. Second,
agent-specific attributes were added to obtain D-RCTS problems. A random number
of agents was assigned randomly to the tasks such that each task was executed by at
least one agent. More specifically, our D-RCTS benchmark wasobtained by applying
the following procedure on 270 RCPSP/max problem instances:



6.5. The D-RCTS Benchmark 101

Tasks. A task in the D-RCTS problem for each activity in the RCPSP/max problem:
T = ACT RCPSP

Precedence constraints.The maximum time lags in the RCPSP/max problem were
ignored, and the minimum time lags were considered as simpleprecedence
constraints:
{Ti ≺ Tj} ∈ P ⇐⇒ {Acti

·
−→ Actj} ∈ P

RCPSP
min

Resources.A resource in the D-RCTS problem for each resource in the RCPSP/max
problem:
R = RRCPSP, C = CRCPSP

Agents. The agent to task mappingF : A×T → {0, 1} was determined as follows:
a random numbern ≤ 10 of agents for the D-RCTS problem was decided, and
the agents were randomly assigned to the tasks such that eachtask is executed
by at least one agent.

Resource usage.In the original RCPSP/max problem the resource capacities were
established according to the usage of the activitiesActi, while in the D-RCTS
problem multiple agents contribute to performing a task. Therefore, in order
to maintain problem feasibility, the resource usage attributes in the D-RCTS
problem were set to be fractions of the resource usage of the corresponding ac-
tivities in the RCPSP/max problem. Specifically, for each agentAi performing
taskTj , the usage of resourceRk was set to:

U(Rk, Ai, Tj) =
URCPSP(Rk ,Actj)

P

i

F(Ai,Tj)

Our aim in this evaluation is to observe the performance of ADOPT-N in the
presence ofcomp-agents for averting resource contention. Therefore, critical sets
represent a collection of variables whose concurrent assignment to the same value
(i.e., tasks that occur at the same time) can potentially entail a resource peak. Notice
that the size of a critical set is an upper bound on the arity ofthen-ary relation, since
it groups those variables which togethermayentail produce a resource peak. As a
consequence, the evaluating agents (one for every criticalsetVi) will evaluaten-ary
relations whose arity isat most|Vi|.

As shown in the previous section, critical sets in general bound the scope of a col-
lection of constraints which are represented intensionally, and their evaluation occurs
by means of a collateral, domain-specific analysiscomp of the current assignment.
The domain-specific behavior of ADOPT-N’s comp-agents is adapted to perform the
evaluation of variable assignments on the basis of the resource-related information
in the problem definition (i.e.,R, C andU .) More specifically, at each iteration, the
evaluating agents (one for each critical set) calculate theresource usage profile of the
(partial) assignment they see in their context. If the combined usage of a resource on
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behalf of variables which are assigned to the same value (tasks which occur in the
same time slot) exceeds its capacity, then the cost reportedby the evaluating agent
to its parent amounts to the amount of excess usage of the resource; otherwise, the
normal cost of the assignment is reported (i.e., non-ary constraint is violated, and
the cost is computed normally.) This mechanism ensures thatan optimal solution
will be one in which the amount of excess resource usage (if any) is minimized. In
the benchmark employed for the experiments, there exists for all problems at least
one resource-feasible solution (i.e., no excess resource usage), thus the cost of the
optimal solution is always zero.

6.5.1 Critical Sets for D-RCTS

While all variables (tasks) in a critical set can potentially together request an amount
which is greater than the capacity of a resource, there are other factors in the prob-
lem which restrict this set of variables. In D-RCTS, these factors are the precedence
constraints which define the temporal sub-problem. For instance, in the example in
figure 5.4, the critical set{T3, T4, T5} is “less precise” than{T4, T5}, because the
precedence constraintT3 ≺ T4 entails thatT3 andT4 (or T3 andT5) will not be as-
signed the same value in a valid partial solution. It is therefore “useless” to include
the variables representingT3 in the critical set, sinceT3 cannot possibly participate
in a resource peak together withT4 andT5. The more precisely the implicit threats to
resource capacity limitations are singled out in the definition of the critical sets, the
smaller the sets of variables which we have to serialize becomes. In other words, the
more knowledge is available on the potentialn-ary constraints, the more ADOPT-N
can benefit from the problem partitioning defined by the DFS tree. Notice that abso-
lute precision is not obtainable, as this would equate to finding all minimal critical
sets (MCSs).

The critical sets were defined through the following two alternative strategies.
Specifically, the two strategies differ in how close the critical sets are to being mini-
mal:

Same Resource (SR).The SR strategy consists in creating onecomp-agent for ev-
ery resource. The critical set which bounds the scope of variables involved in
each constraint checking procedure contains all variableswhich use that re-
source. Notice that the critical sets can overlap since tasks can use more than
one resource. This strategy yields a very coarse characterization of then-ary
relations, since it characterizes as critical all groups ofvariables which use the
same resource, disregarding completely the presence of theprecedence con-
straints.

Resource Peak Analysis (RPA).RPA allows to evaluate the resource usage param-
eters in the light of the precedence graph. Recall (section 5.3) that MCSs cor-
respond to the minimal over-consuming cliques of the possible intersection



6.5. The D-RCTS Benchmark 103

graphs (PIGs). Given a precedence graph, we compute a PIGk for each re-
sourceRk. Our aim is to make sure constraint checking is performed on all
sets of variables which can potentially contribute to over-consumption. For
each resourceRk, these sets are the maximal cliques of PIGk (while MCSs are
the minimal over-consuming cliques of the PIG). Thus we define a constraint
checking procedure for each maximal clique in PIGk.

The RPA strategy for determining the critical sets is clearly more precise than the SR
strategy, since it curtails the size of the critical sets by taking into consideration also
the precedence constraints in the D-RCTS problem.

Given its higher precision, we expect to obtain better results with the RPA strat-
egy. Indeed, the higher precision of the RPA strategy is confirmed by the average
arity of then-ary relations (i.e., the size of the critical sets) determined by employ-
ing the two strategies on the 270 D-RCTS problems in the benchmark. Specifically,
for SR the average size of the critical sets is 9.8 variables,versus an average of 8.3
variables per critical set for RPA.

6.5.2 Experiments

In this section, we detail the experiments carried out on the270 D-RCTS bench-
mark problems obtained from the J10 RCPSP/max problem set. Specifically, we
vary three parameters: (1) locally- and globally-serializing variable ordering, (2) the
procedure for generating critical sets (SR or RPA), and (3) the constrainedness of the
capacity limitations of the resources. The heuristich employed in the localSerial-
ization() and globalSerialization() procedures is the most-constrained-first heuristic
(MCF) [Brélaz, 1979].

Locally-serializing variable ordering. The 270 D-RCTS problem instances were
solved in the following three settings. First, a relaxed version of the D-RCTS prob-
lems was solved. These problems consist in the DCOP formulations of the J10 prob-
lems ignoring the resource-related information (R, C andU ), and thus are charac-
terized by only agreement, precedence and mutex constraints1. We henceforth refer
to these problems asbase problems. Second, the complete D-RCTS problems were
solved using ADOPT-N and the critical set generating strategy SR. Third, the com-
plete D-RCTS problems were solved using ADOPT-N and the critical set generating
strategy RPA.

Figure 6.7 shows the percentage of solved problems and the average solving time
of the three solver settings. As demonstrated by the lower number of solved problems
and the higher solving times, the resource constrained variants of the base problems

1Notice that using ADOPT-N with a locally-serialized ordering and non-ary constraints or constraint

checking procedures is equivalent to the original ADOPT algorithm.
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constitute more difficult instances. Clearly, this is due tothe fact that resource capac-
ity limitations invalidate the assignments which would constitute an optimal solution
in the base problem. Indeed, the optimal solutions for the resource constrained prob-
lems often correspond to sub-optimal assignments for the base problem, because the
capacity limitations in the resource constrained setting invalidate all solutions which
would otherwise be optimal.

While the higher complexity of resource constrained problems does not come as
a surprise, it is interesting to analyze the performance of ADOPT-N given the two
different critical set generating procedures. As shown in figure 6.7, the discrepancy
between RPA and SR does not follow the intuition that a more profitable procedure
for collecting the critical sets pays off in terms of performance. Indeed, the less
sophisticated SR strategy has a slight advantage with respect to both the percentage
of solved problems and solving time. The reason for this behavior can be found in the
following observation: a gain in tree depth comes at the costof subverting the relative
ordering of the variables. In fact, the localSerialization() procedure deeply subverts
the choices made byh, since it biases its choices every time a variable belongingto
a critical set is encountered. Moreover, smaller critical sets are more likely to bias
this choice than larger ones, becauseh is forced to choose among a smaller range of
variables. As a consequence, while it is true that RPA achieves smaller critical sets,
its effect on the original ordering heuristich are more severe.

This fact is also combined to the relatively low gain in branching factor achieved
with the RPA strategy (figure 6.7, right). This points to the fact that, in this bench-
mark, the predominant factor which affects performance is not the degree to which
the critical set generating procedure can maintain the DFS tree shallow, rather the
amount of interference of critical sets on the specific ordering heuristic which is em-



6.5. The D-RCTS Benchmark 105

0

10

20

30

40

50

60

70

80

90

100

+200% +100% +0% ⇐      Capacity∞

MCF + ser. + SR

MCF + ser. + RPA

MCF [Base problems]

MCF + ser. [Base problems]
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ordering.

ployed.
Notice that the somewhat surprising negative effect of small critical sets on per-

formance should not occur with the globally serializing strategy. This is because the
ordering heuristich is never biased, ascomp-agents are designated only after the
priority tree is flattened to a chain. As a result, the size of critical sets reflect only
on the position in the priority chain, and not on the relativeordering of variables. In
order to verify this observation, the benchmark was solved in the globally-serializing
setting.

Globally-serializing variable ordering. In order to compare the RPA and SR crit-
ical set generating strategies on the same variable ordering, we also ran the following
experiments with the globalSerialization() ordering strategy. These experiments were
run on 810 D-RCTS problems, divided into three groups:P200, P100, andP0, each
consisting in 270 problems. The problems inP0 correspond to the problems em-
ployed in the locally-serializing setting, while each problem pi ∈ P200(∈ P100) was
obtained from problempi ∈ P0 by increasing the capacity of all resources by 200%
(100%). All problems were solved by ADOPT-N using the globalSerialization() strat-
egy with the MCF ordering heuristic. The aim of these three groups was to ensure
that the results (i.e., the relative advantage of RPA or SR) would depend solely on the
placement of thecomp-agents in the priority chain, and not on the level of resource
constrainedness of the problem.
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The results (see figure 6.8) show that the more informed RPA strategy, which
makes a more profitable use of domain information, performs 15.9%, 16%, and 9.2%
better than the less informed SR strategy in the three cases.These results show that
RPA scales better than SR. This is because RPA identifies moreprecisely the structure
of the n-ary relations, in that it approximates their size and aritybetter by taking
into account also the precedence constraints. The experiments thus substantiate the
observation made earlier, namely that the placement ofcomp-agents at higher levels
within the priority ordering can strongly affect the performance of the algorithm.

The specific placement of thecomp-agents within the priority chain can be ana-
lyzed through the parameter

π =
∑

i

ρ(i)

l

wherel is the length of the chain andρ(i) = i if the agent at leveli of the chain is an
comp-agent,0 if it is not. This parameter measures how sparse thecomp-agents are
within the chain, thus high values indicate that thecomp-agents are concentrated at
the bottom of the chain. In the present benchmark, for 75% of the instances in which
RPA performed better than SR,π was higher for SR than RPA, thus corroborating
the fact that agent placement strongly affects performance.

Notice, finally, that the increasingly tight resource constraints do not worsen per-
formance in the general case. In fact, tight capacity constraints often have the effect
of pruning large portions of the search space, thus invalidating many of the assign-
ments worth exploring for the underlying constraint optimization problem.

6.5.3 Discussion

The results of the experiments on the D-RCTS benchmark reveal two important
points. First, that taking into account more domain-specific knowledge in the def-
inition of the constraint checking procedures can pay off interms of algorithm per-
formance. This is in line with common practice in non-distributed problem solving
where constraint checking is necessary. For instance, profile based scheduling algo-
rithms (a brief overview of which was given in section 5.3.1)rely on MCS sampling
strategies (since enumerating all MCSs is unfeasible) to post precedence constraints
that resolve resource conflicts in partial solutions. The effectiveness of constraint
posting is strongly related to the amount of reasoning performed on the precedence
constraints in the problem. For instance, it is shown in[Cesta et al., 2002] that a
quadratic sampling strategy, which chooses MCSs which are more relevant to the
current partial solution, yields better performance.

The second interesting observation which stems from the experiments is that the
precision of critical sets has a more subtle effect on performance in the local seri-
alization case. Specifically, we see that there is a tradeoffbetween the precision of
critical sets and the quality of the relative ordering between variables. This has re-
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vealed that it is necessary to take into account the interaction between the variable
ordering heuristich and the presence of critical sets. In our specific case, the pres-
ence of small critical sets interferes more heavily with theMCF ordering heuristic
than if we allow larger ones. Shallow DFS trees afford more independence between
agent decisions, therefore we can say that there is a tradeoff between the amount of
distribution achievable during resolution and the relevance of the messages that are
communicated: if critical sets are larger, the costs reported by the constraint check-
ing procedures will induce more agents to unnecessarily backtrack on their decision;
on the other hand, larger critical sets also entail a more relevant placement of agents
according to the heuristich, i.e., agents whose decisions are most constraining are
higher up in the priority ordering. These contrasting effects evaluate favorably to the
more coarse strategy for finding critical sets.

While further experimentation would be necessary to ascertain if it is possible to
find a strategy that can obtain shallow DFS trees (i.e., produce smaller critical sets)
and at the same time provide a gain in performance over SR, we argue that this ef-
fect also strongly depends on the structure of the benchmarkproblems. In fact, the
base problems already lead to deep DFS trees. This is due to the “artificial” distri-
bution procedure employed to obtain the D-RCTS benchmark from the RCPSP/max
problems. It is important to notice that DCOP for multi-agent coordination is mostly
useful in applicative contexts which are “naturally” distributed, in which we expect to
find problem structures which lead to more shallow DFS trees to begin with. Future
work should be dedicated to analyzing such problems, i.e., employing ADOPT-N to
solve naturally distributed problems where constraint checking is necessary.

6.6 The Solitaire Battleship Benchmark

Solitaire Battleships is a standard benchmark available onthe well-known CSPLib
repository[Gent and Walsh, 2006]. It is loosely based on the two person pencil
and paper game. As in resource-constrained scheduling, we restate this particular
problem category as a multi-agent coordination problem. Specifically, the multi-
agent battleship problem can be described as follows.

Agents. A set of shipsS = {S1, . . . , Sk} and anN ×N grid representing a patch of
ocean are given. Each ship is an agent which needs to maneuverinto a position
that satisfies given constraints. Ships are of different lengths (i.e., they occupy
a certain number of cells in the grid — the length of a ship is indicated by
|Si|), and each ship has a given orientation (east-west or north-south — i.e.,
S = SEW ∪ SNS,SEW ∩ SNS = ∅).

Non-overlapping constraints. Ships must find a position on the grid such that no
cell is occupied by more than one ship.
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Column/Row tallies. Each row (column) is associated with an integerri (ci) ∈
[0, . . . , N ] representing the number of ship elements that must be present on
row (column)i. Thus, in addition to not overlapping, ships must be positioned
so as to collectively occupy exactlyri (ci) cells of thei-th row (column).

An example SB problem and a corresponding possible assignment of ships to cells
is given in figure 6.9. In this example, ships have found an allocation on the patch
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Figure 6.9: Battleships example problem in which some column and row tallies are not satis-

fied.

of ocean without overlapping. Nonetheless, not all constraints are satisfied, as three
columns and two rows are not covered as required (red row and column tallies in the
figure). An allocation of ships to cells which also satisfies these additional require-
ments is given in figure 6.10.

We first provide the DCOP formulation of the battleship problem without row and
column tallies. The particular formulation we employ makesuse ofn-ary constraints
to model the aligment requirement of the ship elements.

Variables. We model two variables for each ship element, representing,respectively,
the row and the column in which the element can be placed. The domain of the
variables is thus{1, . . . , N}. Variables modeling the positions of elements of
one ship belong to the same agent (i.e., one agent per ship).

∀Si ∈ S =⇒

V ← (vi,j
c , vi,j

r ),D ← Di,j
c = Di,j

r = {1, . . . ,N}, ∀j ∈ {1, . . . , |Si|}

Orientation/contiguity constraints. These constraints model the fact that the ele-
ments of east-west (north-south) ships should be placed along a single row
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Figure 6.10: Battleships example problem in which all constraints are satisfied.

(column) and shold be contiguous. These constraints are|Si|-ary.

∀vi,j
r s.t. Si ∈ SEW =⇒

C ← f
v

i,1
r ,...,v

i,|Si|
r

(d1, . . . , dN ) =∞, ∀ 〈d1, . . . , dN 〉 s.t. di 6= di+1 + 1

∀vi,j
c s.t. Si ∈ SNS =⇒

C ← f
v

i,1
c ,...,v

i,|Si|
c

(d1, . . . , dN ) =∞, ∀ 〈d1, . . . , dN 〉 s.t. di 6= di+1 + 1

Non-overlapping constraints. These (4-ary) constraints model the fact that ships
should not overlap, i.e., no two ship elements should be assigned the same pair
of coordinates.

∀(Si, Sj 6=i) ∈ S × S =⇒
C ← f

v
i,k
r ,v

i,k
c ,v

j,m
r ,v

j,m
r

(d1, d2, d3, d4) =∞, ∀(d1, d2) = (d3, d4)

A total of 68 CSPLib problems were automatically compiled into DCOP problems
according to the above formulation. This yielded a first set of problems for the bench-
mark which we refer to as “base problems”, as they do not contemplate the row and
column tally constraints.

The tallies given in the original CSPLib problems were then taken into account
to obtain 68 “complete” formulations for resolution with ADOPT-N. Specifically, for
each rowri (columnci), a constraint checking procedurecompri (compci ) was in-
stantiated. Similarly to the constraint checking procedure used to enforce limited re-
source capacities in D-RCTS, the procedure evaluates the assignment of all variables,
returning0 if and only if there are just the right amount of ship elementsallocated in
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a row. The simple pseudocode is given in algorithm 6.7 for completeness. We omit
the similarcompci procedure for column evaluation.

Algorithm 6.7 Procedurecompri ( assignmentA ) : integer

forall (vj,k
r , d) ∈ A s.t. d = i do

usage← usage + 1

if usage6= ri then
return ∞

return 0

While the principle is similar to resource capacity evaluation in D-RCTS (the
difference being that limited capacity resources must not be over-consumed, while
row and column tallies need to be “consumed” exactly to the amount specified by
eachri andci), the fundamental difference between the two benchmarks isthat in
SB we cannot bound the scope of the constraint checking procedure as flexibly as we
could in D-RCTS. In fact, the scope of eachcompri procedure is exactly the set of
variables which represent row values (i.e., half the variables in the problem), while
all column variables constitute the scope of thecompci procedures. There is no way
to group these variables in critical sets so as to distributethe n-agents higher up in
the hierarchy: all external constraint checking must occurat the leaves.

6.6.1 Preliminary Evaluation

A preliminary experimentation on the SB benchamrk yields the results shown in fig-
ure 6.11. In addition to comparing base and complete problems, we also show two
other variants of the CSPLib problems. The first variant stems from the observation
that if a row (column) tally prescribes that there should be no ship elements at all on
that row (column), then this can be modeled explicitly in theDCOP witout recurring
to external constraint checking. In fact, it is sufficient toinclude a total of

∣

∣r0
∣

∣ +
∣

∣c0
∣

∣

constraints of arityN , wherer0 (c0) is the set of row (column) tallies such thatri = 0
(ci = 0). These problems are thus “partially complete”, in that notall row and col-
umn tallies are enforced, only those which impose the absence of ship elements on
a row or column. This leads to another variant, namely complete problems (i.e.,
in which the row and column tallies are fully enforced through external constraint
checking), but in which the zero-tally constraints are modeled explicitly, while the
constraint checking procedures are left with the task of evaluating the remaining row
and column tallies.

The results point to a number of preliminary observations. First, that employing
constraint checking procedures does indeed lead to formulations which are, for the
most part, reasonably easy to solve instances of the CSPLib problems2. Second, that

2As pointed out in[Smith, 2006; Gent and Walsh, 2006], SB is known to be a particularly difficult
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considering zero-tally constraints does not significantlycontribute to problem com-
plexity. In fact, the base problems and the base problems with zero-tally constraints
are solved with virtually identical CPU times. More interestingly, though, we notice
that taking all requirements into account by means of constraint checking procedures
alone performs better than delegating the zero-tally constraints to the explicit DCOP
formulation and leaving the rest for the constraint checking procedures.

6.6.2 Experiments

6.7 Summary

In this chapter we have presented ADOPT-N, a distributed constraint reasoning frame-
work based on the ADOPT algorithm. ADOPT-N represents an approach to incorpo-
rate constraint checking in the general context of distributed constraint optimization.
Since constraint checking can involve more than two variables, a necessary first step

puzzle problem.
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was to extend ADOPT to handlen-ary constraints in the DCOP formulation. As
shown, this is achievable by designating an agent (calledn-agent) as the evaluator of
then-ary constraint and (1) ensuring an admissible ordering of variables, (2) forbid-
ding then-agent to emanate COST messages so long as its context is incomplete.

We have then generalized the notion ofn-agent to that ofcomp-agent: these
agents are in charge of evaluating, through a domain-specific constraint checking
procedure, the cost of the current assignment with respect to the external constraints.
As it is necessary to serialize all variables involved in ann-ary constraint, it is also re-
quired to bound the scope of the constraint checking procedures. This occurs through
the definition of critical sets, which represent groups of variables which can be eval-
uated by the constraint checking procedures. Like the scopeof ann-ary constraint,
a critical set imposes the serialization of variables in theDFS tree. We have shown
how critical sets that are determined according to different degrees of precision lead
to different variable ordering structures.

Determining critical sets is a key issue in the constraint checking for distributed
constraint reasoning. This is because variables (agents) are distributed, and more
or less precise critical sets affect the dynamics of messagepassing in the distributed
resolution scheme. We have attempted to give an experimental evaluation of these ef-
fects on a D-RCTS benchmark. The problem instances are adapted from the RCPSP
benchmark, which is widely used in the scheduling community. The experiments are
aimed at assessing (1) the (expected) increase in difficultyof the resource-constrained
problems (for which external constraint checking is necessary) with respect to the
base problem (containing only statically defined binary constraints), and (2) the influ-
ence of different amounts of domain-specific knowledge on then-ary relations which
must be verified by the constraint checking procedures during resolution. With re-
spect to the second point, our analysis reveals two insights. First, the performance of
ADOPT-N on the D-RCTS benchmark is strongly affected by the ordering heuristic,
thus the locally-serializing ordering strategy, which tends to subvert this heuristic, is
less suitable for the D-RCTS benchmark. The second insight is that the more so-
phisticated RPA strategy for collecting critical sets entails a performance advantage,
since it determines a more precise placement of thecomp-agents. This is thanks to
the more precise way in which RPA isolates groups of variables which can contribute
to resource contention, minimizing the size of the criticalsets.



Chapter 7

Smart Home Coordination with

ADOPT-N

In the previous chapters we have focused on limited resourcecapacities as a moti-
vation for dealing withn-ary constraints and constraint checking in ADOPT-N. We
now conclude this part of the thesis by illustrating anothermeaningful applicative
scenario for ADOPT-N, namely the coordination of domotic components in a smart
home. Specifically, this chapter describes the integrated ROBOCARE smart home
environment, with a focus on the ADOPT-N-based coordination infrastructure. The
system is the result of a DCOP-based integration of various sensory, robotic, and au-
tomated reasoning components. As we show in this chapter, the extended features
of ADOPT-N are a valuable support for modeling complex system behavior. For ex-
ample, the possibility to modeln-ary constraints is essential as many aspects of the
coordinated behavior of the various components can be expressed asn-ary depen-
dencies on their individual behavior. Constraint checkingalso plays an important
role, as it allows to “fine-tune” the overall coordination scheme represented in the
DCOP: in D-RCTS,comp-agents inject additional requirements into the distributed
decision-making process (evaluations of resource capacity constraints) which cannot
be modeled in the DCOP; in ROBOCARE, we employ constraint checking to bias the
distributed decisional process towards assignments whichalso conform to require-
ments stemming from external automated reasoning procedures.

We start by briefly describing the various elements of the system and their role
in the overall scheme of a service-providing environment (section 7.1). We then
describe how the coordination infrastructure is obtained:sections 7.3 and 7.4 state
the coordination problem and show itsn-ary DCOP formulation; section 7.5 focuses
on the role ofcomp-agents in the smart home; finally, section 7.7 concludes the
chapter with a discussion.

113
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7.1 TheROBOCARE Domestic Environment

The principal aim of ROBOCARE is to assess the extent to which different state-
of-the-art technologies can benefit the creation of an assistive environment for elder
care. It is with this aim that the final year of the project has focused on producing
a demonstration exhibiting an integration of robotic, sensory and problem-solving
software agents. To this end, an experimental setup which recreates a three-room
flat was set up at the ISTC-CNR in Rome, named The ROBOCARE Domestic Envi-
ronment (RDE). The RDE is intended as a testbed environment in which to test the
ability of heterogeneous robotic, domotic, and intelligent software agents to provide
cognitive support services for elderly people at home. Specifically, the RDE is a
deployed multi-agent system in which agents coordinate their behavior to create cog-
nitive support services for elderly people living at home. Such user services include
non-intrusive monitoring of daily activities and activitymanagement assistance.

In order to provide relevant services for the elderly user, akey capability of the
RDE is the continuous maintenance of a high level of situation awareness. Our goal
was to build a smart home which would be capable of knowing andacting upon the
state of the environment and of the assisted person. This includes information of two
types. First, the system needs to understand thecurrentsituation: for instance, what
the assisted person is doing (in terms of household activities), if the assisted person
is in need of assistance (i.e., contingent, unexpected states of the assisted person).
Secondly, the system is required to be aware of thepastand possiblefuturesituations.
This is a key requirement for supporting different forms of cognitive impairment with
services ranging from simple reminding to scenario projection. This feature is the
principal source of pro-activity of the RDE: a system which is capable of performing
complex temporal deductions on the past and current situations is in principal able to
pro-actively suggest or warn the assisted person.

This leads to another key requirement of the RDE, namely its capability to inter-
act with the user. The RDE needs to be provided with a means to communicate with
the user, and the assisted elder should be able to summon the services provided by
the RDE. For this reason, the RDE is equipped with an “embodiment” of the system
consisting in a context-aware domestic robot developed by the ROBOCARE team at
the ISTC-CNR. The robot is aimed at demonstrating the feasibility of an embodied
interface between the assisted elder and the smart home: it is the assisted person’s
interface with the assistive environment.

Overall, the RDE can be viewed as a “robotically rich” environment composed
of sensors and software agents whose overall purpose is to:

• predict/prevent possibly hazardous behavior;

• monitor the adherence to behavioral constraints defined by acaregiver;

• provide basic services for user interaction.
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The system was partially re-created in the RoboCup@Home domestic environment
during the RoboCup 2006 competition in Bremen1 where it was awarded third prize.

The RDE is a collection of service-providing components of various nature. Sen-
sors contribute to building a symbolic representation of the current state of the envi-
ronment and of the assisted person, and scheduling-based temporal reasoning allows
the system to reason upon the evolution of the state and inferfuture possible con-
tingencies. Based on this information, agents infer actions to be performed in the
environment through distributed coordination. These actions are carried out princi-
pally through the robotic mediator. Both enactment and sensing requires the syn-
ergistic operation of multiple agents, such as robot mobility, speech synthesis and
recognition, and so on. For this reason, multi-agent coordination is an important as-
pect of the RDE scenario. The following paragraphs briefly describe the fundamental
components of the multi-agent system, while the rest of the chapter is dedicated to
the description of the coordination mechanism, which occurs in the RDE’s current
configuration by means of ADOPT-N, a distributed constraint reasoning algorithm.

7.1.1 Components of the Multi-Agent System

A high-level view of the RDE multi-agent system is shown in figure 7.1.1. The RDE
is equipped with the following agents:

• Two fixed stereo cameras providing a people localization andtracking (PLT)
service, and a posture recognition (PR) service.

• A domestic service robot which is capable of navigating in the environment,
processing simple commands through an on-board speech recognition system,
as well as speaking to the assisted person through a voice synthesizer. Synthe-
sized speech is verbalized through a 3D representation of a woman’s face.

• An ADL (activities of daily living) monitor, a scheduling and execution mon-
itoring system which is responsible for monitoring the assisted person’s daily
activities and assessing the adherence to behavioral constraints defined by a
caregiver.

• One personal data assistant (PDA) on which a very simple four-button interface
is deployed. The interface allows to (1) summon the robot, (2) send the robot
to a specific location, (3) relay streaming video form the robot or the stereo-
cameras to the PDA, and (4) stop the robot.

Since the description of the technology which provides the services in the RDE is
outside the scope of this chapter, we here briefly describe the single components and
the services they provide within the environment. The rest of this chapter is dedicated

1Competition homepage:http://www.ai.rug.nl/robocupathome/ .
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Figure 7.1: The overall view of the RDE multi-agent system.

to the multi-agent coordination issues which arise in the operational integration of the
components.

The robotic mediator. While the robotic mediator was built to explore the added
value of an embodied companion in an intelligent home, its mobility also provides
the basis for developing other added-value services which require physical presence.
Specifically, the robot is capable of carrying out topological path planning, and em-
ploys reactive navigation for obstacle avoidance and scan-matching for robust local-
ization. The robot is also endowed with verbal user interaction skills: speech recog-
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nition is achieved with the Sonic speech recognition system2, while speech synthesis
occurs through Lucia, a talking head developed at ISTC-CNR-Padua[Cosi et al.,
2003]. Overall, the robotic mediator is composed of two agents: a user-interaction
agent (UI), whose services include speech synthesis and recognition, as well as dia-
logue management; a mobility agent (Robot), which is responsible for managing all
tasks involving path planning and obstacle avoidance.

Stereo-vision sensing. A Stereo-vision based People Localization and Tracking
service (PLT) provides the means to locate the assisted person. This environmental
sensor was deployed in Bremen in the form of an “intelligent coat-hanger”, demon-
strating easy setup and general applicability of vision-based systems for in-door ap-
plications. The system is scalable as multiple cameras can be used to improve area
coverage and precision. A height-map is used for planview segmentation and plan-
view tracking, and a color-based person model keeps track ofdifferent people and
distinguishes people from (moving) objects, e.g., the domestic robot. In addition,
vision-based Posture Recognition (PR) can be cascaded to the PLT computation in
order to provide further information on what the assisted person is doing.

ADL monitoring. Continuous feedback from the sensors allows to build a sym-
bolic representation of the state of the environment and of the assisted elder. This
information is employed by a CSP-based schedule execution monitoring tool (O-
Oscar[Cesta et al., 2001]) to follow the occurrence of Activities of Daily Living
(ADLs). This agent, henceforth called ADL monitor, employstemporal reasoning to
provide schedule management services, such as propagationof general precedence
relations among activities and activity insertion and removal. These services are em-
ployed to assess the adherence of the daily activities of theassisted person (as they are
perceived by the sensory components) to a set of pre-defined behavioral constraints.
The behavioral constraints to be monitored are specified by acaregiver in the form of
complex temporal constraints among activities. Constraint violations lead to system
intervention (e.g., the robot suggests “how about having lunch?”, or warns “don’t
take your medication on an empty stomach!”). Given the high level of uncertainty on
the expected behavior of the assisted person, domestic supervision represents a novel
benchmark for complex schedule monitoring.

As we will see, the temporal reasoning services of the ADL monitor are also
employed for constraint checking purposes. Further details of the ADL monitor will
be given in Part II of this thesis (Chapter 9), where we describe the ADL monitor’s
caregiver interface, and we provide the details of how the ADL monitor is obtained
from general purpose scheduling components.

2See http://cslr.colorado.edu/beginweb/speech_recognitio n/sonic.

html for details.
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7.2 Multi-Agent Coordination in the RDE

One of the most crucial issues which arises when integratingdiverse agents is that of
coordination. In ROBOCARE, the combination of basic services provided by all appli-
cations is accomplished via the ADOPT-N distributed constraint reasoning infrastruc-
ture. The coordination scheme provides a “functional cohesive” for the elementary
services, as it defines the “rules” according to which the services are triggered. Each
service corresponds to a software agent to which tasks are dynamically allocated in
function of the current state of the environment and of the assisted person. An im-
portant factor in the RDE is that multiple services can be activated concurrently. The
composition of elementary services provides complex services whose added value
is instrumental in creating useful support services for theuser. For instance, if the
PLT and PR services recognize that the assisted person is laying on the floor in the
kitchen (a situation which is appropriately defined as “anomalous”), then the coordi-
nation mechanism can be made to trigger the robot to navigatetowards the assisted
person’s location and ask whether everything is all right.

The service composition problem in the RDE is cast as a multi-agent coordina-
tion problem. Figure 7.2 shows a high-level description of this reduction. We call
Api the generic intelligent subsystem to be integrated in the RDE. Each application
Api provides a serviceSi. For instance, the vision based sensors provide the PLT
service, which contributes to the RDE the knowledge on the current position of the
assisted person in the home.{v1, . . . , vm} is the set of variables in terms of which
the coordination problems is defined. Specifically, each application manages one or
more variables through an ADOPT-N agentAi which constitutes its interface with
the underlying coordination mechanism. For instance, the application which pro-
vides the PLT service will “write” through its agent a variable which represents the
current location of the assisted person, and this variableswill be “read” by the appli-
cation controlling the robot’s mobility in the event that the robot has been summoned
by the assisted person. In general, some variables represent the input to an appli-
cation, while others represent its output (in terms of “control signals” which trigger
the services). Variables thus represent the interface through which coordination of
the servicesSi must occur. The specific functional relations among the services are
modeled as constraint among the variables. The overall constraint based represen-
tation of these relationships encodes the desired behaviorof the system. The set of
constraints and variables thus constitutes a DCOP which is continuously reasoned
upon by the agents through the ADOPT-N reasoning framework. Specifically, the
constraints are modeled so that minimum-cost assignments correspond to the de-
sired concurrent behavior of the RDE. Thus when the ADOPT-N algorithm is run, the
agents cooperatively converge on a variable assignment which represents a suitable
concurrent behavior of the system given the current situation.

The applications placed in the environment are a combination of sensors, actua-
tors, and symbolic reasoning agents. The variables which constitute the DCOP can
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Figure 7.2: Agents and variables in the RDE DCOP.

be grouped in two kinds, namelyinput variables (Vin) andoutput variables (Vout).
Input variables represent the input to the coordination process: they model the exter-
nal knowledge that is acquired by the sensory applications from the RDE, such as the
position or posture of the assisted person. Conversely, output variables represent the
result of the distributed coordination process: their value, as it is determined through
ADOPT-N, constitutes the input to the actuator applications.

The RDE coordination problem is defined so as to demonstrate instances in which
the coordinated operation of multiple household agents canprovide complex support
services for the elder user. Some examples of such instancesare the following:

Scenario 1. The assisted person is in an abnormal posture-location state (e.g., lying
down in the kitchen).System behavior: the robot navigates to the person’s location,
asks if all is well, and if necessary sounds an alarm.

Scenario 2. The ADL monitor detects that the time bounds within which to take a
medication are jeopardized by an unusual activity pattern (e.g., the assisted person
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starts to have lunch very late in the afternoon).System behavior (option 1): the robot
will reach the person and verbally alert him/her of the possible future inconsistency.
System behavior (option 2): the inconsistency is signaled through the PDA.

Scenario 3. The assisted person asks the robot, through the PDA or verbally, to go
and “see if the window is open”.System behavior: the robot will navigate to the
designated window (upon obtaining its location from the fixed stereo cameras) and
(option 1) relay a streaming video or snapshot of the window on the PDA, or (option
2) take a video/snapshot of the window, return to the assisted person and display the
information on its screen.

Scenario 4. The assisted person asks the intelligent environment (through the PDA
or verbally to the robot) whether he/she should take a walk now or wait till after
dinner. System behavior: the request is forwarded to the ADL monitor, which in
turn propagates the two scenarios (walk now or walk after dinner) in its temporal
representation of the daily schedule. The result of this deduction is relayed to the
assisted person through the PDA or verbally (e.g., “if you take a walk now, you will
not be able to start dinner before 10:00 pm, and this is in contrast with a medication
constraint”).

The objective of the above scenarios is to show how a collection of service-
providing and very diverse agents (namely, in our specific case, artificial reasoners,
robots and smart sensors) can be integrated into one functionally coherent system
which provides more added value than the sum of its parts. Thetype of elementary
services deployed in the RDE mirrors the domotic componentsthat will be available
on the market in the near future. The integrated environmentas a whole, i.e., the
functionally coherent system demonstrated in the exhibit,represents a proof of con-
cept of the potential benefits to independence that can be obtained with the domotic
technology of the future.

7.3 Agents and Variables

As described intuitively in figure 7.2, multi-agent coordination is cast as a DCOP
which is cooperatively reasoned upon by the agents according to the (distributed)
ADOPT-N algorithm. In the specific case of the RDE, the constraintsamong variables
model a cost function which reflects the desiderata of systembehavior. Specifically,
the domains of variables inVout model service invocations (i.e., what the system
can provide), while those of the input variables (Vin) model the possible states of
the environment and of the assisted person (i.e., what can occur). Constraints bind
these variables to model relations among services, that is,the overall behavior of
the smart home and how knowledge is shared among the agents. Figure 7.3 shows
the agents, variables and constraints used to model the RDE’s components. The
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Figure 7.3: Agents, variables and constraints in the RDE DCOP.

variables depicted in shaded nodes represent input for the decision process, i.e.,Vin,
while those in clear nodes indicate instructions for controlling the enactment of the
services provided by the RDE (Vout). The figure also shows the domains of the
variables. The semantics of the domains is as follows:

PRState. The values represent the postures which are recognizable bythe PR ser-
vice: SITTING, STANDING andLAYING . The service does not take into account
any uncertainty on the recognized posture, i.e., its outputis always one of the
above postures. We therefore cannot model an “unknown” value in the domain.

PLTState. This variable carries information on the location of the assisted person in
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the environment. The PLT service is capable of providing this information as
3D coordinates in space or in terms of pre-specified locations. We choose to
employ the latter, higher level information in the coordination schema, since
there is no need (as far as coordination goes) to reason upon the exact location
of the person. Therefore, the values of the PLTState variable are all the loca-
tions in which the assisted person can be in which are meaningful with respect
to the overall coordination schema. These values clearly depend not only on
the specific domestic environment, but also on which locations are meaningful.
As we will see shortly, PRState and PLTState are employed to deduce which
activity is currently being performed. In order to simplifythe examples here,
we assume the domain of this variable is:BATHROOM, BEDROOM, KITCHEN,
LIVINGROOM, COUCH. Unlike PRState, the PLT service does take into account
uncertainty, thus we also include in the domain the valueUNKNOWN.

Activity. The Activity variable is an output of the coordination process. It indicates
the current activity in which the assisted person is engaged. Its value depends
on the those of PLTState and PRState through the ternary constraint connecting
them (which we describe below). Its value is the input for theADL monitoring
service, which maintains an updated temporal representation of the activities
performed by the assisted person. Its values reflect the possible activities in
which the assisted person can be engaged. As in the case of PLTState, we are
only interested in those activities which are meaningful for the ADL monitor.
The domain thus depends on the specific schedule that is beingmonitored:
in this chapter we assume the meaningful activities are:ASPIRIN (taking an
aspirin),BREAKFAST, DINNER, LUNCH andNAP. In addition, activity can take
on the valueEMERGENCY. This value is not relevant for the ADL monitor,
rather it is employed to trigger an emergency reaction of therobotic mediator
(explained later).

ConstraintViolation. Given the information carried in the activity variable, theADL
monitor is responsible for propagating this information and assessing whether
some behavioral requirement which is being monitored has been violated. For
example, if the assisted person takes her aspirin too early with respect to lunch
(while it is required that aspirin should be taken at least ten minutes after
lunch), then the ADL monitor will assess this situation as a temporal con-
straint violation in its internal representation of the current schedule. When
this occurs, the situation must be flagged so as to provoke thecoordination
necessary to advise the assisted person through the UI services. This flag is the
ConstraintViolation variable, whose values are thusYES andNO.

Warning. If the ADL monitor has assessed a violation, the two agents which consti-
tute the robotic mediator (UI and Robot) need to coordinate in order to relay a
warning or suggestion to the assisted person. Specifically,the verbalization of
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the corresponding message (which is dynamically generatedby the UI agent
and delivered through the speech synthesis service) is triggered by the Warning
variable, whose values areYES (a warning must be verbalized) andNO. No-
tice that the value of Warning must “follow” the value of ConstraintViolation.
This is ensured by an “all-equal” binary constraint betweenthe two variables.
ConstraintViolation and Warning thus represent knowledgewhich needs to be
directly transferred from the ADL monitor application to the UI application.
Notice that ifall variables were bound by such a constraint, there would be
no need for coordination, as the actuator applications would themselves infer
what to do based on the input of the sensory applications. This is not the case
in the RDE, as the correspondence between what the system should do and
the sensory input is the result of a non-trivial distributedcomputation (e.g., the
dependency of Activity on sensory input).

AskIfOkay. This variable triggers a special case of user interaction. Specifically, the
constraints in the problem are modeled so that AskIfOkay isYES when the UI
agent must ask the assisted person if she needs help. If no response is received,
a contingency plan (which is handled internally by the UI agent) is enacted.

GotoPlaceDestUI, GotoPlaceDestPDA and GotoPlaceDestRobot. These variables
indicate the destination of the mobility task for the robot.Specifically, the first
two are input variables which take on the value of the requested destination for
the robot (which has been specified verbally by the assisted person in the case
of GotoPlaceDestUI, or through the PDA in the case of gotoPlaceDestPDA).
The GotoPlaceDestRobot variable is an output variable which depends on the
other two variables. The domains of these variables are similar to that of PLT-
State, although the possible destinations of the robot do not necessarily need to
match the places which are meaningful with respect to Activity deduction.

PDAState. The PDA offers additional services to facilitate interaction between the
user and the robot as well as the environmental sensors. The possible val-
ues of the PDAState input variable reflect the possible requests the user can
make through the PDA:REQUEST-VIDEOindicates that the user has requested a
video stream (which is displayed on the PDA) from an environmental camera
or from a camera (PLT agent) on board the robot (Robot agent).The PDA’s
user interface offers the possibility to cycle through the different streams of the
different cameras: when the next source is selected, the PDAState variable is
set toSWITCH-VIDEO, and terminating the streaming application results in the
STOP-VIDEOvalue, which induces the agent generating the video to closethe
stream. Also, the PDA allows to dispatch commands to the Robot: the robot
can be stopped (valueSTOP), summoned (valueCOME-HERE), sent somewhere
(PDAState is set toGOTO-PLACEand variable GotoPlaceDestPDA is set to the
destination location). If the PDA user interface application is not running, then
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the PDAState variable is set toUNKNOWN, while the idle situation in no request
is performed on the PDA’s user interface corresponds to value NULL .

RobotCommand and GotoPlaceDestRobot.This output variable represents com-
mands for the robot. The stateREACH-PERSONoccurs when the robot must
reach the assisted person. This is the case, for instance, when the robot should
relay a warning or suggestion to the assisted person, or whenthe person sum-
mons the robot through the PDA. When this state is set, the Robot agent re-
quests the person’s exact position in the environment from the PLT service
(this point-to-point communication occurs outside the coordination mecha-
nism). The robot may also be required to go to other places in the environment,
which results in the RobotCommand value beingGOTO-PLACE. This is the case
for instance when the user verbally tells the robot to “go to the bedroom”. The
possible destinations of theGOTO-PLACEcommand constitute the domain of
variable GotoPlaceDestRobot.

RobotState. The input variable RobotState represents the current stateof the robot.
If the robot is done executing a command, its state is described by the value
DONE; when the robot is idle, the state variable assumes the valueINACTIVE ;
when the robot is path-planning or moving (the two processesare interleaved
in the implementation of the mobility service), the robot’sstate isCOMPUTING;
finally, if the robot has not managed to execute the last command successfully,
the value of RobotState isFAILED.

7.4 Assignment of Input Variables

Before describing the constraints modeled to cast the coordination problem, we must
first focus on how the input variables are assigned. As such, the values of the in-
put variables are not decided by the coordinated solving process, rather their values
correspond to the various “sensory” applications and are fixed during the solving
process. Therefore, the only admissible value of a variablein Vin is the value that
reflects what is sensed by the corresponding application. For instance, if the PR ser-
vice observes that the assisted person is sitting down, thenthe value of PRState must
be fixed toSEATED during the entire solving process. One way to achieve this isto
cast, at every solving iteration, a DCOP in which the domainsof the input variables
are limited to the observed state. Another option is to constrain the “choices” of the
various input variables to select, during the solving iteration, the value which reflects
the external information assessed by the sensors. This can be done by imposing a
unary constraint which evaluates to∞ for all assignments which do not match the
sensed information. Moreover, we can exploit thecomp-agent mechanism provided
by ADOPT-N: for each sensory agentAi, we model a constraint checking procedure
compAi

which evaluates to∞ the assignment of its variable(s) to values which do
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not correspond to sensing. Figure 7.4 shows the computational procedure for variable
PLTState. This allows us to maintain the DCOP static across all solving iterations, as
sensory input is injected into unary constraint checking procedures which avoid the
need to filter out domain values.

Unary

comp

PLT Service

AdoptPLT

BEDROOM
COUCH

KITCHEN
[...]

PLTState

Figure 7.4: Unary constraint checking as an input method forsensory agents.

The two approaches were compared on preliminary versions ofthe RDE. The ex-
perimentation proved the two modeling strategies equivalent from the computational
point of view3. Given the feasibility of both approaches, the running instantiation of
the coordination framework which is deployed in the lab was realized according to
the latter approach.

The reason for employing thecomp-agent based strategy is twofold. First, com-
piling the DCOP at every iteration also requires to communicate the relevant parts of
the DCOP to every agent in the environment, the overhead of communication being
summed to the time lost for compiling the DCOP. In addition tothe cost of compi-
lation and communication, this would also introduce an element of centralization in
an approach which is purely distributed. The second reason for choosing thecomp-
agent approach is related to ease of implementation. These drawbacks tipped the
scale in favor of maintaining a static DCOP formulation. Incidentally, working on
the same DCOP across iterations also eases the exposition inthe following sections.

7.5 Constraints

The value functions which describe the constraints in the system describe a global
cost function whose minima represent the desired system behavior. All consistent
states evaluate to a global cost of0, while inconsistent situations evaluate to∞. Con-
sistent states establish a correspondence between observations from the sensors and
the desired combination of behaviors of the services. For reasons of space we cannot
describe the full set of constraints which models the behavior of the RDE as it is

3Notice that this is not true in the general case, since reducing the size of domains can improve

computational efficiency.
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instantiated in the ROBOCARE lab. We will nevertheless dwell on two constraints,
namely the twon-ary constraints among the variablesV1 = {Activity, PDAState, Go-
toPlaceDestUI, RobotCommand} and among the variablesV2 = {PLTState, PRState,
Activity}. In the following, we describe constraints employing the positive notation,
i.e., we model the situations of zero cost. In the actual formulation of the DCOP these
value functions are complemented so as to describe assignment situations which en-
tail high cost (as ADOPT-N’s objective function is cost minimization).

7.5.1 Robot Mobility

The constraint among these variables describes the relation between the behavior of
the robot and situations in which the assisted person needs and/or has requested the
robot to perform a mobility task. These situations can ariseas a consequence of
an emergency or as a result of the user explicitly summoning or sending the robot
somewhere through the UI or the PDA. In the former case, the Activity variable is
set toEMERGENCYby the ADL monitor, while in the latter case the PDAState or the
GotoPlaceDestUI variables are involved. One way to model these requirements is
through the following binary constraints, where⋆ indicates that the variable can be
assigned any value in its domain:

Activity RobotCommand fActivity,RobotCommand

EMERGENCY REACH-PERSON 0

PDAState RobotCommand fPDAState,RobotCommand

COME-HERE REACH-PERSON 0
GOTO-PLACE GOTO-PLACE 0

GotoPlaceDestUI RobotCommand fGotoPlaceDestUI,RobotCommand

⋆ GOTO-PLACE 0

Notice that this specification alone does not define the behavior of the system in case
of conflicting situations. For instance, supposing that theassisted person has told
the robot to go to the kitchen but at the same time the Activityvariable indicates
that there is an emergency situation, we wish to guarantee that the robot reaches the
person rather than going to the kitchen. In order to model such priorities, we clearly
need to model dependencies among more than pairs of variables, and doing so with
binary constraints requires to model auxiliary variables.It is much more intuitive to
consider the four value assignments together, as they are indeed mutually related. To
this end, we model the following quaternary constraint:
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Activity PDAState GotoPlaceDestUI RobotCommand fV1

EMERGENCY ⋆ ⋆ REACH-PERSON 0
6= EMERGENCY COME-HERE ⋆ REACH-PERSON 0
6= EMERGENCY GOTO-PLACE ⋆ GOTO-PLACE 0
6= EMERGENCY NULL 6= UNKNOWN GOTO-PLACE 0

6= GOTO-PLACE,
6= EMERGENCY 6= COME-HERE, UNKNOWN NONE 0

6= NULL

7.5.2 Activity Recognition

The constraint which binds the input variables PLTState andPRState to the depen-
dant variable Activity is responsible for assessing which activity is currently being
performed by the assisted person, or if the assisted person is in an emergency situ-
ation. A simple way of performing activity assessment is to assume that activities
are recognized by the combination of position and posture information. For instance,
assume that the activities which are monitored by the ADL service areCOOKING,
LUNCH, MEDICATION andNAP, and that the locations in the home (all of which the
PLT service can recognize) areBEDROOM, BATHROOM andKITCHEN. If the assisted
person is seated at the kitchen table we may deduce that she ishaving lunch. Under
similar assumptions, we model the following constraint:

PRState PLTState Activity fV2

SITTING KITCHEN LUNCH 0
STANDING KITCHEN COOKING 0

LAYING KITCHEN EMERGENCY 0
STANDING BATHROOM MEDICATION 0

LAYING BATHROOM EMERGENCY 0
LAYING BEDROOM NAP 0
SITTING 6= KITCHEN UNKNOWN 0

STANDING 6= KITCHEN, UNKNOWN 0
6= BATHROOM

We thus model as an emergency all “anomalous” situations such as laying in the bath-
room, and we assume that other meaningful activities can be inferred from posture
and position.

Clearly, assuming that activity recognition depends only on position and posture
entails that we cannot model as distinct two activities which take place in the same
posture-position configuration. For instance, supposing that dinner is also a meaning-
ful activity for the ADL monitor, we would have to introduce afurther distinguishing
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factor, such as the time of day. This could be modeled as an extra input variable
which contributes the current time to the coordination process. The natural source
of this information is the ADL monitor, which maintains the current execution of the
daily schedule and can deduce the adherence to temporal constraints provided by the
caregiver. Indeed, the ADL monitor manages a great deal moreinformation about
activities. Observe though that lunch and dinner can be distinguished by the ADL
monitor also based on other criteria, for instance the fact that lunch has already oc-
curred, therefore it is reasonable to interpret the currentmeal situation as dinner. In
general, if there are a number of candidate activities, the ADL monitor could prop-
agate each activity and infer that the most probable currentactivity is the candidate
which does not give rise to temporal constraint violations.

Algorithm 7.1 ProcedurecompADL ( assignment (Activity, val) ) : integer

ADLMonitor.setActivityStartTime(val, timeNow)

violatedTemporalConstraints← ADLMonitor.getConstraintViolations()
ADLMonitor.rollback()

return |violatedTemporalConstraints|

In order to leverage the ADL monitor’s deductive capabilities within the coordi-
nation framework we therefore provide a constraint checking procedure on variable
Activity, shown in algorithm 7.1. The procedure evaluates the alternative activity
recognition assignments and injects a cost which reflects the probability of the as-
signments being realistic according to the results of temporal propagation. For in-
stance, suppose that breakfast, lunch and dinner all occur at the kitchen table. We
model the constraintfV2

as follows:

PRState PLTState Activity fV2

SITTING KITCHEN BREAKFAST 0
SITTING KITCHEN LUNCH 0
SITTING KITCHEN DINNER 0

STANDING KITCHEN COOKING 0
LAYING KITCHEN EMERGENCY 0

STANDING BATHROOM MEDICATION 0
LAYING BATHROOM EMERGENCY 0
LAYING BEDROOM NAP 0
SITTING 6= KITCHEN UNKNOWN 0

STANDING 6= KITCHEN, UNKNOWN 0
6= BATHROOM

The above constraint allows the Activity variable to assumeany of the three states
BREAKFAST, LUNCH and DINNER. These assignments are propagated internally by
the ADL monitor which returns an evaluation reflecting the soundness of the as-
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signment, under the assumption that the candidate action which minimizes temporal
constraint violations is the most probable. Observe that this approach constitutes a
“two-pass” deduction on activity recognition: first, the ternary constraint avoids as-
signments to the Activity variable which are in contrast with basic assumptions such
as “the assisted person never has a meal in bed”. This leaves anumber of candidate
assignments with zero cost, such as which meal is being consumed, or which medi-
cation is being taken, and so on. A further cost evaluation isthen performed by the
constraint checking procedure of the ADL monitor, which evaluates the assignments
in the light of the past and possible future evolutions of thedaily schedule.

7.5.3 Further Enhancements to Activity Recognition

The approach shown above for activity recognition is grounded on the assumption
that, among the candidate activities which are allowed by constraintfV2

, the activ-
ity which least impacts the schedule is the most probable current activity. While the
additional filter of the ADL monitor’s constraint checking procedure makes activ-
ity recognition more realistic, it is obvious that even thiscannot guarantee absolute
precision. It is therefore reasonable to investigate how activity recognition can be
improved.

In order to minimize the probability of error, in the previous paragraph we have
biased the assignment of the Activity variable with a constraint checking procedure
which invokes the external services of the ADL monitor. Thisevaluation can be
further biased by a constraint checking procedure over all three variables Activity,
PRState and PLTState which takes into account other external information. For in-
stance, the criteria for evaluating the three concurrent assignments may consist in
learned data. Specifically, we can employ a machine learningalgorithm to learn a
function fV ′2

which can be used to refine the cost model given by constraintfV2
.

In this setting, it is easy to envisage that training sessions are initiated by the elder
user, who can decide to “show” the system (through the robotic mediator) what she
is doing. Clearly, if training occurs only during the RDE setup phase, then it makes
sense to setfV2

= fV ′2
, i.e., to employ the learned function as the ternary constraint

directly. On the other hand, it is reasonable to assume that training can be initiated
spontaneously, since the assisted person’s habits may change in time. This can be
taken into account by employing a constraint checking procedure on the assignments
of the three variables which evaluates the realism of the assignment in the light of
learned data. Overall, we would achieve three levels of assignment evaluation: (1) a
“baseline” assignment evaluation occurs through the ternary constraintfV2

, which
excludes the physically impossible situations; (2) the0/∞ evaluation of the previous
point is refined with the non-infinite cost injected by the ADLmonitor’s temporal
constraint based evaluation; (3) lastly, the assignment isevaluated in the light of
learned data, which results in a further refinement of the cost function.
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7.5.4 High-Level Specification of System Behavior

The behavior of the RDE agents as they are set up in the ROBOCARE lab in Rome
is modeled through a DCOP comprising 6 agents, 12 variables and over 1100 cost
function definitions (corresponding to 12 constraints). Indeed, the definition of a
complete behavioral model for the RDE cannot be given without the use of a high
level specification formalism.

Figure 7.5: The DCOP specification interface employed for defining the RDE’s overall be-

havior.

While the study of an efficient specification language has notbeen the focus of
our work during the project, an initial interface for facilitating DCOP formulation has
been developed (figure 7.5). Specifically, the interface allows to create agents (spec-
ifying also the relevant parameters for distribution), variables and their domains, and
constraints among the variables. In addition to allowing the use of user-intelligible
names for domain values, the system allows to visually establish constraints among
groups of variables. Also, the user can specify constraintswhich model the desired
behavior of the agents (i.e., describing situations with zero cost) and automatically
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obtain value function specifications which model the resulting undesired assignments
(i.e., describing situations with high cost), and vice-versa. This form of automatic
no-good specification is extremely handy in the RDE scenario. In fact, it is often the
case that there are very few assignments which are admissible (thus modeling them
is trivial) while the transitive closure consists of hundreds of no-goods, the manual
definition of which is tedious and error-prone.

In conclusion, it is interesting to notice how the ability ofADOPT-N to handle
n-ary constraints is an important advantage in the RDE scenario. While it would
be possible to specify the RDE coordination problem in termsof only binary con-
straints, the possibility to employn-ary constraints is a strong advantage because it
is well suited for modeling complex situations which involve many different compo-
nents of the smart home. This renders problem specification more intuitive as well as
more compact (in terms of number of constraints). Notice, though, that this comes at
the price of complex value functions as mentioned above. In this respect, the DCOP
specification interface is a strong added value as it allows intuitive constraint specifi-
cation while minimizing the impact of constraint complexity.

The specification interface represents a first step towards atool for facilitating the
process of modeling service coordination in DCOP. Interesting future developments
should focus on providing more sophisticated representational capabilities. An inter-
esting related work in this direction is, e.g.,[Frisch et al., 2005], which focuses on
modeling constraint specifications through refinement and transformation.

7.6 Cooperatively Solving the Coordination Problem

As noted, an ADOPT-N agent is instantiated for each service provided by the com-
ponents of the RDE. Given the current situationS, these agents communicate to
each other messages which allow them to trigger the appropriate behavior. Clearly,
the state of the environment, of the assisted person, and of the services themselves
changes in time: let the situation (i.e., the state of the environment, of the assisted
person and of the services) at timet be St. The DCOP formulation of the coor-
dination problem described earlier represents the desiredbehavior of the system in
function of the possible states of the RDE. Therefore, ifSt 6= St−1, the ADOPT-N
agents must trigger an “instance of coordination” so as to decide the assignmentA
which represents the desired enactment of services.

One of the challenges of the RDE scenario with respect to distributed coordina-
tion is the heterogeneity of the agents. The strong difference in nature between the
various components of the RDE reflects heavily on the coordination mechanism be-
cause of the uncertainty connected to the time employed by services to update the
symbolic information which is passed on to the agents. For instance, the PLT service
is realized through an artificial stereo-vision algorithm the convergence of which is
strongly affected by a variety of factors: first of all, object tracking is difficult when
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many similar objects move in the same space; second, object recognition is generally
difficult when the environment and the agents cannot be adequately structured; third,
when moving observers are used for monitoring large environments the problem be-
comes harder since it is necessary to take into account also the noise introduced by the
motion of the observer. A similar problem affects also the ADL monitor, which must
propagate sensor-derived information on the temporal representation of the behav-
ioral constraints. The aim of the ADL monitor is to constantly maintain a schedule
which is as adherent as possible to the assisted person’s behavior in the environment.
This may require a combination of simple temporal propagation, re-scheduling, as
well as other complex procedures (e.g., deciding which of the violated constraints
are meaningful with respect to verbal warnings and suggestions).

Algorithm 7.2 Synchronization schema followed by each ADOPT-N agenta in the RDE.

iter← 0

Siter ← getSensoryInput(V a
in)

while truedo

Siter−1 ← Siter

/** Wait until (current input has changed) OR (someone else has started) **/

while (Siter = Siter−1) ∧ (iter ≥ a′.iter, ∀a′ 6= a) do

Siter ← getSensoryInput(V a
in)

end while

iter← iter + 1

forall di ∈ Dv∈V a
in
∪V a

out
do

lb(di)← 0 /** Reset lower and **/

ub(di)←∞ /** upper bounds **/

end for

A|V a
out
← runAdopt() /** ADOPT-N termination **/

triggerBehavior(A|V a
out

)

end while

As a consequence, it is in general impossible to have strict guarantees on the
responsiveness of the agents. For this reason the albeit asynchronous solving proce-
dure needs to be iterated synchronously. More specifically,ADOPT-N is deployed in
the RDE as described in algorithm 7.2, according to which theagents continuously
monitor the current situation, and execute the ADOPT-N algorithm whenever a dif-
ference with the previous situation is found. The getSensoryInput() method in the
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pseudo-code samples the state of the environment which is represented by agenta’s
input variablesV a

in. All agents concurrently initiate the ADOPT-N algorithm when-
ever the state changes or another agent has initiated the solving iteration. Thus, when
an agent senses a difference in its input variables, its decision to run the coordination
algorithm is cascaded to all other agents in the priority tree (see the condition in the
internal while loop above).

The values of input variables are constrained to remain fixedon the sensed value
during the execution of the ADOPT-N decision process. As we have seen, this oc-
curs by means of a unary constraint checking procedure whichprescribes that any
value assignment which is different from the sensed value should evaluate to∞, and
is therefore never explored by the agent controlling the variable. As noted earlier,
it is also possible to restrict the values of these variablesby modifying the problem
before each iteration. The constraint checking strategy was employed to facilitate
representation and re-use of code. In fact, the DCOP problemnever needs to change
between iterations, and this allows to minimize the re-initialization phase between
iterations (which can be reduced to resetting the lower and upper bounds of the do-
main values for each variable as shown in the algorithm — see the previous chapter
and[Modi et al., 2005; Pecora et al., 2006a] for details on lower and upper bounds in
ADOPT/ADOPT-N). Moreover, constraint checking procedures are employed to bias
the evaluation of assignments by the AdoptADL agent (implicit in the runAdopt()
call in the algorithm above).

Since ADOPT-N does not rely on synchronous communication between agents, it
natively supports message transfer with random (but finite)delay. This made it pos-
sible to employ ADOPT-N within the RDE scenario without modifying the algorithm
internally. Furthermore, while most distributed reasoning algorithms are employed
in practice as concurrent threads on a single machine (a situation in which network
reliability is rather high), the asynchronous quality of ADOPT-N strongly facilitated
the step towards “real” distribution, where delays in message passing increases in
magnitude as well as randomness.

7.7 Discussion and Conclusions

During the first two years of project development, efforts were concentrated on devel-
oping the technology to realize the individual components (or services) of the RDE.
The services provided by this technology were deployed in the environment accord-
ing to a service-oriented infrastructure, which is described in[Bahadori et al., 2004].
This allowed to draw some interesting conclusions on the usefulness of robots, smart
sensors, and pro-active domestic monitoring in general (see, e.g.,[Cesta and Pecora,
2005]).

In the final year of the project, and in part towards the goal ofparticipating in the
RoboCup@Home competition, the attention shifted from single component develop-
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ment to the functional integration of a continuous and context-aware environment.
The issue was to establish a convenient way to describe how the services should be
interleaved in function of the feedback obtained from the sensory sub-system and the
user. The strategy we chose was to cast this problem, which can also be seen as a
service-composition problem, in the form of a multi-agent coordination problem.

It is interesting to notice that the specific constraint-based formulation of the
coordination problem is strongly facilitated by the possibility to encoden-ary con-
straints. As discussed, this is convenient for modeling thefunctional relationship
among multiple services as it allows to precisely indicate the relationships between
sensed input and the resulting enactment. Another advantage of the constraint-based
formulation is that the system is easily scalable. In fact, adding another sensor, ser-
vice or intelligent functionality requires adding an ADOPT-N agent and its variables
to the problem, and system behavior can be specified incrementally.

Casting the RDE coordination problem has also benefitted from the use of ex-
ternal constraint checking procedures. Their use as an alternative input method for
the sensory agents avoids the need to taint the purely distributed nature of the RDE
with a periodic update of domains (and consequently constraint functions among
neighboring agents). Nonetheless, the most important added value of thecomp-agent
approach is the ease with which external computation can be employed to bias the co-
ordination problem. In the RDE, this is significant in the case of Activity deduction,
where costs are refined on the basis of temporal propagation carried out internally by
the ADL monitor. As in the case of the D-RCTS application (described in the previ-
ous chapter), it is unfeasible to completely model the criteria for evaluating activity
assignments. In fact, just as resource feasibility constraints must be calculated in D-
RCTS, the deduction of the current activity in the RDE must take into account further
knowledge which is deducible only by means of an external procedure. In addition,
we have shown how constraint checking can forebode other incremental refinements
to the DCOP model, such as integrated learning procedures.

This chapter concludes the multi-agent coordination themeof this thesis. Our
starting point in the distributed constraint reasoning theme was the need to deal with
limited capacity resources. The fact that resource-feasibility constraints were not
expressible in the DCOP formulation gave us the motivation to develop ADOPT-N,
through which it is possible to incorporate constraint checking procedures into the
distributed reasoning schema.

The two applicative scenarios we have employed to demonstrate the added value
of constraint checking are very diverse in nature. Nonetheless, both D-RCTS and
the RDE exhibit a common denominator, namely the need to support the distributed
reasoning process with complementary forms of automated reasoning. We have char-
acterized these “plug-ins” as constraint checkers, although this term perhaps under-
states the scope of this form of integrated reasoning. Indeed, in D-RCTS we could
say that thecomp-agents are actuallycheckingresource constraints if their evalu-
ation is boolean (i.e., 0 or∞, depending on whether or not the assignment satis-
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fies resource capacities). The term checking is already lesssuited if the evaluations
correspond to a value which measures the amount of over-consumption, while it is
clearly unsuited for the RDE scenario we have proposed, where the external proce-
dures actually contribute knowledge of different nature tothe coordination problem,
such as sensory information, time-based reasoning deductions, or learned knowl-
edge. This points to an interesting observation, namely that ADOPT-N can be seen as
a framework for integrating diverse reasoning agents within a cooperative reasoning
context. Indeed, the issue of coordinating “non-trivial” agents with DCOP is rather
unaddressed-addressed. We believe that DCOP as a coordination strategy for agents
which do more than decide the value of one variable is a promising direction for fu-
ture research. In this respect, the D-RCTS and RDE domains proposed in this thesis
provide a rather novel benchmark for DCOP-based distributed coordination.

Notice that, in essence, limited resource capacities provide a very straightforward
characterization of the multiple-reasoner problem, although they are by no means the
only motivation for integrated reasoning. In this light, wecan see the work on multi-
agent planning with resources presented in Chapters 2–4 of this thesis as a particular
instance of a more general problem, namely that of integrating multiple, diverse rea-
soning agents within a logically and/or physically distributed coordination scheme.
In this repsect, the issue of providing a flexible modeling formalism for defining co-
ordination problems is of utmost importance. We believe that this is a promising
direction for future work. A starting point for this issue could be the development of
more powerful formalisms for specifying service interaction and invocation in terms
of a DCOP problem. Indeed, one of the goals of ROBOCARE has been to develop
technology which is at least to a certain degree useable by non-experts. This issue has
been partially addressed in ROBOCARE within the realization of one of the agents in
the RDE, namely the ADL monitor. The application provides a behavioral constraint
specification formalism used by caregivers to describe the elements of the assisted
person’s daily schedule which are to be monitored. This and other issues related to
the technology employed to realize the ADL monitor are the focus of Part II.
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Chapter 8

User-Oriented Problem

Abstractions in Scheduling

Part II of the thesis focuses on the methodological aspects concerning the deploy-
ment of automated reasoning frameworks in real-world contexts. This work stems
from our experience in deploying scheduling technology in various domains of ap-
plication. One of these applications is the ROBOCARE Domestic Environment, where
scheduling technology was employed to realize the ADL monitor agent shown in the
previous chapter. The process of casting our scheduling technology for ADL mon-
itoring purposes in the RDE has fostered the development of ageneral modeling
framework for scheduler deployment. This framework, namedT-REX (a Tool for
schedule Representation, rEsolution and eXecution), is the object of Part II of this
thesis. Specifically, T-REX is aimed at facilitating the customization and deployment
of AI scheduling technology in diverse domains of application, and is built on top of
a collection of scheduling and schedule execution monitoring components. Overall,
the framework provides a support tool for facilitating software product line develop-
ment in the context of scheduling systems.

We describe T-REX in two phases. First, we formalize the methodological un-
derpinnings of the modeling approach. We then provide the details of the implemen-
tation of T-REX in the following chapter.

The T-REX modeling framework is based on two layers of abstraction: a first
layer providing an interface with the scheduling technology, on top of which we
define a formalism to abstract domain-specific concepts. We show how this two-layer
modeling approach provides a versatile formalism for defining user-oriented problem
abstractions, which is pivotal for facilitating interaction between domain experts and
technologists during system development.

The chapter is organized as follows. Section 8.1 introducesthe issue of domain
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elicitation as a fundamental problem in the customization of AI problem solving tech-
nology. Section 8.2 describes the first layer of abstraction, namely the technology-
specific ontology, while section 8.3 focuses on the second layer of abstraction, which
provides a formalism for defining scheduling domains. Finally, section 8.4 illustrates
the modeling approach with an example drawn from a space telescope application.
Further instantiation of the modeling methodology is exemplified in the following
chapter, where we focus on the ADL monitoring application mentioned in Chapter 7.

8.1 Introduction

Typically, the process of customizing AI problem solving technology for a particular
applicative context begins with a knowledge acquisition (KA) phase, in which two
actors are involved: on one hand the end-user1, who describes the requirements of the
system in terms of the “real-world” problem which needs to besolved; on the other
the technologist, who must gather the necessary domain knowledge for casting the
end-user’s problem into a well formed problem specificationsuited for the particular
solving technology. This process is often referred to asdomain elicitation, for which
both KA and the ability to employ reusable specifications play a pivotal role (e.g.,
see[Bhansali, 1996] or [Gomaa, 1995] respectively.)

In general, software development involves three aspects, namely information en-
gineering, domain engineering and application engineering. Each aspect of software
engineering designs a solution, and implements or developsa product or sub-product.
Clearly, an issue which constitutes a challenge for any software engineering initiative
is to fuse these engineering methods, and thereby their workproducts, in order to
eliminate redundancies, inconsistencies and other anomalies.

These three aspects can be streamlined and integrated into asingle procedural
framework so as to exploit the commonalities inherent toproduct lines[Weiss and
Lai, 1999; Anastasopoulos et al., 2000]. We believe that an effective domain elicita-
tion process is a fundamental enabling factor for product line optimization. This and
the following chapter describes a methodology to approach the issue in the context
of CSP-based scheduling. Specifically, we concentrate on the problem of facilitating
domain knowledge sharing between the end-user and the technologist. As we will
see by the end of Chapter 9, this has brought us to implement a complete software
development infrastructure for scheduling applications called T-REX. This infras-
tructure facilitates the process of domain elicitation by providing a modeling frame-
work which helps the end-user and the technologist to share knowledge. Specifically,
it defines aninterlingua which is sufficiently expressive to capture the subtleties of

1In Computer Science the term “end-user” may be used to indicate a variety of roles. In the context

of this chapter, the term refers to the person (or persons) who poses the real-world problem which is to

be solved.
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problem modeling, and at the same time close to the end-user’s terminology. This
particular issue is addressed in this chapter.

Some approaches to creating a common terminology for problem specification
rely on technology-specific ontologies aimed at making problem specification more
comprehensible for the end-user (e.g.,[Smith and Becker, 1997; Smith et al., 1996].)
While this ontological layer is a first important step in user-orientation, we argue that
it is not sufficient, because it does not fully re-cast the scheduling-specific technical-
ities in domain-specific (rather than technology-specific)terms. For this reason, the
modeling approach we describe in this chapter consists in two ontological levels (see
figure 8.1): first, a scheduling ontology provides a technology-specific interface, on
top of which we place a domain-oriented modeling layer. Thistop layer provides a
domain-specific terminology and defines procedures to ground this terminology on
the low-level scheduling ontology.

Abstraction

Domain-specific

Technology-specific

ontology

ontology

[T-REX]

User-Oriented Interfaces for
Modeling, Resolution,. . .

[DML]

Scheduling Technology for
Problem Modeling

Scheduling Technology for

[CSP]

Problem Solving

Figure 8.1: Levels of abstraction.

The work described in this chapter accounts the overall modeling framework we
have built around our core scheduling technology. We start by briefly describing the
CSP-based scheduling technology (the lowest block of figure8.1), detailing a low-
level scheduling ontology which we will use to implement thehigher levels of the
stack. We then describe the problem modeling framework which builds upon the low-
level ontology. As we will see, the key idea in this layer is the implementation of a
formalism for the definition of domain-specific ontologies through a Domain Model-
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ing Layer (DML), which, in turn, builds upon the technology-specific ontology. The
definition of domain-specific ontologies (what we shall call“domains” in the rest of
this part of the thesis) allows us to further climb up in abstraction by defining a top
layer which implements a domain-specific interface. This interface is obtained by
instantiating a generic “template” on a particular domain.Thanks to the underlying
domain-specific ontology, an instantiated interface allows the end-user to operate all
functionalities of the underlying scheduling technology (problem specification, reso-
lution, execution monitoring and diagnosis, etc.) in purely domain-specific terms —
for this reason, the particular implementation of this ideais named T-REX: a Tool
for schedule Representation, rEsolution and eXecution.

The advantages of the DML which is the object of this chapter are threefold.
First, a domain-specific ontology provides an effective means of communication be-
tween the end-user and the technologist, thus facilitatingdomain elicitation. In fact,
rather than agreeing on abstract concepts of the application domain, the two actors
must agree on the input language for problem specification. Agreeing on this (non-
ambiguous) language equates to defining the scope of the solver’s capabilities which
are relevant within the particular applicative context. The second advantage is related
to the possibility of automatically instantiating GUIs on top of the defined application
domain. This allows the end-user to use the very first system prototypes, an attrac-
tive prospect given how important it is for the end-user to actively participate in the
early stages of system development. Thirdly, the overall added value of employing
a DML-driven modeling methodology is that it enables us to reduce a large part of
the problem of customizing a particular scheduling component to that of defining a
domain-specific language for problem definition, thus providing a means to quickly
achieve working prototypes of the support tools we are designing.

The results we report here stem from the numerous occasions in which we have
adapted our existing technology, namely the O-OSCAR scheduler[Cesta et al., 2001;
Cesta et al., 2002], within various applicative contexts[Cesta et al., 1997; Oddi et al.,
2003; Bahadori et al., 2004]. The core scheduling component is a direct relative of
a research prototype, and is capable of solving and optimizing a rather general cate-
gory of problems, including Resource Constrained Project Scheduling Problems with
maximum time lags (RCPSP/max[Brucker et al., 1998; Kolisch et al., 1998].) Over-
all, O-OSCAR has evolved over the years into a general working prototype which
has served the purpose of reference software architecture.Its components have been
employed to develop products within our scheduling software product line.

In the following section, we start by bounding the expressiveness of the problems
which fall within the solving capabilities of the core scheduler, thus defining the
technology-specific ontology on which the higher levels of abstraction build. Sec-
tion 8.3 deals with the definition of the DML, in particular defining a formalism for
the specification of domain-specific ontologies. In section8.4 we present an example
instantiation of the formalism in the context of a satellitescheduling application. In
the next chapter, we show how this modeling methodology is incorporated into the
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T-REX deployment support tool, which constitutes a deployable software reference
architecture based on O-OSCAR’s components.

8.2 Technology-Specific Scheduling Ontology

For the purposes of this chapter, we shall define a schedulingproblem as an element
π of a scheduling problem definition languageL, whose symbols are contained in
the following mutually disjoint sets: a setTASKS of tasksymbols; a setPRECS
of precedence constraintsymbols; a setRES of resourcesymbols. The category of
scheduling problems we deal with is defined as follows:

Definition 8.1. A scheduling problemπ ∈ L is a tuple〈T ,P,R, C,U〉 where

• T ⊆ TASKS is a set oftasks; each taskT ∈ T is connected to twotime-

points, st(T ) and et(T ), which represent thestart timeand end timeof task

T ;

• P ⊆ PRECS is a set ofprecedence constraintsbetween any two time-points;

given two time-pointsp1 andp2, we have thatp1
x
−→ p2 ⇐⇒ p2 ≥ x + p1,

wherex ∈ R+ ∪ {0};

• R ⊆ RES is a set of renewableresources;

• C : R → R+ is the function which determines thecapacitiesof the resources;

givenR ∈ R we have thatC(R) = m ⇐⇒ the capacity of resourceR is m;

• U : T × R → R+ ∪ {0} is the function which determines theresource usage

attributes of a task; givenT ∈ T , R ∈ R we have thatU(T,R) = u ⇐⇒

taskT usesu units of resourceR.

Let us give a few explanatory remarks on the above definition (see also figure 8.2.)

Tasks, time points and durations. The basic elements of interest when defining a
scheduling problem are tasks, of which we want to specify a duration and resource
usage attributes. Nonetheless, tasks are not the atomic elements, since they are de-
fined in terms of two time-points, namelyst(T ) andet(T ). Firstly, this is because
a task is inherently associated to a minimum and a maximum durationdlb, dub ∈ R.
Thus, defining a task equates to specifying four objects: thestart and end time-points,

and the two precedence constraintsst(T )
dlb

−−→ et(T ) andet(T )
−dub

−−−→ st(T ), which
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et(T2)st(T1)

et(T1) st(T2)

a

−b

dlb
1

−dub
1

dlb
2

−dub
2

T1 T2

Figure 8.2: A simple example consisting of two tasksT1, T2 such thatT2 must start at leasta

time units afterT1 has started, andT2 must end withinb time units after the beginning ofT1.

constrain the relative distances in time between the beginning and the end of the task
to be included in the interval

[

dlb, dub
]

. Notice that representing durations in terms
of constraints between time-points allows to express flexibility in task duration.

Also, a scheduling problem inherently defines two additional time-points, named
source(⊥) andsink (⊤), which represent, respectively, the beginning and the endof
the time horizon within which scheduling occurs.

Precedence constraints. The two precedence constraintsst(T1)
a
−→ st(T2) and

et(T2)
−b
−→ st(T1) in figure 8.2 indicate, respectively, thatT2 must start at leasta

time units afterT1 has started, and thatT2 must finish withinb time units after the
beginning ofT1.

It is common practice in fields such as project scheduling to work at higher lev-
els of abstraction with respect to precedence constraints,typically specifying prece-
dences between tasks rather than their time-points. In project scheduling[Brucker
et al., 1998; Schwindt, 1998] for instance, two types of constraints can be modeled,
namelyminimumand maximum time-lags(aka, generalized precedence relations.)
A minimum or maximum time-lag between two tasksTi andTj usually represents a
constraint betweenst(Ti) andst(Tj). As a result, when defining a project scheduling
problem we are bound to the semantics of the concepts of minimum and maximum
time-lags, which represent a commitment to a specific combination of time-points.
It is important to notice that this fixed semantic for precedence constraints in project
scheduling represents adomain dependent choice. Modeling scheduling problems in
more general domains requires more flexibility in constraint definition, as suggested,
for instance, in the scheduling ontology proposed in[Smith and Becker, 1997]. We
have chosen not to commit to particular combinations of time-points in our frame-
work so as to ensure a larger spectrum of modeling capabilities2.

Resources. As shown in definition 8.1, the category of scheduling problems we
deal with is characterized by renewable resources. In more specific terms, this in-

2More precisely, the temporal sub-problem we refer to is an STP (Simple Temporal Prob-

lem [Dechter et al., 1991].)
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Operator Semantics

create task(t,min,max) T = T ∪ {t }

P = P ∪

{{st(t )
min
−−→ et(t )},

{et(t )
−max
−−−→ st(t )}}

create res(r,cap) R = R∪ {r }

C(r ) = cap

set res usage(t,r,use) U(t , r ) = use

create pc(t1,p1, P = P ∪

t2,p2,x) {p1(t1 )
x
−→ p2(t2 )}

where

p1 , p2 ::= st |et

Figure 8.3: The four elementary operators for building scheduling problem instances accord-

ing to definition 8.1.

cludes single and multi capacity resources. The usage profile of a resourceR ∈ R
in a specific instant of timet is determined by the sum of the of the resource usage
attributes of the tasksTt ⊆ T which are executed at timet, i.e.,C(R)−

∑

T∈Tt

U(T,R).

Due to the underlying scheduling technology this modeling framework is built upon,
we do not deal with consumable resources, which is an issue for future work.

Defining Scheduling Problems. Based on definition 8.1, we can identify the basic
procedural elements involved in the definition of a scheduling problem as shown in
figure 8.3, where the semantics of four elementary operatorsare detailed by means of
the notation introduced in the definition. It is worth noticing that thecreate task()
operator allows for the specification of tasks with variabledurations by creating
lower and upper bounds between the start and end time-pointsof the task which
is being created. It should be clear that the above operatorsprovide an operational
means for defining any scheduling problem in the low-level scheduling ontology of
choice (in our case provided by definition 8.1), since they define all elements of the
〈T ,P,R, C,U〉 tuple. In section 8.3 we will use these operators as atomic elements
for defining the semantics of the domain-specific terminology for the end-user. In ad-
dition to the operators, we define three query functions for the retrieval of the problem
parameters which are specified by means of the operators (figure 8.4.) Their role shall
be clarified in section 8.3.1.

Abstractions built on low-level scheduling ontologies such as the four operators
shown above are employed in a variety of contexts connected to component cus-
tomization. For instance, in[Van Hentenryck and Michel, 2004] it is shown how
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Function Return value

get capacity(id) C(id )

get bound(id1,p1, x s.t.

id2,p2) {p1(id1 )
x
−→ p2(id2 )} ∈ P ,

p1 , p2 ::= st |et

get usage(id1,id2) U(id1 , id2 )

Figure 8.4: Query functions: all return types are real.

similar operators can be used to define local search techniques. In the context of this
modeling framework our modeling objective is different, namely focusing on how to
compose these elementary procedures with the aim of defining“pieces” of domain
knowledge.

8.3 Knowledge Acquisition as Modeling Domain-Specific On-

tologies

The knowledge representation framework which is the objectof this thesis is com-
posed of two layers. As we have seen, the first layer consists in a technology-specific
ontology which provides a low-level interface for problem specification. As well as
defining the basic elements of scheduling problems, this low-level ontology provides
a scheduling problem definition formalism whose expressiveness allows to specify all
and only the scheduling problems belonging to the low-levelontology. As depicted
in figure 8.5, we refer to this formalism as a problem specification languageL.

Clearly, the larger the problem category described by the ontology is, the more
versatile the specification formalism will have to be (see, e.g., the ProGen/max for-
malism[Schwindt, 1998] for specifying RCPSP/max problems[Brucker et al., 1998].)
But a versatile problem specification formalism comes a cost. It is often the fact that
building a scheduling problem through the low-level, solver-specific formalism can
be a demanding task even for a scheduling expert. Moreover, the more elaborate
modeling needs encountered when casting a specific real-world problem by means of
this formalism would turn out to be not only tedious but also definitely out of reach
for someone not proficient in scheduling.

For this reason, we build a second layer in our modeling framework, aimed at pro-
viding an interface between the low-level ontology and the domain-specific concepts
which compose the end-user’s problem. In this section we thus move to the second
layer of abstraction depicted in figure 8.1. The Domain Modeling Layer (DML) we
describe here provides the technologist with a formalism todescribe domain-specific
“building blocks” for the definition of scheduling problemswithin the particular ap-
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plicative context. These building blocks are agreed upon during the knowledge ac-
quisition phase, and their aim is twofold: first, they restrict the expressiveness of
the problem definition formalismL to a subset of the scheduling problems express-
ible in the low-level ontology; second, they represent a collection of domain-specific
terms which are close to the end-user’s usual way of thinking. Thus, we refer to a
collection of these building blocks as adomain, since they encapsulate elements of
the end-user’s domain knowledge, and describe how these elements of knowledge
are transformed into elements of a scheduling problem. In this sense, a domain rep-
resents an ontology which defines all and only the terms whichare necessary to the
particular end-user for specifying a problem in the domain of interest. The concept of

End-user
(domain expert)

to the low-level ontology)
(all problems which adhere

problem specification
level of

abstraction

π ∈ LD

(elementary operators)
Low-level ontology

Problem modeling layer
(domain-specific terms)

L

LD

DomainD

Figure 8.5: A scheduling domain definition corresponds to the specification of a language

LD which restricts problem definition to the subset of all scheduling problems which are

expressible within the application domain.

domain can be in more precise terms (see also figure 8.5): a scheduling domainD for
a problem definition languageL is a grammar which defines the languageLD ⊆ L
containing all scheduling problems which are expressible within the specific applica-
tive context modeled inD.

The interaction between the end-user and the technologist during KA can thus
occur as follows: (1) the technologist performs domain elicitation by interacting with
the end-user; (2) as a result, the technologist produces a domain D which encap-
sulates the low-level problem definition procedures withinterms which are close to
the end-user’s expertise; (3) the end-user employs the terminology defined inD to
specify a real-world problem, which can be compiled (4) intoa low-level scheduling
problemπ ∈ LD ⊆ L.

The remainder of this section describes in detail a formalism for specifying do-
mains (i.e., domain-specific ontologies.) The DML is implemented by this formal-
ism, along with the associated compiler which transforms anend-user’s problem
specified in terms of the ontology coded in the domain definition into a low-level
problem definition inL.
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8.3.1 Domain Modeling Layer

Defining a scheduling domain thus equates to specifying the language of all schedul-
ing problems which adhere to a particular structure. The building blocks which are
used to define this structure are calledconstructs. A construct has two main charac-
teristics: (1) it represents a domain-specific term (i.e., an element of the end-user’s
terminology), and (2) it defines how this term is mapped into the underlying schedul-
ing problem specification formalism given by the four operators of figure 8.3. As a
consequence, a domain is defined as a collection of constructs. The details of the
domain definition language we employ in our modeling framework are shown in fig-
ure 8.6.

<domain> ::= (define (domain <string>)

[<constants>] <construct-def>* )

<constants> ::= (:constants <const>* )

<const> ::= <string> <value>

<value> ::= <expression> | <string>

<construct-def> ::= (:construct <string> <params> <ops>)

<params> ::= :parameters ( <string>* )

<ops> ::= :operators ( <operator>* )

<operator> ::= create task( <string>, <string>, <expression>) |

create res( <string>, <expression>) |

set res usage( <string>, <string>, <expression>) |

create pc( <string>, <time-point>, <string>,

<time-point>, <expression>)

<time-point> ::= st | et

<expression> ::= ( <expression> ) |

<expression> + <expression> |

<expression> - <expression> |

<expression> * <expression> |

<expression> / <expression> |

<function> | <float>

<function> ::= get capacity( <string>) |

get usage( <string>, <string>) |

get bound( <string>, <string>, <string>, <string>)

Figure 8.6: EBNF of the scheduling domain specification language. By defining a domain,

the scheduling expert encapsulates the procedures necessary for scheduling problem defini-

tion within a set of terms which are close to the end-user’s terminology.

A domain specification begins with the optional definition ofdomain-specific
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constants. In addition to the user-specified constants, there are two predefined con-
stants,source andsink , which represent, respectively, the time-points⊥ and⊤.
Notice also that the first and third arguments of thecreate pc() operator repre-
sent task IDs. These arguments have no meaning in the event that the relevant time
point issource or sink , and are thus ignored.

After defining the constants, the domain designer proceeds with the definition of
constructs. Each construct has a list of parameters and a sequence of operators which
define how the construct is translated in terms of the scheduling problem specifica-
tion.

<problem> ::= (define (problem <string>) (:domain <string> )

(:specification <ground-construct>* ))

<ground-construct> ::= ( <string> <arguments>* )

<arguments> ::= <string> | <float>

Figure 8.7: Syntax of scheduling problem definition, through which the end-user instantiates

the scheduling problem definition procedures specified in the domain definition.

Figure 8.7 shows the problem definition syntax through whichthe end-user in-
stantiates the scheduling problem definition procedures specified in the domain def-
inition. A reference domain is indicated, after which a sequence of construct in-
stantiations is specified. Again, a sequence of ground constructs represents a set of
domain-specific, technology-independent terms through which the end-user can cast
a real-world problem into an element of the solver’s problemspecification formalism
L.

In conclusion, the second layer of the modeling framework consists in a collection
of constructs (a domain specification), which can be instantiated (through a problem
definition) by the end-user. In the following section we showan example which puts
this top layer to work in the context of a typical scheduling application.

8.4 Modeling a Satellite Scheduling Application

In order to clarify how the above domain and problem specification formalism pro-
vides the end-user with a tool to specify scheduling problems using only domain-
specific terminology, we present a simple example in the domain of satellite opera-
tions. The simplified space observation satellite which defines our reference domain
is (loosely) inspired by the Hubble Space Telescope domain described in[Muscettola,
1994].

Problem statement. Figure 8.8 shows the simplified satellite which defines our
reference domain, and is (loosely) inspired by the Hubble Space Telescope domain
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described in[Muscettola et al., 1992]. The model is composed of a series of on-

Earth

Data

Data stores Scientific instruments

Antennaa

Antennab

path

Targets
device
Pointing

Figure 8.8: A simplified space telescope, with multiple scientific payloads and two antennas

for data relay.

board scientific payloads, which, through a pointing device, can be directed towards
a target to perform specific observations. The payloads store the observed data on
memory buffers of limited capacity (data stores.) The satellite is also equipped with
two antennas to relay the stored data back to earth (a processcalled down-linking.)
When a data store is full, any further data gathering on behalf of the corresponding
payload will overwrite the data. This is where the scheduling problem arises: it is
necessary to compute a series of down-link operations in order to keep the data stores
from saturating, thus allowing the scientific payloads to operate continuously and
efficiently3.

Given a set of tasks which represent down-link operations,{T1, . . . , Tk}, the
scheduling problem consists in allocating them in time in order to minimize data
loss. Each task represents the transmission of onepacketof data (each constitut-
ing a portion of the contents of a data store) by means of one ofthe two available
antennas. In this simplified scenario, we assume that there are only two overall con-
straints, namelylimited data-rateof the two down-link communication channels (d1

3Clearly, this domain poses not only a scheduling problem, but also a planning problem, namely

that of synthesizing the down-link operations as a result ofthe observation operations (i.e., the use of

the payloads) and of the consequent saturation of the data stores. A very similar problem is shown

in [Oddi et al., 2003], which describes an integrated planning and scheduling system for the automatic

generation of memory dumping operations for the Mars Express orbiter. As for our example, we shall

disregard the planning problem and focus on the underlying scheduling problem.
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andd2 bps), and the existence ofinvisibility windows, i.e., the time intervals within
the scheduling horizon[0,H] during which the communication channel with Earth is
broken because of the relative astronomical position of thesatellite and Earth. These
constraints are modeled as follows:

Communication channel data-rate. Two renewable resourcesRa andRb of capac-
ity C(Ra) = d1 andC(Rb) = d2 are modeled. Each down-link taskTi occupies
a certain percentage of the down-link channel bandwidth, thus U(Ti, Ra) =
s, 0 < s ≤ C(Ra) ∨ U(Ti, Rb) = s, 0 < s ≤ C(Rb), wheres is the size of
the packet.

Invisibility windows. A taskT j
i is added for each invisibility interval of thej-th an-

tenna.T j
i is constrained to be executed at fixed points in time corresponding

to the start and end timessi andei of the i-th invisibility window, thus⊥
si−→

st(T j
i ), st(T j

i )
−si−−→ ⊥ andst(T j

i )
(ei−si)
−−−−→ et(T j

i ), et(T j
i )

(si−ei)
−−−−→ st(T j

i ).
During its execution, each taskT j

i consumes the entire capacity of thej-th
down-link channel, that is,U(T j

i , Rj) = C(Rj), j ∈ {a, b}, thus making it
impossible for any down-link operation to be scheduled during an invisibility
window.

In more simple terms, the above requirements can be summarized as follows. The
communication channel data-rate limitations are modeled as resource capacity con-
straints, together with appropriate resource usage parameters for the down-link tasks.
On the other hand, the invisibility window constraints are modeled by means of the
dummytasks{T a

1 , . . . , T a
m} ∪ {T

b
1 , . . . , T b

n} which “steal” the entire capacity of the
communication channels of the two antennas in predetermined time intervals. Since
the start times and durations of the invisibility windows are known beforehand, the
execution time of the corresponding tasks is fixed in the problem definition by im-
posing equal lower and upper bounding precedence constraints with respect to time
zero (i.e., the source task.)

Domain definition. The description given above captures the structural trademarks
of any problem in the simple satellite domain, thus encapsulating the domain knowl-
edge in this particular applicative context. By employing the four elementary opera-
tors given in figure 8.3, it is possible to produce a scheduling problem specification
following these guidelines. However, it is easy to appreciate two facts: (1) the defini-
tion of any particular problem in the simple satellite domain can only be achieved by
a scheduling expert, and (2) even a scheduling expert would find the task of repeat-
edly formulating simple satellite problems in terms of the four elementary operators
extremely tedious. By means of the domain definition formalism we have shown in
the previous section, we can encapsulate the details of scheduling problem defini-
tion into domain-specific constructs. It is the scheduling expert who defines these
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constructs based upon the “elements” of the end-user’s problem specification termi-
nology, and in a way that reflects the semantics which the end-user associates to these
elements. In the context of the simple satellite application, three main concepts with
which the end-user is familiar with are presumably (1) antennas, (2) down-link op-
erations, and (3) invisibility windows. A domain definitionwhich encapsulates the
details of problem specification into these three concepts is as follows:

(define (domain simple satellite)

(:constants packet size 16)

(:construct antenna

:parameters (id datarate)

:operators (create res(id,datarate)))

(:construct downlink operation

:parameters (id ant)

:operators (create task(id,

packet size/get capacity(ant),

packet size/get capacity(ant))

set res usage(id,ant,packet size)

create pc(null,source,id,st,0)

create pc(id,et,null,sink,0)))

(:construct inv window

:parameters (id start end ant)

:operators (create task(id,(end-start),(end-start))

set res usage(id,ant,get capacity(ant))

create pc(null,source,id,st,start)

create pc(id,st,null,source,-start)

create pc(id,et,null,sink,0))))

Even though the satellite domain we refer to is quite simplistic, the constructs hide a
great deal of technicalities. For instance, the first twocreate pc() operators in the
inv-window construct encode a fix-time constraint, while the constructantenna
masks the creation of a resource in correspondence of every new antenna. Also, the
downlink-operation construct encapsulates another piece of domain knowl-
edge, namely the fact that the duration of a down-link operation depends on the bit-
rate of the antenna which is used to transmit the data packet.The example should also
explain the need for the query functions shown in figure 8.4. In the inv-window
construct, for instance, theget capacity() function avoids having to include the
capacity of the antenna in the parameters. As a consequence,the user is required to
specify the data-rate of the antenna only when declaring it the first time (through the
antenna construct), and not when declaring an invisibility window.
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Problem definition. By using the constructs in thesimple-satellite domain
definition, the end-user is no longer required to think in terms of the〈T ,P,R, C,U〉
tuple (indeed, the user no longer needs to know that the support technology he or she
is using is a scheduler in the first place.) Thus the user needsonly to specify a series
of instantiations of the constructs, in which the parameters represent those attributes
that are meaningful for the user. An end-user problem specification which employs
thesimple-satellite domain we have just created may look like this:

(define (problem test prob)

(:domain simple satellite)

(:specification

(antenna a 500)

(antenna b 450)

(downlink operation op1 a)

(downlink operation op2 b)
...

(downlink operation opK a)

(inv window win1 156 2243 a)

(inv window win2 158 2341 b)
...

(inv window winN 10998 13181 b)))

In this example problem specification, the user has modeled two antennas with dif-
ferent bit-rates, a sequence of down-link operations and a set of invisibility windows
for the two antennas. Again, notice that concepts such as invisibility windows are
masked from the point of view of problem definition in terms ofthe four low-level
operators, thus the problem modeler does not need to have anyparticular knowledge
of scheduling-specific concepts, such as constraints, resource capacities and so on.
Indeed, modeling the problem in the simple satellite domainequates to specifying a
list of antennas, planned down-link operations and invisibility windows.

8.5 Summary

In this chapter we have provided the fundamental building blocks of a domain model-
ing methodology aimed at facilitating domain elicitation and scheduling tool deploy-
ment in real-world domains. We have illustrated a two-layered modeling approach,
where the highest layer provides the means to express abstract constructs which re-
flect domain-specific terminology. This layer is grounded ona lower layer which pro-
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vides a technology-specific ontology, i.e., an interface between the building blocks
of the high-level constructs and the elements of the technology-specific modeling
formalism.

In order to further illustrate the two-layer modeling approach, we have also pro-
vided an example drawn from a space telescope domain, showing that the instan-
tiation of complex temporal constraints and concepts such as invisibility windows
can be made intelligible by a domain expert through the use ofthe domain modeling
layer.

In the following chapter, we continue along the path outlined in figure 8.1 by
describing how a domain description can be used to automatically instantiate an ab-
stract GUI for domain-specific user interaction. We complete this description with an
example drawn from the ROBOCARE domestic monitoring context.



Chapter 9

T-REX: a Support Tool for

Scheduling Technology

Deployment

In the previous chapter we have shown how a part of the solver customization process
operated by the scheduling expert can be reduced to designing what we have called a
domain, which encapsulates the domain knowledge describedby the domain expert
and defines how a real-world problem is cast into a schedulingproblem specifica-
tion in the low-level ontology. As we have seen, the problem specification formalism
which stems from the domain definition allows the end-user tospecify real-world
problems through a domain-specific terminology which he or she is familiar with.
Nonetheless, a big part of solver customization still remains unaddressed, namely
the integration of the modeling framework into a complete tool for scheduler deploy-
ment. Specifically, the aim of this chapter is to show how defining a domain can also
subsume the process of generating instantiations of scheduling components, includ-
ing domain-specific user interfaces. The concrete implementation of the modeling
framework, named T-REX, is exemplified in the RDE scenario described in Chap-
ter 7. Specifically, we show how the ADL monitoring agent is obtained by grounding
T-REX on an ADL monitoring domain description.

The chapter is organized as follows. Section 9.1 outlines the general structure
of the deployment support tool we aim to realize. The implementation of the tool is
then detailed through the use of examples in the ROBOCARE domestic monitoring
scenario (section 9.2). Finally, section 9.3 demonstrateshow the tool is employed
to obtain a “caregiver console” for specifying behavioral constraints in the domestic
monitoring scenario.

155
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9.1 From Domains to User Interfaces

In this chapter, we describe a GUI-enhanced tool which allows the domain expert
to interact with the underlying core scheduling technologyin domain-specific terms.
This is achieved by automatically “instantiating” an abstract GUI template on top of
the second modeling layer. Specifically, we present a further layer on top of our mod-

T-REX

Domain expert
(end-user)

DML (compiler, ontology,. . .)

component output

component output

DomainD

interaction

Core scheduling components

Problemπ ∈ L

Problemπ′ ∈ LD

Figure 9.1: The T-REX support tool for domain-specific solver development.

eling framework which implements domain-specific GUIs through which the user can
interact with the core scheduling components through domain-specific terminology.
This interface is achieved by automatically instantiatinga generic template with the
construct definitions present in the domain (see figure 9.1.)Thus, the domain spec-
ification not only encapsulates the output of the KA phase, but it also constitutes a
“configuration file” for generating a custom problem specification GUI. Additionally,
this tool integrates these ideas with the schedule execution monitoring technology
described in[Cesta and Rasconi, 2003], exploiting and extending the functionalities
of an existing software architecture, namely O-OSCAR (Object-Oriented Scheduling
ARchitecture)[Cesta et al., 2001]. For this reason, the architecture we describe con-
sists in a tool for problem modeling, solving, execution monitoring, and diagnosis,
thus the name T-REX (a Tool for schedule Representation, rEsolution and eXecu-
tion).

Rather than continuing with the satellite example, we describe the details of the
interface in the context the ROBOCARE Domestic Environment (RDE) described in
Chapter 7. The RDE domain is interesting because it constitutes a rather unorthodox
application for our scheduling technology. In fact, the main focus is given to the
representationfeatures of the technology itself, emphasizing less on its automatic
solving capabilities. We employ this running example precisely because this shift in
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emphasis highlights the general purpose nature of the modeling framework we are
describing.

9.2 Monitoring Daily Activities in the ROBOCARE Domestic

Environment

The intelligent system developed for the RDE is devised as a multiplicity of hard-
ware (i.e., sensors) and software agents. All agents can be thought of as peripheral
components of a single complex system, whose aim is to createan intelligent and
supporting environment. In particular, the beneficiaries of this application are el-
derly people whose every-day independence may be improved by such a monitoring
infrastructure.

The goal we wish to achieve in this application is to develop an intelligent super-
vision agent for an elderly person to be deployed in his or herhome. The idea is to
employ our technology for schedule representation, manipulation and monitoring to
assess the adherence of the daily activities of an elderly person to a set of predefined
behavioral constraints. In short, these constraints represent behavioral requirements
concerning habits such as diet, medicine taking, physical or recreational activities.
These requirements are specified by a caregiver, who is responsible for specifying
some aspects of the elderly person’s daily routine which must be monitored. Clearly,
each caregiver represents a domain expert (or end-user) of the technology, since it
is the caregiver who casts a real world schedule monitoring problem by specifying
the particular tasks and constraints to be monitored. Thus,depending on the specific
role a caregiver has in the care of the assisted person, he or she will instantiate the
constructs contained in a domain definition which is specifically designed for this
role. In this light, we achieve through T-REX a rudimentary but complete “caregiver
console”, which allows the caregiver to specify, monitor, and diagnose the behav-
ioral constraints to which an assisted person should comply— and at the only cost
of defining a domain which reflects the particular role of the caregiver.

Figure 9.2 depicts the scheme of principle of the RDE supervision system. The
environmental supervisor is achieved by “coupling” environmental sensors (for in-
stance stereo-cameras) with an execution monitoring module. Together, these two
components provide basic services for monitoring the dailyschedule of an assisted
elderly person in his or her apartment. On one hand, the stereo-camera observes the
environment, and by means of its 3D localization capabilities[Bahadori et al., 2004],
compiles symbolic information (such as the presence, position and permanence of
persons and/or objects) determining, to a certain extent, the current state of the en-
vironment. This information is then processed by the execution monitoring module.
By means of an internal representation of the assisted person’s nominal schedule,
this module is capable of recognizing inconsistencies in the actual execution of the
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Figure 9.2: Scheme of principle of the ROBOCARE Domestic Environment.

activities as they are performed by the assisted person. Theloop is closed through the
output of the execution monitoring service, which can consist in suggestions, alarms
and other such signals.

The principal aim of the supervisory system is to assess any violation of the
constraints prescribed by the caregiver in the assisted person’s daily schedule. This
forebodes two useful functionalities of the system: first, the monitor is capable of
determining the extent to which the daily activities of the assisted human(s) adhere
to the requirements specified by the caregiver; secondly, itis possible to define on-
line reaction schemes to particular categories of constraint violations. For instance,
if an assisted elderly person decides to perform an activitywhich contrasts with a
particular medication requirement (e.g., no eating for twohours after having taken
a particular medication), the system would recognize the inconsistency and trigger a
contingent plan to solve the situation (suggestions, alarms, and so on.)

The following paragraphs detail the GUI as it is generated byan example ROBO-
CARE domain for a prototypical caregiver. Again, none of the system’s functional-
ities are specifically tailored for this application, beingthe domain specification the
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only repository of application-specific knowledge.

9.3 Instantiating T-REX on the ROBOCARE Domain: the

ROBOCARE Caregiver Console

We now show how the domain specific interface generated by instantiating T-REX

on the ROBOCARE domain specification constitutes (at least in principle) a complete
prototype for the “caregiver console” we wish to achieve by customizing our schedul-
ing technology. The main screen of the generated interface is depicted in figure 9.3.
The left part of the interface contains a set of buttons whichallow the user to instan-

Figure 9.3: The graphical environment, composed of three main areas (fltr): buttons for

instantiating constructs, textual view of the current specification, and a command panel for

controlling the core components.

tiate the constructs described in the domain (one button forevery construct.) Recall
that a construct is a metaphor which maps a high level conceptto a “piece” of the
low-level scheduling problem description, which is normally beyond the caregiver’s
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competence. Thus, the buttons represent the basic tools with which the caregiver can
specify the desired behavioral pattern to be monitored. If the domain is well defined,
these elements are sufficient to describe all the possible behaviors the caregiver is
interested in monitoring.

The domain used in the ROBOCARE project defines the following constructs (we
omit for clarity the details of the domain specification):

• room : used to define each room of the environment;

• assisted person : used to define the names of the people who will have to
be monitored;

• breakfast : used to define the breakfast task; this as well as the following
tasks must be executed in a specific room, by a specific person,and are char-
acterized by a start and an end time;

• lunch : used to define the lunch task;

• dinner : used to define the dinner task;

• medication : used to define a task related to medicine taking;

• meal bound medication : same as the previous construct, with the dif-
ference that these tasks are temporally bound to meals (e.g., aspirin cannot be
taken before eating);

By clicking on each button, the proper data input window popsup (e.g., see fig-
ure 9.4 for thelunch andmeal bound medication constructs), in which the
caregiver can specify all the necessary parameters for construct instantiation. Ad-
ditionally, a tip is associated to each parameter, describing the meaning of the pa-
rameter in the context of the specific construct which is being associated. The tips
are also dynamically generated from the domain, the definition of which has been
extended with:help directives. For instance, the complete construct definition of a
meal bound medication is as follows:

(:construct meal bound medication

:parameters (room person product dur meal min max)

:operators (

create task(product,dur,dur)

set res usage(product,person,1)

set res usage(product,room,1)

create pc(product,et,null,sink,0)

create pc(meal,et,product,st,min)



9.3. InstantiatingT-REX on theROBOCARE Domain: theROBOCARE Caregiver
Console 161

Figure 9.4: Instantiation of thelunch andmeal bound medication constructs.

create pc(product,st,meal,et,-max))

:help (room ’Name of the room where the medication is taken’)

:help (person ’The assisted person who must

take this medication’)

:help (product ’Name of the medication’)

:help (dur ’Nominal duration of the

medication-taking process’)

:help (meal ’Meal with respect to which this

medication is bound’)

:help (min ’Minimum time lag between end of

meal and this medication’)

:help (max ’Maximum time lag between end of

meal and this medication’))

It should be noted that by employing the parameter specification forms for con-
struct instantiation, which include the possibility of accessing the:help text, the
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caregiver is given the opportunity to easily specify complex temporal relationships
among the activities of the plan. This is the case, for instance, in the instantiation of a
meal bound medication , where the details related to minimum and maximum
time lags between tasks, as well as the time-points involved, are encoded in the con-
struct definition and made available to the end-user throughthe parameters and the
associated tip.

As the constructs are added to the current behavioral pattern, they are shown in
the central panel of the interface, giving the user an immediate and clear textual view
of the plan which is being synthesized (see the “Specification” panel in figure 9.3.)
Instantiated constructs can also be removed from the plan byclicking the “Remove
element” button.

9.4 Accessing the Core Functionalities inT-REX

In addition to the basic modeling functionality we have described so far, a funda-
mental property of T-REX is that it allows the end-user to access other functionalities
provided by the core scheduling components within the specific context described in
the domain specification. Thanks to the fact that the DML provides a domain-specific
ontology, it is also possible to interpret the output of the core scheduling components
in domain-specific terms. In the current implementation of T-REX we have achieved
this for three of the underlying functionalities, namely solution representation, exe-
cution monitoring, and diagnosis. As before, we describe these functionalities within
the ROBOCARE domain.

9.4.1 T-REX for Solution Representation and Execution Monitoring

The execution monitoring functionality of T-REX (accessed through the “Monitor”
button) is devoted to assessing the adherence of the actual execution of the activities
which model the pattern prescribed by the caregiver as they are performed by the
assisted person. Execution monitoring commences by compiling the current problem
against the reference domain into the low-level schedulingformalism. The system
solves this problem and displays a Gantt chart representingthe solution found (see
figure 9.5.) From the point of view of the caregiver, a result of “no solution found” in-
dicates that the proposed behavioral specification is inconsistent. Thus, the execution
monitoring module is initially responsible for the detection of possible specification
errors committed by the caregiver. In fact, during the preparation of the behavioral
patterns on behalf of the caregiver, not all the tasks which will have to be monitored
must necessarily follow a pre-specified causal order; on theother hand, the caregiver
may make some mistakes in the production of the plan and produce a schedule with
two or more overlapping tasks. In both cases, as soon as the plan is loaded, possi-
ble inconsistencies can be detected. Indeed, for this reason theassisted person
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Figure 9.5: The initial schedule, which models the assistedperson’s “nominal” behavior.

construct, which is deputed to the definition of the assistedperson, masks the creation
of a binary resource

(:construct assisted person

:parameters (name)

:operators (create res(name,1))

:help (name ’Name of the assisted person’))

and every other construct which defines a taskX includes theset res usage-
(X,person,1) operator, whereperson indicates the name of the binary resource
associated to the person involved in the construct instantiation. Therefore, if for
instance the user erroneously models the presence of two or more tasks which have to
be executed by the same person and are temporally overlapping, the inconsistency is
detected as a resource conflict which cannot be resolved, thus inducing solver failure.

Given a consistent set of constraints, the scheduling capabilities of the system are
thus called into play, and the tool proceeds to find a valid daily schedule which satis-
fies the constraints modeled by the caregiver by adequately sequencing the activities:
if the resulting schedule is satisfactory for the caregiver, execution monitoring may
directly commence, otherwise the preparation of a different pattern will be necessary.

Execution monitoring can be started at any time by the caregiver. Once the moni-
toring is started, the tool enters a loop where data concerning the assisted person’s be-
havior is periodically received from the environmental sensors and analyzed1. Given
the signals generated by the sensors, the status of each activity which is part of the
behavioral pattern is recognized; the system propagates the instants in which all tasks
initiate and terminate, according to the person’s actual behavior. The results of the
signal analysis are continuously reported on the Gantt chart, which reflects at all
times the execution status of the person’s tasks.

1The details of the sensor-monitor loop have been described in Chapter 7.



164 9. T-REX: a Support Tool for Scheduling Technology Deployment

Figure 9.6: Complex schedule under execution. Arrows represent the effects of disturbance

propagation on the nominal schedule.

Figure 9.6 shows a screen-shot taken during the execution ofa more complex
schedule instance, in which the execution of 72 activities is being followed by the
execution monitor. While the details of schedule executionmonitoring are outside
the scope of this thesis (we refer the reader to[Cesta and Rasconi, 2003; Cesta et al.,
2001] for more detailed analyses), we would like to notice that therepresentation
and execution monitoring functionalities provided by the core scheduling compo-
nents constitute a useful functionality for the caregiver console, allowing the human
supervisor to follow the daily routines of one or more assisted persons through the
intuitive metaphor provided by the Gantt chart representation.

9.4.2 T-REX for Execution Diagnosis

During execution monitoring, all deviations from the nominal schedule are recorded,
and can be analyzed through the interface in caregiver-specific terms — as such, the
recorded execution log constitutes a diagnostic view of theassisted person’s actual
behavior. The caregiver can access this information by selecting the “Diagnostics”
command, as a result of which the constructs which are involved in any constraint vi-
olation are highlighted (see figure 9.7.) The mechanism by which constraint violation
is mapped to one of the instantiated constructs which compose the end-user’s prob-
lem specification is straightforward: the execution monitor reports the violation of a
constraint in terms of the low-level operator which createdthe constraint in the initial
problem definition; the instantiated construct that led to this particular instantiated
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operator is thus singled out, and highlighted in the GUI.

Figure 9.7: A constraint violation is being highlighted in the specification panel.

In addition to reporting constraint violations in domain-specific terms, the inter-
face also provides a qualitative indication on the instantiated construct involved in a
constraint violation (see the column to the left of the specification list in figure 9.7.)
Specifically, T-REX can be configured to filter constraint violations based on a pre-
defined template such as the following:

(:template soft constraint

:flag S

:parameters (x y z)

:operators (create pc(null,source,x,y,z)))

This template specifies that the violation of a constraint between⊥ and another task
is to be reported as a soft constraint violation. In caregiver terms, this entails that if
an activity is started before the projected minimum start time (e.g., breakfast starts
early), then this is notified to the caregiver with theS flag. Notice that this informa-
tion may very well be important, for instance in the long run if the caregiver needs
to analyze certain trends in the assisted person’s habits, although it is quite straight-
forward to recognize that such constraint violations are not crucial. Conversely, one
type of constraint whose violation can be considered “hard”is for instance the mini-
mum/maximum time lags which separate meals and medications. This can be mod-
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eled as a template which binds with any task-task constraints (i.e., not involving the
source time-point.)

It is straightforward to notice that the reporting functionalities of T-REX can be
greatly improved by providing a more flexible specification formalism for defining
constraint violation templates. While this is the object offuture work, we would like
to stress the fact that having integrated the core components of our scheduling tech-
nology within the two-layered modeling framework described here has directly en-
abled the development of a reporting functionality which isat the same time domain-
specific and general-purpose (i.e., automatically obtainable within any domain).

Finally, we should notice that the ADL monitor agent employed in the RDE co-
ordination framework (described in Chapter 7, Part I) employs constraint violation
templates as a means to distinguish constraints which lead to the intervention of the
robotic mediator and those which don’t. Specifically, the two flags ignore and
report are associated to classes of constraint violations, indicating whether the in-
put variable ConstraintViolation (see the DCOP formulation of the RDE coordination
problem, section 7.3) should be set to, respectively,NO (thus avoiding system inter-
vention) orYES (thus prompting Lucia to act upon the violation with a verbalized
warning).

9.5 Summary

In this chapter we have described T-REX, modeling framework for facilitating the
realization of schedule representation, resolution and execution software. Given a
domain definition in the formalism introduced in the previous chapter, the frame-
work allows to automatically obtain a user interface which allows a domain expert to
instantiate a problem in domain-specific terms. T-REX implements compilers which
subsume the process of (1) casting a problem given in domain-specific terms into a
scheduling problem expressed in the formalism described inthe technology-specific
ontology, and (2) implementing a preliminary user interface which can be directly
used by the domain expert.

In order to continue on the ROBOCARE domestic scenario introduced in Chap-
ter 7, we have described the T-REX modeling framework by showing the customiza-
tion of core scheduling components for ADL monitoring. Specifically, we have given
the details of a typical RDE domain, and shown how the specification of the domain
alone leads to a caregiver console through which the end user(i.e., the caregiver) can
specify the behavioral constraints which are to be monitored by the ADL monitor.
In addition to providing a means to specify behavioral constraints without resort-
ing to scheduling concepts, T-REX also provides constraint violation templates for
indicating qualitative information related to the violation of classes of constraints.
This feature is used in the RDE so as to prompt system intervention only when the
constraint is meaningful.
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The following chapter concludes this part by presenting a discussion on the do-
main modeling methodology and T-REX. Specifically, we assess the added value of
the modeling framework in fast component customization, and to quantify the versa-
tility an applicability of the DML in different domains of application.
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Chapter 10

Discussion and Conclusions

In the previous chapters we have described the main functionalities of T-REX, a
tool for modeling, solving, and following the execution of user-specified scheduling
problems. The framework integrates functionalities drawnfrom various scheduling
components developed over the past years by our group. Specifically, T-REX inte-
grates the components developed as part of the O-OSCAR suite[Cesta and Rasconi,
2003] within the construct-driven DML described in Chapter 8.

The aim of this chapter is to further analyze the properties of the modeling frame-
work we have described in the light of two important issues related to scheduling
technology customization, namely facilitating fast prototyping, and assessing the
scope of application of the DML as it is currently formalized.

10.1 Fast Customization withT-REX

The functionalities of T-REX have been illustrated within the ROBOCARE Domestic
Environment scenario, which represents a somewhat unorthodox example of sched-
uler customization. In this domain, the core technology is mainly employed for its
constraint-based representational characteristics: while the problem solving capabil-
ities of T-REX take on a secondary role in this context, its flexible disturbance prop-
agation functions are heavily used. In fact, while in a project scheduling or job-shop
scenario the expected disturbances at run-time are generally few and far between,
in the ROBOCARE application external disturbances are the norm, since the initial
schedule represents an expected “nominal” behavioral pattern. Moreover, there is
also a strong difference in the effects of contingencies: while in a more classical do-
main of application even a small disturbance potentially entails a strong invalidation
of the current schedule, the schedules which characterize the ROBOCARE scenario
are generally quite elastic, absorbing most contingencieswithout the need for re-
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scheduling.
By employing the ROBOCARE scenario to describe the main functionalities of T-

REX we have further demonstrated the added value of the effort inrationalization we
have put in the design of the modeling framework. Specifically, we have shown how
the underlying construct-based DML forebodes a virtually effortless customization
of GUI-enhanced problem representation, resolution and execution functionalities in
the context of a rather non-classical domain of application. Indeed, another inter-
esting point we can make is that the ROBOCARE customization has allowed us to
perform intensive tests on functionalities of the core technology which are less used
in other applicative contexts, such as frequent constraintpropagation as opposed to
re-scheduling.

In general, the first step in tailoring a solving tool to the needs of a particular ap-
plication consists in isolating and encoding the aspects ofthe real-world problem as a
problem which can be dealt with by the given technology, as well as providing some
interface through which the end-user can interact with the technology. In the previous
two chapters, we have reduced this process to that of designing a domain definition
which encapsulates these details within domain-specific terms (ground constructs.)
Deploying scheduling systems in the real-world usually requires the design of spe-
cialized algorithms, objective functions and so on. Nonetheless, being able to quickly
generate initial system prototypes by domain modeling can be crucial, if for no other
reason than to ascertain if the underlying solving technology is suited for the partic-
ular application.

10.2 Scope of Application

We now turn to a different aspect of the DML, namely that of assessing in more quan-
titative terms the scope of application of the proposed modeling framework. Our aim
is to demonstrate how the domain-based modeling methodology we have shown can
be applied within applicative contexts which require very different modeling needs.
We do so by measuring and comparing the structural attributes of different scheduling
domains (which model different applicative contexts), which in turn gives a quantita-
tive (though imprecise) perspective on the versatility of the DML we have proposed.

Different contexts of application of this modeling methodology can yield do-
mains which differ with respect to at least two structural attributes: (1) the way the
terms described in the domain define the scheduling problem definition, and (2) the
way this terminology is used by the end-user. The first attribute can be measured
quite easily on the domain specification itself, while the second aspect is related to
the way the end-user specifies problems in the domain, and is therefore more difficult
to measure.

We start by measuring the first attribute by means of what we call domain ab-
straction. It is defined as
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(1−ND/N )

whereND is the number of constructs present in a domainD, andN is the number
of operators which define the low-level procedures of the constructs. As the name
suggests, the domain abstraction measures how much of the process of casting a
scheduling problem is parameterized within the domain constructs, assuming values
in the interval(0, 1]. Domain abstraction is1 in the extreme case in which each
construct defines one operator instantiation, while it approaches0 as the number of
operator instantiations within the constructs increases.It follows that low values of
domain abstraction occur in domains where the casting defined by the constructs is
relatively direct and “unsophisticated”. Conversely, domains which are character-
ized by a high domain abstraction are those in which casting an end-user’s problem
requires a stronger form of abstraction. Figure 10.1 shows acomparison of four
different domains which have been modeled in the proposed modeling framework.

Domain Domain Abs. Problem Abs.

RCPSP/max 0.2 0.1

Medical Protocol 0.4 0.54

Satellite 0.7 0.85

ROBOCARE Dom. Env. 0.79 0.87

Figure 10.1: Abstraction of four different application domains.

We can enhance this measure by taking into account the secondattribute we are
interested in, namely the way the domain-specific terms defined by the constructs are
used in the end-user’s terminology. This equates to assigning a relative weight to
the terms depending on their “importance” in the end-user’sterminology. Given a
user-specified problem within a domainD, we can define theproblem abstractionas

(1−N π
D/N π)

whereN π
D is the number of instantiated constructs present in the problemπ expressed

in the terminology of the domainD, andN π is the number of instantiated operators
in π which result from the instantiation of the constructs. Figure 10.1 shows the val-
ues of problem abstraction obtained in a typical user-specified problem in each of the
four applicative contexts. Similarly to the domain abstraction, this number measures
how “far” a user-specified problem is from a low-level scheduling problem, but it
takes into account the importance of the terms used for problem definition. In fact,
the weight of a construct (domain-specific term) corresponds to the number of times it
occurs in the end-user’s terminology (the high-level problem definition), while the de-
gree to which the construct synthesizes the scheduling problem definition process is
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measured as the number of instantiated operators it yields.As a consequence, a prob-
lem definition which employsmanysophisticated constructs is one in which a strong
abstraction from the underlying scheduling ontology has been performed. Therefore,
we obtain in this case a high problem abstraction, in the sense that the end-user’s
scheduling problem has come a long way from the original domain-specific formu-
lation. Problems in which the opposite is true are those in which the dominating
concepts of the domain-specific terminology (i.e., those that are most often used in
problem specification) are close to the terminology defined by the low-level opera-
tors. This indicates that the expertise of the target end-user of the domain is such that
presumably he or she would have easily been able to acquire the scheduling-specific
notions required for defining a problem in the low-level ontology directly.

It is interesting to notice that, although these measures are quite approximate,
they do give a rough idea of the types of different applicative contexts in which the
modeling framework can be employed. In particular, we can appreciate the versatil-
ity of construct-based modeling by noticing the broad scopeof domain and problem
abstraction we obtain in the four domains of figure 10.1. On one hand, the model-
ing framework is suitable for applications in which the target users have a similar
expertise to that of a scheduling technologist, as in the Resource Constrained Project
Scheduling with maximum time-lags (RCPSP/max) domain. On the other, we can
encapsulate a great deal of scheduling knowledge, as in the Satellite domain shown
in section 8.4 and the ROBOCARE domotic monitoring scenario: in the satellite do-
main, an end-user’s problem consists in synchronizing down-link operations without
violating bandwidth limitations and avoiding invisibility windows; in the RDE do-
main a scheduling problem represents a set of behavioral constraints to which an
assisted elderly person should adhere, and which are monitored by means of an in-
telligent supervision framework which consists of a sensor-scheduler loop. In these
two cases, a relatively strong form of abstraction has been achieved in the domain
constructs. The Medical Protocol domain is an interesting middle ground: a schedul-
ing problem is cast from the problem of assigning resources (doctors and medical
equipment) to the tasks which compose a predefined set of medical protocols. This
real-world problem is intuitively close to a project scheduling problem, although it
resembles more a collection of RCPSP/max problems, each of which represents the
enactment of a medical protocol on a single patient.

10.3 Conclusions

Our experience in deploying scheduling tools for decision support in various oper-
ational settings has brought us to integrate our schedulingtechnology within a ref-
erence software architecture (T-REX.) To conclude, it is interesting to discuss our
work from two perspectives, namely the evolution of our methodology for scheduling
domain modeling, and how it inherits concepts from standardsoftware engineering
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methodologies (e.g., software product lines.)

10.3.1 Scheduling domain elicitation

We have found that the most significant issue which separatedour previous software
components from a complete framework for fast prototyping and component reuse
was the lack of an infrastructure for domain elicitation. This issue has been ad-
dressed by raising the level of involvement of the domain expert (end-user) in system
development. We have done so by designing a modeling framework aimed at teasing
out the scheduling-specific knowledge required for problemdefinition. This is done
by providing a domain-specific interlingua, as well as defining how the terms of the
interlingua map into the terms of the low-level scheduling ontology. We have shown
how the DML also forebodes the automatic generation of domain-specific interfaces
for problem definition, and in general for controlling the core scheduling components
involved in the customization. Thus, the complete modelingframework described in
this thesis assists the process of component customizationby reducing the principal
phases of this process to that of defining what we have called adomain specifica-
tion. As described in section 8.3, a domain specification corresponds to an ontology
which is oriented towards the domain expert, and which can beused to facilitate
problem definition as well as to interpret in domain-specificterms the output of the
core scheduling components.

Other approaches to creating a common terminology for problem specification
have focused on providing a more intuitive means for the end-user to express technology-
specific concepts (e.g.,[Smith et al., 2003; Smith and Becker, 1997; Smith et al.,
1996].) In [McCluskey et al., 2003], for instance, this is achieved through the devel-
opment of user-friendly graphical interaction schemes. The main drawback of these
approaches is that the specification mechanisms are directly grounded on the low-
level technology-specific ontology, thus it is the user who must adapt to the albeit
more intuitive solver-specific terminology. This constitutes a strong barrier, at least
in the specific case of deploying scheduling technology. Another common approach
consists in developing domain-specific abstractions through the use of GUI-enhanced
prototypes, aimed at masking the solver-specific technicalities behind user interfaces
which are close to the end-user’s terminology. The main drawback of this approach
is that it is impractical, due to the enormous coding effort required on behalf of the
technologist.

We have shown how a modeling framework based on two distinct modeling lay-
ers can be employed to overcome the barrier between users andtechnologists, while
avoiding to overload the initial prototype development phase with an excessive cod-
ing effort. The distinction between the two ontological layers is important for two
reasons. First, it allows the technologist to focus on the main issue in technology
customization, namely that of performing domain elicitation, which is reduced to
identifying and designing the domain-specific building blocks (what we have called
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constructs) necessary for the formulation of the real-world problem. Second, the
modeling framework retains the property of being more modular, since changing the
underlying technology requires a new low-level ontological layer, while different ap-
plicative contexts require modifying the interlingua (i.e., specifying a new domain.)

10.3.2 Towards fast prototyping in Scheduling

Product line engineering is recognized as a successful approach to software develop-
ment that specifically aims at exploiting commonalities andsystematic variabilities
among functionally overlapping systems in terms of large scale reuse. Overall, in this
thesis we have traced the evolution of our development methodology. In the past, our
research objectives required us to customize a set of reference scheduling software
components in different contexts. As shown in section 10.2,the domains in which
the general scheduling architecture is instantiated can beextremely different (e.g.,
compare the abstraction in the RCPSP/max context vs. that ofthe ROBOCARE Do-
mestic Environment.) This approach was clearly far from theproduct-line mindset,
since we merely used software components in an opportunistic fashion, which in turn
required a large effort in terms of software development. Conversely, as pointed out
in [Carnegie Mellon University, Software Engineering Institute, 2006], in a software
product line approach, reuse isplanned, enabled, andenforced. Specifically, the aim
is to facilitate the development of the most costly assets, namely, the requirements,
domain models, software architecture, performance models, test cases, and compo-
nents. All of the assets are designed to be reused and are optimized for use in more
than a single system.

The development of T-REX accounts for our effort towards re-casting our devel-
opment process in this direction. The methodology we have described represents an
original use of the product-line approach in the context of software prototypes for
planning and scheduling research. The basic components of our family of scheduling
architectures are a modeling module, a solving core, and a set of instantiateable tools
for user interaction. The principle which forebode the development of T-REX was
the need to establish a reusable domain elicitation framework — thus, the DML de-
scribed above. The principal focus of our work has thus been on planning the reuse,
and has only marginally addressed reuse enforcement.

The modeling framework we have presented is designed with a rather general
goal in mind, as it provides a domain-specific ontology through which the technology-
specific services provided by the core scheduling components can be brought to the
end-user in domain-specific terms. For instance, the DML canbe used to provide
automatic explanation generation by employing domain terminology, rather than in
terms of tasks and constraints. The development of this feature also constitutes an in-
teresting research topic. In fact, it is easy to see how automatic explanation generation
would require an extension of the domain ontology for modeling causal knowledge in
addition to the constraint violation templates shown in thecontext of the ROBOCARE
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scenario. While these issues are part of future work, we argue that some general form
of domain representation (i.e., at least two ontological levels), such as what we have
described in this thesis, is necessary for improving the process of solver customiza-
tion.

10.3.3 A Note on User-Oriented Explanation

Another interesting aspect related to the form of domain modeling put forth in this
thesis is that it forebodes interesting applications in automatic explanation generation,
in particular in the emerging field of CSP-based explanationsystems[Jussien, 2001].
Failure explanation is closely related to mixed-initiative problem solving, in which
human and artificial planners and/or schedulers share theirproblem solving capabili-
ties in successive refinements of the solution-generation procedure. In the context of
generating effective means of communication between the two solvers, a construct-
based interlingua defined within the modeling framework we have shown here can
play a pivotal role. Having characterized the structure of the scheduling problem by
means of a scheduling domain description allows for the generation of explanations
in more human-intelligible terms, an issue which is beginning to receive increasing
attention. For instance, suppose that the interaction between the human and artificial
solvers occurs when the artificial solver encounters a conflict as a result of the propa-
gation of some constraint. An effective explanation can be generated by reporting the
construct(s) which are responsible for the presence of the activities and constraints
which are involved in the conflict, rather than reporting theactivities and constraints
themselves. This provides a less detailed but more immediate and general form of
explanation, which can be more useful particularly to the non-expert user. A more
detailed analysis of how domain modeling in scheduling can improve the quality of
explanations is an issue we will address in future work.
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