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Abstract constraints based techniques and agents in the following
sections, a short overview of essential notions is given in
Although constraint satisfaction techniques and agehg following.

technology have been combined in several ways, espe- ) . o .
cially over the last few years, it is still debated how, Constraint satisfaction is a powerful computational

beyond ad hoc approaches, these two computatioﬂﬁfadigm which proposes t_echniques to find assignm_ents
paradigms can be effectively integrated. The aim of tH Problem variables subject to constraints on which
paper is to analyze and discuss how constraint satisf3Bly certain combinations of values are acceptable. The
tion techniques can be used to engineer agents’ reasorifgeeSs and the increasing application of this paradigm
and resolve coordination of distributed agents, either dB-Various domains mainly derive by the fact that many

operative or self-interested, by reporting on our concré@mbinatorial problems can be expressed in a natural
experience’ way as a Constraint Satisfaction Problem (CSP), and can

subsequently be solved by applying powerful CSP tech-

niques [19]. A distributed CSP (DCSP) is a CSP in which
1 Introduction the variables and constraints are distributed among dis-

tinct autonomousgents [23]. Each agent has one or mul-

Even though traditionally distinct, both the constraint sqfple variables and tries to determine its/their value/s. In

isfaction community and the multi-agent system (MA eneral, there exist intra- and inter-agent constraints and
world have been increasingly exploring how to effectiveg/ € value asggnment must sat|sf¥ all these constrfaunts. In
combine concepts and techniques of the two domai g(_derto vgnfymter-agent constraints, 1.e., constraints be-
Many distributed problems that require finding a consitsvyeen variables controlled by distinct agents, some form
tent combination of agents’ actions can be formalized

%fsagent communication needs to be supported. In both its
distributed constraint satisfaction problems. On the Oth%erntrahzed and distributed formulatl_on, the CSP frame-
hand, when information about choices, i.e., variables af{q rk has been .exte.r!ded to allow vgrlants,_ which increase
constraints, are naturally distributed or can be distributrecgng?luﬁcﬁ%ﬁllgﬁsb'lgyihzhs:s?crgl'goﬂ?ggcgflirérfgtain s
(for instance, in order to balance out computational el '

forts), agent technology can be deployed to engineer A possibility of de_aling w_ith_important featL_J_res such as
effective solution. Before discussing the integration @zzyness, uncertainty optimization, probability and par-
lal satisfaction [6], and (2pynamic CSP, where con-
1This paper has been presented toAgents and Constraintswork-  Straints may change for external reasons or depending on
shop, AlIA04, September 2004, Perugia, ltaly. choices made during the search [13].
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Agent Technology. In general, there is no consensugles and algorithms for MAS agents, which implies the
on a commonly accepted definition of what an agentésplicit representation of states of the world involving no-
and what are, or should be, its main properties. Howens of choices as discussed herein.
ever, the common colloquial understanding is that the
termagent indicates an entity (person, organization, sys: . . .
tem, e%c.) that (1) acts on bgrfglf of somegother entity)221 Constraint Satisfaction and Agent
owner), (2) in an autonomous fashion. Thus, an agent is Reasoning
given the mandate to achieve defined goals. To do this, it
autonomously selects appropriate actions, dependingSwiving a problem implies defining and making choices.
the prevailing conditions in the environment, based on {i$this perspective, modelling agent reasoning by making
own capabilities and means until it succeeds, fails, neag® of CSP methods and techniques requires:
decisions or new instructions or is stopped by its owner.
In the multi-agent systems (MAS) communitgftware
agents are conceived as autonomous computational enti-
ties situated in some environments which they can sense
and act upon in a dynamic (reactive and/or proactive) waye Gather and process information about possible
according to the environment’s changes and their design choices - i.e., values variables can possibly take,
objectives [21]. A variety of coordination mechanisms, grouped in domain®;, Ds,....D; - and relatedon-
some of them including explicit exchange of informa-  straints, where a constraint is defined by a predicate
tion often given in the form of structured messages, have p; (v 1,...,v,n) that is true if and only if the value
been proposed in the MAS context, such as organizational assignment of all,: satisfies this constraint.
structuring, contracting, planning and negotiation tech-
niqueg. In this paper, we focus on how DCSP, sometimes®
in combination with other techniques such as automated
negotiation, can also be used for agents coordination.

However, before entering into the central part of the
paper it is important to eliminate ambiguity over terfhe techniques for solving CSPs can be subdivided in
minology. The terms “agent” and “agent communicdw0 main groups: search (e.dacktracking and itera-
tion” have been used in the DCSP and MAS worlds witive) algorithms and inference (e.gconsistency) meth-
slightly different meanings. While in the constraint conds [12]. Consistency algorithms are pre-processing pro-
munity an agent is a computational entity acting as a dkgdures that are invoked before search algorithms. Back-
cision maker following pre-defined coordination mecHtacking methods construct a partial solution (i.e., they
anisms (i.e., DCSP algorithms) and sharing an impli@gsign values to a subset of variables) that satisfies all
common representation of the world with other agerﬁf; the constraints within the subset. This partial solu-
(i.e., no explicit use of structured communication stadien is expanded by adding new variables one by one.
and ontologies), from a MAS perspective an agent is a¥hen for one variable, no value satisfies the constraints
tonomously deciding whether or not to follow specific cdetween the partial solution, the value of the most re-
ordination mechanisms and can communicate with ottgntly added variable is changed, i.e., backtracked. It-
agents by means of structured semantic-grounded n@igtive methods do not construct partial solutions. In this
sage exchange [2]. In a way, the DCSP agent definitié@se, a whole flawed solution is revised by a hill-climbing
represents a looser version of MAS formalization, al§garch. States that can violate some constraints, but in
indicated in the MAS community as “weak agency”. Ivhich the number of constraint violations cannot be de-
our framework, we make use of DCSP modelling princéreased by changing any single variable value (i.e., local-

minima) can be escaped by changing the weight of con-
2For a good survey on coordination in MAS we recommend Chap@;raints and/or restarting from another initial state. Itera-
3 0of [5]. tive improvement is efficient but not complete.

e To represent problem solving or agent reasoning op-
tions in terms ofchoice making - i.e., identify vari-
ablesvy, vs,... ;.

Access and apply approprigbeoblem solving tech-
niques (many CSP algorithms are available) to deter-
mine the set of possible combinations of choices by
taking into account existing constraints.
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2.1 An Effective Combination: How?

Hotel X, University Y

In CSP terms, the assignment of one of the values fromMkos e e
a domainD; to a variablev; corresponds to making a [sen epresenaion
choice. Therefore, if agent reasoning is modelled fol{ ) e ie.vrenes
lowing a CSP-based approach, an agent decision is takg
when a choice for an agent's variable is made. When [ v e
ever some constraints involve variables controlled by dis| ~~ &
tinct agents, agent-to-agent interactions may need to be
triggered. Furthermore, if there are no possible choices
to be made within the existing set of constraints, i.e.,
over-constrained problem, an agent can try to relax some
constraints by interacting (e.g., negotiating) with othéigure 1:A CSP-based problem representation of the personal
agents, humans, environments, etc. travel assistant example.

Example: Nicoleta and Monigue want to meet in Italy

in September. The Personal Travel Assistant Agents L . . . .
(PTA) of Nicoleta and Monique take charge of plannin' g and therebyombination can involve interaction with

the trips in a coordinated manner. To this purpose, s her agents. To this purpose we developed and adopted

eral choices need to be made: exact date and Iocation%ar Constraint Choice Language [20], an agent content

the meeting, flights for both participants, etc. Every P.Iigngga_\ge desi_gned to suppo_rt agent prqblem solving_ by
will own the following variables: meeting time &, lo- providing explicit representations of choices and choice

cation =us, flight = vs. The variable domains for PTA problems. The final choice problem, with all values and
are: D1 2: {d1 d2}3.D2 — (11,12}, D3 = {A,S} constraints gathered, represents a well defined search and

and for PTA, are: D1 = {d2,d3}, D, = {I2,13}, solution space. Every valid solution in such space is an

D3 = {L,S}. To select the meeting date and locatioficCcePtable combination of choices (or actions/plans) the

the two PTAs need to communicate and possibly negotié‘;il%ent can make (or execute) according to its goals.

(i.e., inter-agent constraints negotiation). Then to select

the flight, once a date has b_een selectgd for the mgeti@l@ Challenges and Benefits

every PTA can make a choice depending only on intra-

agent constraints or user preferences. CSPs have established themselves as a powerful formal-
As detailed in [1], we used constraints for modellingsm for expressing problems involving multiple interde-

a description of a desired goal state an agent aimspendent choices. Although some experience is required

achieve, and for expressing states of the world involvingth this domain, modelling agent reasoning in CSP terms

interdependent choices. In this perspective, an agent'sidein general intuitive and most importantly generates

cision making process has been broken down into thig®blem descriptions with well defined properties and

main steps: problem modelling, information gatheringell studied solution techniques - i.e., many CSP algo-

and combination, and problem solving. rithms, techniques, libraries and engines are available and
Problem modelling corresponds to identify the choiceseady to be deployed. In particular, since abductive mech-

to be made, according to the agent’s state and its percapisms have been successfully integrated with CSP [16]

tion of the world’s state, which become the variables &nd since many real-world problems are abductive by na-

the problem formulation. Then it is necessary to identifire, the combination of such computational approaches

which options are available for each of the choices - thipen up interesting opportunities for abductive agent rea-

generates the domains of values for each of the variabk®)ing and communication, see for instance [8].

and finally specify how choices are related - generatingAn interesting approach combining constraint logic

and collecting the constraints (relations and exclusion®pgramming and a data model approach, to provide

which apply to problem solutionsinformation gather- agents with a flexible way to plan and direct their actions

9am, 10 am, 12 am
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and to manipulate and represent their knowledge is dmrithms or combine and modify DCSP and CSP tech-
scribed in [4]. The author explores the declarative us&ues in a way that self-interests can be respected - see
of constraints within a BDI Agent framework to repreSection 4.
sent knowledge as complex quantified constraints and ap-
ply these techniques to a courier scenario where cooper-
ating agents communicate, delegate and exchange deskds Cooper ative Agents for Effective DCSP
and information using Generalized Partial Global Plan- Solving
ning mechanisms to solve a given set of tasks.

In [11], a constraint-based agent framework is propos&fe most trivial algorithms for solving DCSPs are the
for designing, simulating, building, verifying, optimiz-centralized method and thesynchronous backtracking. In
ing and debuggingontrollers, which are used as agentsthe first case a leader agent gathers all information about
reasoning engines. In this model, each agent contain§@ pProblem, variables’ domains and the constraints be-
constraint based controller which communicates with th&een them and then solves the CSP alone using classic
agent environment through an interface called agent bog§ntralized constraint satisfaction algorithms. This ap-
According to the reports regarding the environment reroach is quite inefficient since there are costs associated
ceived from the agent body and agent's internal specifi¢h gathering information, there are unused resources
constraints, the controller based on a constraint solver fiee-, agents sitting idle) and there is no data (both variable
termines the next action/s to be taken by the agent. M¥atues and constraints) privacy. The synchronous algo-
of their work has been applied to robot soccer players. fithm assumes that agents agree on an instantiation order.

However, not always and/or not entirely agent logithe first agent generates a partial solution that is submit-
or even system requirements can be properly captuféd o the second agent, which generates an extension to
and expressed in terms of choice making. For instan8eg partial received solution and sends it to the third agent
when values to be assigned to variables are not neces3fl S0 on. If the solution cannot be extended then a back-
ily known a priori, when there exist too many variables dfacking message is sent to the previous agent. With this

domains are too large, it may be more opportune to adéllgproach there are still costs to decide the transmission
other reasoning approaches. of the instantiation order; furthermore, only one agent is

active at a time.
Several asynchronous search algorithms that allow
3 Constraint Satisfaction and Agent agents to work in parallel and asynchronously have also
. . been developed [26]. For instance, in the asynchronous
Coordination backtracking (ABT) algorithm agents work in parallel and
asynchronously. The ABT algorithm applies to binary
As anticipated earlier, many distributed problems and agnd directed constraints [26] (i.e., for every binary con-
plications such as planning, scheduling, resource allogg&aint between any two variables only one of the two
tion, configuration, etc., can be represented as distributggents is responsible for evaluating the constraint). Every
constraint satisfaction problems, in which the variablegent instantiates its variablg concurrently and sends
and constraints are distributed among distinct commupj-assigned value to the agents which own variables con-
cating agents. In this case, distribution of computation (#trained byv; value. When a constraint evaluating agent
the form of distinct software agents) is adopted as a med#tects a constraint violation, rbgood message is sent
to engineer a solution in a more effective way, and agelisck to the related agents causing backtracking. In asyn-
are usually assumed to beoperative - see Section 3.1. chronous backtracking algorithm access to variables is
On the other hand, in many multi-agent based appligastricted to owner agents, but constraints may have to
tions, coordination of distinct agents correspond to dise revealed to others. A different approach to privacy is
tributed constraint satisfaction problem. In this casptoposed in [18], where constraints are private, but vari-
depending on whether agents are cooperative or selfles can be manipulated by any agent. This algorithms
interested it is possible to either adopt existing DCSP #@-calledasynchronous aggregation search and it differs
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from previous approach in that it treats sets of partial sdients.
lutions, i.e., every agent owns multiple variables that it The focus of our work in this domain is on scheduling
assigns values to, and exchanged information concetmgks pick up and delivery times for distribution of orders
aggregated valuations for combinations of variables, inetween different locations. We consider the following
stead of constraints. The asynchronous weak comntitree types of agents: an agent for each client which re-
ment (AWT) search proposes a variation of the ABT affuests orders to be sent; an agent for each order/s receiver
gorithm: a partial solution is not modified, but completelgnd an agent for each truck transporting orders. Given
abandoned after a failure [24]. The AWT algorithm ia set of orders, trucks, various possible locations of the
complete if all nogood messages are maintained andlients and receivers, constraints on possible pick up and
is about 10 times faster than the ABT approach. Howelivery time, the scheduling problem is solved when it
ever, the explosion of nogood messages is the most tli&s been defined for all the trucks from where (client lo-
ficult part to control. To coordinate the different formsation) they should pick up which order and at what time,
of asynchronous interactions, the algorithms establislag well as when they should then deliver each order to
static or a dynamic order among agents that determirsp®cific receiver sites. As displayed in Figure 2, clients
the cooperation patterns between agents. Nishibe, Yolagents’ orders, which contain the receiver location, the
and Ishida [15] discuss and evaluate asynchronous bamider capacity and the client time windows, are sent to all
tracking with different ordering schemes: value orderinthe truck agents. Truck agents communicate with specific
variable ordering and value/variable ordering. In particeceivers agents in order to gather information about their
ular, they apply these technigues to the communicatittme windows. Each client agent and receiver agent has
path assignment in communication networks. geographical information about its location and its neigh-
Other algorithms from centralized CSPs have been fiderhood, i.e. distances to neighborhood locations, roads
ther adapted for distributed environments such as the digistence and availability. This information can be gath-
tributed consistency algorithm [27], the distributed break¥ed by truck agents if needed. Relatively to its current
out algorithm [25] and the distributed partial constraimirders, each truck agent may accept or decline new client
satisfaction [9]. orders. Each truck agent contains information about the
orders it has to deliver and the pick up and delivery time
at the respective locations for each order. We modelled
3.2 DCSP and Dynamic Agent-Based this scenario (which represents a just a part of the entire
Transportation Scheduling transport scheduling problem) as a DCSP, as the whole
problem data is distributed among truck agents, that need
Transport logistics deals with building feasible schedulescooperate.
for vehicle routing and trucks dispatching applications. A solution to the scheduling problem can be reached by
Such a problem takes into account various business capplying a distributed and asynchronous backtracking al-
straints such as customer logistic requirements, visit tigerithm. This algorithm provides a complete resolution
windows, fleet capacity, trucks’' timetables, and worlof the problem, however, it tends to be slow when the
hour regulations. Moreover all the information about th@roblem size increases. For gaining on efficiency, local
trucks availability, clients orders and time windows is disearch algorithms [22], [25], are more appropriate. Fi-
tributed among various dispatching centers. DCSPs apdly, when a change in the system occurs, e.g., change
pear to be an appropriate technology to be applied dban order or client time constraints, we look for alterna-
transport logistic scheduling (TLS) problems because tdfe solutions to the current schedule by studying symme-
the way they can handle the dynamicity of constrainttses of the current change (i.e., equivalent variable assign-
in real-world problems and because of their flexibilitynents) in order to avoid a new computation of the whole
in modelling and solving scheduling problems. Furthesehedule from the scratch. The symmetries can be de-
more, a DCSP-based representation of the TLS naturallymined by the use of interchangeability algorithms first
respects the distributiveness of the data among the gesposed by Freuder [7] for centralized systems that we
livering trucks, the demanding clients and the receivirgxtended further for distributed systems in [14].
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with this kind of coordination though is that it cannot be

applied in scenarios where the centralization of informa-
tion may not be feasible. Among various DCSP-based
approaches for coordination in multi-agent systems avoid-
ing data centralization, in [10], Liu and Sycara proposed
to partition the job shop scheduling problem constraints
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Request
geographical
ormation

Set of Receivers

O
O

| withother |
| trucks agents |

— e ——

ized perspective. Cooperative agents converge to the final
solution through incremental local revisions of an initial,
possibly inconsistent, instantiation of all variables.

DCSP-based approached can also be used to en-
force coordination of software entities that, despite self-
interests, need to exhibit cooperative behavior. In the fol-
lowing, a concrete example shortly reporting on our work
in this direction [1] is given.

]

b T I
| DCsP solver |
L

————

Request Time
Windows

D Truck Agent

Client Agent

OO

Receiver Agent

4.1 Coordination of Self-Interested Agents
_ for Network Resource Allocation
Figure 2:The DCSP-modelled TLS problemis solved by coop-
erative agents. Truck agents gather all the necessary informa-
tion from client and receiver agents, model it as a DCSP and
solveit by adopting specific DCSP algorithms.

Allocation of service demands spanning multiple Tele-
com providers’ domains can be considered as a DCSP
since the variables (local network resources such as band-
width, routers, switches, etc.) are distributed among self-
interested agents and since constraints exist among them.
More precisely, end-to-end routes are decomposed into
fragments (i.e., distinct variables) corresponding to in-
dependent decision makers (i.e., different agents repre-
Several works have deployed DCSP oriented formalisyanting distinct Telecom operators called NPAs, network
and techniques in order to enforce coordination in mulffovider agents).

agent systems and efficiently model and solve constraintin DCSP terms, there is one variable per NPA whose
directed negotiation approaches. One of the earliest splues are route fragments through that provider. As a
proaches that modelled the process of negotiation as a @list step, each NPA verifies which local routes can be
tributed constraint satisfaction problem is #anstraint- used to possibly allocate an incoming service demand
directed negotiation paradigm [17]. Here, negotiation for(depending, for instance, on how much free resources
resolving conflicts, i.e., coordination, in resource allocare still available within a specific provider's network).
tion is modelled as constraint relaxation and constrairfthis check is done by performing CSP node consistency
are used for evaluation of existing alternatives as well aechanisms based on local constraints, which are de-
for creating new ones. Three main constraint-directed niermined by network availability and providers’ control
gotiation algorithms are proposed and experimentally valhd/or management policies reflected by the correspond-
idated. A centralized mediator clusters several annount® NPAS’ goals. Then, since the various route fragments
ments and bids from multiple agents into atomic contragtaist connect to form a global end-to-end path, NPAs co-
(i.e., bids are grouped inttascades). The main problem ordinate to select which, among the possible local routes

4 Enforcing MAS Coordination
with DCSP
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ual objectives and coordination needs has been reached

L e by the combined use of DCSP techniques and automated
S negotiation.

5 Discussion and Conclusion

This paper discusses possible ways of integrating CSP /
DCSP based techniques and MAS by reviewing a num-
ber of related works and reporting on our practical expe-
rience of combining them for building solutions to real-
world problems. This aims, to stimulate discussion in or-
der to identify the main benefits and challenges of merg-
ing these two computational approaches around two main
guestions.

What can agents do for D/CSP? Many real-world prob-

@ s roier s lems and app!ications _such as planning, scheduling, re-

clwork Provicer Agen source allocation, configuration, etc., can be represented
as distributed constraint satisfaction problems, in which
the variables and constraints are distributed among dis-
tinct problem solvers. Rather than centralizing informa-
tion into a single point, which can become quite inef-
ficient (both in terms of memory and computational re-
quirements) and insecure (single point of failure), multi-
agent systems provide a natural way of distributing prob-
lem solving among distinct agents.

identified in step one, can be retained given existing con\What D/CSP can do for agents? Constraints can be
straints with neighbor domains. By adopting the digised for modelling a description of a desired goal state
tributed arc consistency mechanism [3], the only infoan agent aims to achieve, and for expressing states of the
mation that NPAs have to share in order to prune out Wvorld involving interdependent choices. This makes it
consistent local routes is about inter-agent constraints gigssible to deploy CSP solving techniques for facilitating
this specific case which network links can be deployed hgyent decision making. Furthermore, in many multi-agent
tween distinct providers’ networks). As proven formalljyased applications, coordination of distinct agents corre-
in [1], the combination of such CSP mechanisms guarapond to distributed constraint problem satisfaction. In
tees the completeness of this approach. Finally, the spgtie case, depending on whether agents are cooperative or
of possible solutions within every NPAs, if not emptyself-interested it is possible to either adopt existing DCSP
provides the basis for subsequent agent negotiations toglgorithms or combine and modify DCSP and CSP tech-
cide which specific route to select. niques in a way that self-interests can be respected. In

To conclude, like in many real-world applications, iparticular, with respect to agent coordination, constraints
conflict with openness and inter-operability needs, thezan be used to model dependencies on the way agents’ in-
exists an intrinsic requirement for self-interested andraction can take place, without the need of pre-defining
competing entities to keep strategic information such ak possible interaction patterns (or protocols), and they
internal strategies, policies, utility functions, etc. confean guarantee to find consistent joint decisions even with-
dential. In our framework, the trade-off between individdut needing to reveal confidential information.

Figure 3:The multi-provider resource allocation processisfor-
malized asa DCSP. The variables (local network resources such
as bandwidth, routers, switches, etc.) are distributed among
agents and constraints exist among them.
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