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Introduction

Water resources management in large-scale systems is often
associated with multiple institutionally-independent decision
makers (DMs), both within national jurisdictions and in transboun-
dary contexts (Yoffe et al. 2003; Wolf et al. 2006; Zeitoun and
Mirumachi 2008). The presence of distributed localized decision
processes is challenging the traditional centralized approach to
water resources management as underlying much of the literature
(Wallace et al. 2003; Wu and Whittington 2006; Tilmant and
Kinzelbach 2012). Classic top-down approaches might not be suit-
able for analyzing such problems as they neglect the principle of
individual-rationality, focusing on the search of solutions that
maximize the efficiency at the system-level, also known as social
planner’s solution or maximum social welfare (Loucks et al. 2005;
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Dariane and Momtahen 2009; Zoltay et al. 2010; Tilmant et al.
2010), possibly defined by multiple criteria, such as flood preven-
tion, hydropower production, and water supply.

To actually attain such an efficient use of the available water
resources, this approach requires a cooperative attitude of the in-
volved parties, who agree on adopting a fully coordinated strategy
on water allocation and distribution in time and space and full
knowledge of the current system conditions. In many situations
these conditions are satisfied and yield win-win solutions, where
either the maximization of the individual benefits is equivalent
to the maximization of the system benefit or the development of
negotiation processes allows the identification of implementable
compromise solutions (Lund and Palmer 1997; Lubell et al. 2002;
Soncini-Sessa et al. 2007; Teasley and McKinney 2011; Bhaduri
and Liebe 2013).

Increasing environmental awareness and emerging trends such
as water trading, energy market, deregulation, and democratization
of water-related services are reducing the general validity of the
centralized approach in some contexts and, particularly, in trans-
boundary systems, where the DMs belonging to different countries
may have local internalities, which contrast the system-level goals
(Young 1986). In these situations, the centralized social planner’s
solution, though interesting from a conceptual point of view as it
allows for quantifying the best achievable performance and
obtaining insights on strategies to foster cooperation (Anghileri
et al. 2013; Giuliani and Castelletti 2013; Marques and Tilmant
2013), turns out to be of low practical meaning given the actual
decision-making context (Waterbury 1987; Whittington et al.
2005) and the differences in the political, social, and economic
status of the parties involved (Madani 2013). At the other extreme,
a totally uncoordinated setting, where the DMs independently pur-
sue their local objectives on the basis of the individual-rationality
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principle, represents a more realistic picture of such institutional
frameworks. These individualistic behaviors generally induce un-
desired outcomes at the system-level, possibly leading to tragedy of
the commons (Hardin 1968). The problem structure and outcome
might change when other actors are involved, such as river basin
authorities promoting negotiation processes to incorporate, at dif-
ferent levels, cooperative agreements or coordination mechanisms
(Madani and Lund 2012). Suboptimal solutions may be preferred
and require coupling the traditional search for efficient solutions
with the assessment of their acceptability, often referred to as
stability or fairness (Dinar and Howitt 1997; Cardenas and Ostrom
2004; Madani and Hipel 2011; Read et al. 2014).

The focus of this paper is on this second class of problems,
where the social planner’s solution might be unfeasible because
the problem is characterized by multiple, originally noncooperative
DMs, nontransferable utility, impossibility of economic compensa-
tion due to the presence of noncommensurable objectives, and pro-
hibitively high transaction costs. In this context, the mismatch
between system-level efficiency and individual-level acceptability
can be summarized as in Fig. 1. In one extreme there is represented
the fully centralized solution, where all the DMs cooperatively
maximize the total benefit of the system and, in the other extreme,
an uncoordinated solution where the DMs consider their local ob-
jective functions only. The figure suggests that, according to Read
et al. (2014), there is a trade-off between efficiency and acceptabil-
ity: the fully cooperative centralized approach aims at the maximi-
zation of the former while neglecting the latter, thus leading to
solutions which are the most efficient but unacceptable or imprac-
ticable. Clear examples are the failures of many international ini-
tiatives, such as the Zambezi River Basin Water Commission
(ZAMCON) Protocol for the management of the Zambezi River
at the river basin scale. The government of Zambia refused to sign
any international agreement because its upstream position guaran-
tees the possibility to autonomously meet the national targets, inde-
pendently from any interaction with the other countries sharing part
of the Zambezi River catchment and, in particular, with Mozam-
bique. At the other extreme, noncoordinated management practices
result in low performance at the system-level. It is worth noting that
the utopia point (i.e., the absolute optima of both efficiency and
acceptability, represented with a white square in Fig. 1) is often
not feasible, except for cases where the two objective functions
are actually orthogonal and not conflicting. Yet there exists room
between these two extremes to design intermediate, distributed so-
lutions (i.e., the grey points), more efficient than the uncoordinated
ones and more acceptable than the centralized ones. Different
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Fig. 1. Representation of the conflict between system-wide efficiency
and individual-level acceptability for watershed management strategies

policy mechanisms (e.g., regulatory constraints or economic incen-
tives) have been proposed in many research fields, such as econom-
ics and game theory, to explore this space (Pannell 2008). Yet most
of these analyses provide descriptive tools based on what-if or
scenario analyses, focusing on mechanisms designed on the basis
of the empirical experiences of the water resources managers in
charge to promote negotiated solutions. Mathematical and techno-
logical tools to identify such distributed solutions are nearly
undeveloped and, therefore, the applicability of them within a
decision-support systems has been so far limited.

In the present paper, the adoption of an agent-based approach
and the combination of descriptive and prescriptive methods are
proposed in order to provide informative tools capable of represent-
ing the actual decision-making context (e.g., removing the simpli-
fying assumption of fully cooperative DMs), as well as decision
support procedures, which recommend proper coordination mech-
anisms between the originally self-interested decision-making
actors. The selection of a framework based on multiagent systems,
or MAS (Wooldridge 2009) naturally allows the representation of
multiple DMs or stakeholders (agents), which act in the same
environment, thus influencing each other, and need to coordinate
to maximize the system-wide efficiency. The adoption of this
bottom-up, agent-based perspective aims to move beyond the tradi-
tional top-down, centralized, social planner’s approach to water re-
sources management, and it allows the analysis of different levels
of cooperation (Watkins 2006). The Y-shaped hypothetical water
system described in Yang et al. (2009) is used to illustrate the meth-
odology. In the considered case study, six agents represent six
conflicting water users sharing the same watershed. Despite the
illusory simplicity of this nondynamic, numerical problem, the con-
sidered case study actually includes multiple sources of complexity
characterizing many real-world problems, such as the upstream-
downstream asymmetry, the presence of agents deciding in parallel
and in series, the difference between primary objectives associated
to real decisions (e.g., water supply demands driving the amount
of water to divert from the river or hydropower production deter-
mining the releases from the dam), and secondary environmental
concerns. In this paper, the focus is supporting the design of
a regulatory-based coordination mechanism where a watershed
authority is in charge of imposing soft (normative) constraints on
the originally self-interested agents’ decisions. Since the problem
has nontransferable utilities, alternative approaches based on water
market mechanisms (Matthews 2004; Ambec and Ehlers 2008;
Zhao et al. 2013) are not viable options. The imposition of norma-
tive constraints yields a distributed, constrained problem, which
can be effectively managed through distributed constraint reason-
ing, comprising algorithms developed for the resolution of dis-
tributed constraint satisfaction problems, or DCSP (Yokoo and
Hirayama 2000), and distributed constraint optimization problems,
or DCOP (Modi et al. 2005). In contrast with the approach pro-
posed by Yang et al. (2009), these formulations allow the separation
of soft (normative) and hard (physical) constraints, thus guarantee-
ing a priori the feasibility of the solutions. Conversely, in Yang
et al. (2009), the feasibility of the solutions is checked a posteriori,
allowing some candidate alternatives that violate physical con-
straints. Moreover, the use of the Adopt algorithm (Modi et al.
2005) for the resolution of DCSP and DCOP ensures global sol-
ution quality operating efficiently in a distributed process that
attempts to narrow the number of exchanged messages.

In summary, this paper provides three main contributions:
(1) the adoption of an MAS approach based on formal methods
and tools, derived from the distributed constraint reasoning
theory and related algorithms, to support the design of regulatory
mechanisms improving the system-level efficiency in problems



characterized by multiple, noncooperative DMs, (2) the discussion
about the trade-off between efficiency-acceptability is coupled
with methods allowing the development of numerical analysis
and evidence supporting the arguments, and (3) for the first time
Adopt algorithm, developed in the Autonomous Agents and
MultiAgent Systems (AAMAS) domain, is applied in water resour-
ces problems, where the asynchronous and distributed nature of the
algorithm (and of its extensions) has a great potential for solving
large-scale distributed optimization problems.

The rest of the paper is organized as follows: the next section
introduces the methodology, followed by the description of the
case study. Results and discussion are then reported, while final
remarks, along with issues for further research, are presented in
the last section.

Methods and Tools

Multiagent Systems

The theory of multiagent systems (MAS) has been developed first
in the distributed artificial intelligence (DAI) domain, a subfield of
artificial intelligence, and has become a rather independent research
field referred to as autonomous agents and multiagent systems
(AAMAS). Nowadays, a precise definition of MAS can be difficult
due to the many competing, mutually inconsistent answers offered
in different disciplines (Shoham and Leyton-Brown 2009). Conse-
quently, in this work MAS is considered more as a mindset than a
technology (Bonabeau 2002) that relies on the general definitions
given in Wooldridge (2009) and Shoham and Leyton-Brown (2009)
as follows: “an agent is defined as a computer system situated in
some environment and capable of autonomous actions to meet its
design objectives; multiagent systems are those systems that in-
clude multiple autonomous entities with either diverging informa-
tion or diverging interests, or both.”

Depending on the specific application domain, the agent
design process might differently balance the following features
(Wooldridge and Jennings 1995): (1) reactivity, namely agents
being able to perceive the environment and timely respond to its
changes, (2) proactiveness, namely agents being able to exhibit
goal-directed behaviors, and (3) social ability, namely agents being
capable of interacting with other agents (e.g., from data and infor-
mation sharing to social activities such as coordination or negotia-
tion). Purely reactive agents act according to a stimulus-response
type of behavior and respond to the present state of the environment
(Sycara 1998). They usually do not look at history or plan their
strategy over the future. This characteristic allows the design of
simple if-then agent behaviors. Yet they make decisions based
on local information only and do not predict the effect of their de-
cisions on global behavior. These myopic behaviors can lead to
unpredictable and unstable system situations (Thomas and Sycara
1998). Economics-based mechanisms have been instead utilized to
model proactive agents as utility maximizers (Shoham and Leyton-
Brown 2009). According to this approach, it is assumed that the
agent’s preferences are captured by a utility function, which defines
a map from the states of the environment in which the agents are
placed to a real number. Fully cooperative agents select their
actions in order to maximize the total utility at the system-level.
A self-interested agent instead chooses a course of action that max-
imizes its own utility. In a society of self-interested agents, it is
desired that, if each agent maximizes its local utility, the whole so-
ciety exhibits good behavior (i.e., good local behavior implies good
global behavior). In these contexts, Sycara (1998) defines the goal
of MAS research as the design of mechanisms for self-interested

agents such that the overall system behavior will be acceptable,
which is called mechanism design (Maskin 2008).

From the early works developed in DAI, the applications of
MAS dealing with distributed reasoning problems have rapidly
covered a variety of domains [for a review, see Yeoh and Yokoo
(2012) and references therein], such as distributed allocation of
resources in disaster evacuation scenarios (Lass et al. 2008), man-
agement of power distribution networks (Kumar et al. 2009), or
distributed coordination of logistics operation (Léauté and Faltings
2011). MAS approaches have become a widely used tool in several
environmental modeling contexts (Athanasiadis 2005). The pri-
mary goal of most of these studies, also referred to as multiagent
simulations [for a review, see Bousquet and Le Page (2004), An
(2012), and references therein], is to simulate complex systems
in order to evaluate macrolevel properties emerging from lower-
level interactions among the agents. Agent-based modeling offers
several advantages with respect to other approaches (Bonabeau
2002; Bousquet and Le Page 2004): (1) it provides a more natural
description of a system, especially when it is composed of multiple,
distributed, and autonomous agents, (2) it relaxes the hypothesis of
homogeneity in a population of actually heterogeneous individuals,
(3) it allows an explicit representation of spatial variability,
and (4) it captures emergent global behaviors resulting from local
interactions.

Purely reactive agents are largely adopted as a modeling ap-
proach to define behavioral rules that react to environmental
changes (Le et al. 2012; Shafiee and Zechman 2013; Kanta and
Zechman 2014). However, the prescriptive use of MAS models
in decision support systems remains a challenge due to the math-
ematical complexity of the models, which requires a shift toward
a descriptive standpoint (Galdn et al. 2009), developing what-if
analyses with respect to a limited number of management alterna-
tives and modeling simple decision mechanisms based on linear
programming (Schreinemachers and Berger 2011). In the water
resources literature, the first contribution adopting proactive MAS
for a nondynamic optimization problem was presented in Yang et al.
(2009) and further developed by Giuliani et al. (2012). A similar
approach was then adopted to optimize preseason farmers’ deci-
sions (Ng et al. 2011) and to simulate an optimization-driven water
market (Huskova and Harou 2012) and emission trading (Nguyen
et al. 2013). Giuliani and Castelletti (2013) proposed an agent-
based optimization framework to assess the value of cooperation
in large-scale, transboundary water resources systems.

Centralized and Distributed Problem Formulations

As described in the introduction, this work proposes an agent-based
approach to support the definition of regulatory mechanisms favor-
ing water allocation alternatives that are able to balance system-
level efficiency and individual-level acceptability in the context
of watersheds modeled as MAS. The presence of multiple agents
(DMs), nontransferable utility, impossibility of economic compen-
sation, and high transaction costs exacerbate the gap between the
fully cooperative solution and the totally uncoordinated one, while
distributed solutions may represent a sort of compromise between
these two extreme situations. To introduce the differences between
the considered approaches, the mathematical model of a centralized
k-objective optimization problem is first defined

maxf(x) = [f1(x), f2(x), ..., fu(x)] (la)

subject to

e (x) <0 (15)
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where x € R" = decision vector; f(x) = k-dimensional objective
vector; f;(x)(i =1, ...,k) = ith objective to be maximized;
and Eq. (1)) defines r constraints on the values of x, whose domain
is D. The solution of Eq. (1) does not yield a unique optimal
solution but a set of Pareto-optimal solutions. Yet this set of
Pareto-efficient solutions is obtained by assuming the presence
of a social planner and a fully-cooperative agents’ attitude. Accord-
ing to this hypothesis, some agents (e.g., the upstream water users)
agree on decreasing their local benefit to improve the benefit of
other users, a condition that is hardly pursuable in most of real-
world institutional contexts. In such cases, it is likely that the
DMs act according to the individual-rationality principle and look
at their local objectives only, without considering the potentially
negative externalities that their decisions produce at the system-
level. Consequently, Eq. (1) can be reformulated as a sequence
of k independent problems (assuming one-to-one correspondence
between objectives and DMs), each one defined as

Hg(axfi(va X_;) (2a)

subject to

Cin(XpXy) cip(XXy) o (X, x) £0 (2b)

X; € D,‘ (2C)
where i = 1, ..., k, x; = decision variables of the ith agent; and
x_; = decision variables of all the other agents except i. The ith

agent’s decisions are optimized with respect to his local objective
function f;, which also depends on the decisions of the other
agents. It is also worth noting that the constraints in Eq. (2b) depend
on both the values of x; and x_;. Note that the assumption that
each DM solves a single-objective optimization problem can be
easily removed to consider DMs dealing with multiobjective opti-
mization problems.

Problem can be modeled by adopting an MAS framework. Each
DM is represented by an agent, which acts in order to maximize its
local objective function while at the same time satisfying all the
constraints. This MAS model is inspired by distributed reasoning
principles and is not assuming a strategic context (as in game theory-
based approaches). For example, it does not require that the ration-
ality of the agents is common knowledge between the agents
themselves and that the agents know the whole system. In addition,
this MAS framework allows also for considering different levels
of interactions between the agents and for developing mechanism
design strategies through the imposition of normative constraints to
be added to those in Eq. (2b). The aim of these new constraints is
to condition the individualistic, independent decisions of the agents,
in order to increase the efficiency of the uncoordinated solution ac-
cording to the ideal reference of the fully cooperative, centralized
strategy. In practice, normative constraints impose some cost on
combinations of values selected by agents which produce negative
externalities, so that agents are forced to select combinations of val-
ues that minimize that cost (i.e., that are good from a global stand-
point). Agent-based methods can be adopted to solve the resulting
distributed constrained problems as discussed in the next section.

MAS Methods for Distributed Constraint Reasoning

Within the MAS field, a number of distributed constrained
problems have been addressed by methods relying on distributed
constraint reasoning, which comprise algorithms developed for
distributed constraint satisfaction problems, or DCSPs (Yokoo and
Hirayama 2000), and distributed constraint optimization problems,
or DCOPs (Modi et al. 2005).

Formally, a DCSP consists of n decision variables, x =
ETREITREES an, each assigned to a different agent, where the values
of the variables are taken from finite, discrete domains D,
D,, ....D,, and of a number of Boolean constraints over the
values of these variables c¢;(x),...,c,(x), where c;(x)e

{true, false}V J. According to the planning nature of the problem,
the decision variables do not change in time (e.g., the assignment of

water rights is done once and can be modified only by reformu-
lating a new planning problem).

A solution of a DCSP is an assignment of values to all the var-
iables such that all the constraints are satisfied. DCSPs are solved
by employing distributed algorithms, like those surveyed in Yokoo
and Hirayama (2000), which assume that the constraints are binary
(i.e., each constraint involves only two variables) and agents can
reliably communicate to exchange the values they select for their
variables. Similar to the case of centralized constraint satisfaction
problems (CSPs), these distributed algorithms can be divided in
two classes: backtracking algorithms and iterative improvement al-
gorithms. In a backtracking algorithm, such as the asynchronous
backtracking algorithm (Yokoo et al. 1992), a value assignment
to a subset of decision variables that satisfies all of the constraints
within the subset is first constructed. This value assignment is
called a partial solution. A partial solution is then expanded by add-
ing new decision variables one by one, until it becomes a complete
solution. When no values satisfying all of the constraints with the
partial solution are available, the value of the most recently added
variable to the partial solution is modified. This operation is called
backtracking. In iterative improvement algorithms, such as the
distributed breakout algorithm (Hirayama and Yokoo 2005), a ten-
tative initial value is assigned to all the decision variables, and no
partial solution is constructed. Then, a flawed solution is revised
according to some heuristic process (e.g., a variable value is
changed so that the number of constraint violations is minimized).
Iterative improvement algorithms are usually efficient as they do
not require an exhaustive search in revising a flawed solution,
but they can be incomplete, meaning that they do not guarantee
to find a feasible solution; algorithms based on backtracking are
instead often complete.

A DCOP instead consists of n decision variables, x =
ETREIREREE T each assigned to a different agent, where the
values of the variables are taken from finite, discrete domains
D,,D,, ..., D,, and of a number of valued constraints over the

values of these variables ¢;(x), ..., crigx), where ¢;(x) € RV).
A solution of a DCOP is an assignment of values to all the variableés

such that a given objective function g is maximized or minimized.
Usually, the objective function is a weighted sum of the functions
representing the costs for constraint violations and is minimized,
namely min,g = min, Z;:] w; - ¢;(x), where w; is the weight
of ¢;(x).

Probably, the most known (though not the most efficient for all
problems) distributed algorithm for solving DCOPs in the AAMAS
literature is Adopt [Asynchronous Distributed OPTimization, see
Modi et al. (2005)], which performs a global search of the solution
space and provides theoretical guarantees on the optimality of
the identified solutions. Also in the case of Adopt, agents are
responsible for choosing the values of their variables. The agents
are organized in a constraint graph, whose nodes are the agents, and
edges connect agents that share a constraint, which are called
neighboring agents. Adopt assumes that constraints are at most
binary (i.e., they involve one or two variables/agents), while no re-
strictions are placed on the topology of the constraints, so loops are
allowed. Adopt operates asynchronously using only local commu-
nication, meaning that agents do not broadcast messages to every
agent but only to neighboring agents in the attempt to limit the



number of exchanged messages. This has the nice consequence that
although agents might not know directly all the other agents, they
are able to find the optimal solution of the DCOP. Extensions of the
basic formulations of DCSP and DCOP allow each agent to control
multiple variables as well as to consider agents solving multiobjec-
tive optimal planning problems.

Note that a DCSP is a special case of a DCOP, where the con-
straints are Boolean and, therefore, they can be only satisfied or
unsatisfied. A solution of a DCSP can be only feasible or unfea-
sible. Conversely, a DCOP allows the identification of solutions
with a certain degree of quality or cost, depending on the value of
the objective function g. To better clarify the difference between
DCSP and DCOP, consider the simple problem represented in
Fig. 2, where each variable x;(i = 1,2, 3) is assigned to an agent
and has the same domain D; = {0, 1}. The objective function of
each agentis f; = 10if x; = 1 and f; = 0 if x; = 0. The two links
in the figure represent two inequality constraints defined as x; # x3
and x, # x3. In the case of the DCSP, the constraints are Boolean.

The problem has two feasible solutions {x; = 1,x, = 1,x3 =0}
and {x; = 0,x, = 0,x3 = 1}, which are considered equally good,
as they both satisfy all the constraints and no measure of quality is
defined. Conversely, the DCOP formulation allows the definition of
valued constraints to differentiate solutions with different degrees
of quality. Assuming the values of the constraints are defined as in
Fig. 2(b), the DCOP has one optimal solution only, namely
{x; = 1,x, = 1,x3 = 0}, which corresponds to a cost for con-

straint violations g(x;,x,,x3) = c¢(x;,x3) + ¢(x5,x3) = 0 and to

the maximum of system-level benefit (i.e., f| + f, + f3 = 20).
Note that, the DCOP problem has another feasible solution, {x; =
0,x, = 0,x3 = 1}, with a higher cost for constraint violations
g(x1,x5,x3) = 2 and a lower system-level performance (i.e., f+
f2 4+ f3 = 10). Finally, the DCOP has other two solutions, which
are the ones considered unfeasible in the DCSP formulation, that
assume an infinite cost in the DCOP formulation and, conse-
quently, will never be considered. The DCOP formulation is there-
fore more flexible as it allows for discarding the same unfeasible
solutions as in the DCSP problem and also for distinguishing
between the feasible solutions depending on their system-level
performance.

Case Study Description

The proposed MAS-based mechanism design strategy is tested on a
numerical case study first introduced by Yang et al. (2009). The
system is composed of a Y-shaped river with one mainstream
and one main tributary (Fig. 3). The mainstream one provides water
to a city for municipal and industrial uses and to an irrigation

° ° X; X c(x;,X})
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Fig. 2. Example of a DCSP/DCOP problem; panel (a) shows the
constraint graph, where each link represents an inequality constraint;
panel; (b) reports the values assigned to the constraints in the DCOP
formulation
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Fig. 3. Schematic map of the system [adapted from Yang et al. (2009)]

tributary

district downstream. Moreover, the river is dammed for creating

an artificial water reservoir (just downstream with respect to the

city water supply diversion) in order to produce hydropower en-

ergy. A second agricultural district diverts water from the tributary

for irrigation purposes. Finally, two river stretches just downstream

with respect to the irrigation diversions are particularly interesting

from an ecological point of view as they are identified as primary

fish habitats. The agent-based model of the system therefore com-

prises six agents representing the different water-related interests:

e A;: municipal water supply to the city;

* A,: hydropower production;

e Aj: irrigation water supply to the agricultural district on the
tributary;

e Ay irrigation water supply to the agricultural district on the
lower mainstream;

* Ajs: ecological preservation in the tributary; and

* Ag: ecological preservation in the mainstream.

A quadratic concave objective function is associated with each
agent, which preserves the nonlinear characteristics of a real objec-
tives: f; = a;x? + b;x; + ¢; [the values of the parameters, defined
as in Yang et al. (2009), are reported in Table 1]. The quadratic
formulation of the objective functions allows for obtaining negative
benefits for values of the decision variables very different from the
optimal ones. These negative benefits represent potential costs the
agents may have to pay in extreme situations. It is worth noting that
the objective functions are different and, therefore, the same vol-
ume of water has a different effect on the benefit of different agents
and, consequently, on the system benefit. Moreover, the six agents
have different natures: a first group, i.e., Aj-Ay-A3-Ay, includes
active agents, who really make decisions about the amount of water
to divert from the river or to be released from the dam in order to
explicitly maximize the corresponding objective function f;(x;)

(with i =1, ...,4); on the other side, agents As-Ag are defined
as passive agents, who do not make decisions but represent the

ecological interests through the functions f's (xsg and f(xs), which
are explicitly optimized only in the centralized case.

Table 1. Values of Parameters Defining Agents Objective Functions

Parameter Value Parameter Value Parameter Value
a —020 bl 6 Cq —5
a, —0.06 by 2.5 cy 0
as —0.13 h'; 6 C3 —6
ay —0.15 by 7.6 cy —15
ds 7029 b5 628 Cs 73
dg —0.056 h6 3.74 Ceg -23

Note: Coefficients a;, b; and ¢; are dimensionless.



Assuming for simplicity a nondynamic situation [all the
variables, both flows and reservoir storage, are expressed as
volumes (L3)], the watershed optimization problem, subject to hard
(physical) constraints, can be formulated as

maxf(x;) s.t. x; < 0, (3a)
X1
maxf,(x;) s.t. xo < S+ 0 — xy (3b)
2
maxf3(x3) s.t. x3 < 0, (3¢)
X3
maxfy(xg) s.t. x4 <xy + Qs — x3 (3d)
Xq
fs(xs) s.t.xs = 0y —x3 (3e)
fe(x6) s.t. x6 = x3 + X5 (31)
where Q; = mainstream inflow; Q, = tributary inflow; and

S = reservoir storage. The constraints expressed above are all
physical constraints. Three hydrological scenarios are defined,
representing different water availability situations, namely high,
medium, and low flow conditions (Table 2). In the first case
(i.e., high flow scenario), the water available allows each active
agent to achieve its optimal solution; in the medium flow scenario,
instead, the water available in the system is insufficient to satisty all
the agents demands, thus producing upstream-downstream water
sharing interactions, which are further tightened up in the low flow
scenario.

Comparison among the Various Methods

In this paper the ideal, fully cooperative centralized solution is

compared to three different distributed alternatives:

* An uncoordinated solution, where each active agent acts inde-
pendently considering his objective only. The upstream agents
are in a favorable condition, as they can decide what is the best
for themselves, while the downstream agents can use only the

Table 2. High, Medium, and Low Flow Scenarios

water remaining. The objective functions of the passive agents
are not considered;

* A DCSP solution, where the active agents try to maximize their
objective functions, but the assignment of values to the decision
variables has to be physically feasible and has to satisty the soft
(normative) constraints. The interests of the passive agents are
partially considered by means of the soft (normative) constraints
that a watershed authority might impose on the agents decisions.
In this case, there is no difference between hard (physical) and
soft (normative) constraints; and

* A DCOP solution, where the active agents decisions, which aim
to optimize their objective functions, have to satisfy the hard
(physical) constraints and are influenced by soft (normative)
constraints aiming to protect the interests of the passive agents.
The soft constraints may be violated. However, it is guaranteed
that the solution found minimizes the sum of soft constraints
cost violations.

Results

The proposed MAS approach requires first computing the two
extreme solutions of Eq. (3), namely the centralized and the
uncoordinated one, for each hydrological scenario. We assume that
the goal of a centralized management strategy is to maximize the
total system benefit, meaning the sum of the benefit of the six
agents explicitly considering also the ecological objectives and
assuming the same importance for each agent. This ideal solution,
which represents the most efficient management strategy, is then
compared with the other extreme situation where the agents act
independently by optimizing their local objective functions only,
without considering the potentially negative externalities that their
decisions produce on the other agents’ objectives, in particular with
respect to the ecological passive agents. In this scenario, Eq. (3) is
solved as a sequence of optimization problems from the upstream
agents to the downstream ones. The comparison between the sys-
tem benefit for these two extreme solutions is represented in Fig. 4.
Not surprisingly, the centralized solution (black bars) produces
higher benefits than the uncoordinated one (white bars) in all the
considered scenarios, and the gap between the two solutions in-
creases when water availability decreases and the conflicts among
different water users become stronger and stronger.

Given these two extreme reference solutions and according
to the proposed regulatory mechanism, the watershed authority
imposes the following set of normative constraints in order to
protect the environment, especially in the medium and low flow
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Fig. 4. Comparison of system benefits for centralized, uncoordinated, and DCSP/DCOP solutions



scenarios in which upstream agents overuse the available water pro-
ducing externalities over the downstream agents suffering water
shortage:

a;—x1 20 a,—01+x 0 a3—x350 a4—x4=<0

as— 0y +x350 ag—x3—(Qr—x3) + x4 <0 (4)

where a;; = 12 is the minimum water demand of the city; a, = 10 is
the minimum flow requirement for hydropower production; ci; = 8
and a4 = 15 are the minimum water demands of the farmers on the
tributary and on the lower mainstream, respectively; and a5 = 6 and
o = 10 are the flow requirements for the protection of the fish
habitats on the tributary and on the lower mainstream, respectively.
The hard (physical) constraints in Eq. (3) are obviously nonviol-
able, while the normative constraints just defined [Eq. (4)] may
be violated by either some self-interested agents or the nature in
case of very low flow conditions (e.g., in the low flow scenario,
the tributary flow is equal to 8, the minimum demand of the farmers
is 8, and the environmental flow requirement is 6; in such a case, if
agent A; diverts only 2 in order not to violate the environmental
constraint, there is still a violation of the farmers minimum demand,
ie., x3 = 8§, being x3 = 2).

It is important to point out that there is a significant difference
between the agent-based solutions and the centralized one: this
latter, indeed, assumes full cooperation and coordination between
the agents, who are no longer decision entities but actually become
actuators of the decisions made by a centralized authority. By im-
posing normative constraints, the distributed nature of the decision
process is instead preserved in the agent-based solutions. The
development of mechanism design strategies aims to obtain an
approximation of the ideal centralized solution, which remains dif-
ferent from the institutional (agents versus actuators) as well as
from the mathematical formulation (four single-objective problems
versus a unique six-objective optimization problem) points of view.

The new distributed and constrained optimization problem for-
mulation can be effectively managed through DCSP and DCOP
algorithms in order to obtain distributed solutions in between
the two extreme situations so far described. Again the problem
is solved as a sequence of optimization problems, where each
active agent is considering his local objective function only from
upstream to downstream or, possibly, according to a tree defined
by agents-ordering algorithms such as the depth first search

high flow scenario

medium flow scenario

(Korf 1985; Collin and Dolev 1994). In both DCSP and DCOP
formulations, the distributed constraint reasoning problem is
subject to a new set of constraints, comprising the hard (physical)
ones already defined in Eq. (3) along with the soft (normative)
constraints introduced in Eq. (4). In the DCSP formulation, where
the constraints are Boolean, all the constraints have to be satisfied
and, therefore, there is no difference between physical and norma-
tive constraints. Conversely, the DCOP formulation deals with
physical and normative constraints in different ways, and violations
of these latter are allowed. In particular, for DCOP, the cost of
violation of the soft constraint x; — «; <0 is 0, when actually x; —
a1 £0, and x; — o, otherwise. In a similar way, the costs for the
other soft constraints can be calculated. In the computation of the
weighted sum of the constraints violation costs, which is minimized
in the DCOP solutions, equal weight is assumed for

each soft constraint (namely, w; = 1V ).

A graphical comparison of the system benefit for the centralized
and the uncoordinated solutions with respect to the results obtained
solving the new distributed constraint reasoning problem, adopting
the proposed DCSP- and DCOP-based approaches, is represented
in Fig. 4 by dark and light gray bars, respectively. In the high flow
scenario, the uncoordinated, DCSP, and DCOP solutions are all
equivalent because in this scenario, characterized by high water
availability, each active agent is actually able to maximize its ob-
jective function; yet the centralized solution outperforms all the
other solutions because it explicitly optimizes the ecological objec-
tive functions (f5 and f¢), which are included in the computation of
the system benefit but not optimized in the other cases. In the
medium flow scenario, the DCSP and DCOP solutions have a sys-
tem benefit that is higher than the uncoordinated solution and they
are equivalent because it is possible to find out a solution that does
not violate any normative constraint. Finally, in the low flow sce-
nario, the DCSP solution does not exist because it is impossible to
satisfy all the normative constraints, due to very low water avail-
ability; the DCOP solution, instead, largely outperforms the unco-
ordinated one, and it is almost equivalent to the centralized one.

More details are provided in Fig. 5, where the benefit of every
agent is represented separately. The centralized solution, which is
globally better than all the others in the high flow scenario, is able
to effectively deal with the upstream-downstream relationships be-
tween the different agents: the benefits of A,, A; and A, are slightly
lower than in other solutions in order to generate more significant
benefits for the ecological agents As and Ag. The medium flow

low flow scenario
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Fig. 5. Agents benefits in the three considered scenarios



scenario provides the most interesting results, as it emphasizes the
improvement in the ecological agents’ benefits in the DCSP and
DCOP solutions (which are equivalent in this scenario) with respect
to the uncoordinated solution. The imposition of the normative
constraints defining minimum water requirements for each agent,
indeed, allows for partially taking into account also the interests of
the passive agents, thus leading to a higher system benefit. Finally,
in the low flow scenario, where even the centralized solution is not
able to guarantee a positive benefit to the ecological agents, the
DCOP solution (the DCSP one does not exist) is able to balance
at least the benefits of the active agents, avoiding the upstream
overuse of water [e.g., see the differences between the couples
of upstream-downstream agents (A, A,) and (A3, A,) in the unco-
ordinated solution and in the DCOP one].

Discussion

The results presented in the previous section consider the imposi-
tion of a single set of normative constraints by the watershed
authority. The solutions obtained with the DCOP approach improve
the uncoordinated solutions, increasing the system benefit.
However, some agents might consider the imposed constraints
as a too-restrictive decision by the watershed authority and, con-
sequently, they might decide to commit a rational crime, namely
a violation of the imposed regulation (i.e., the set of normative
constraints) since the agents believe the potential benefits of the
violation outweight the consequences of the violation (Cooter
and Ulen 1988; Souza Filho et al. 2008). The effects of these indi-
vidualistic behaviors then involve the entire system and, usually,
tend to decrease the benefits of the other agents. In particular,
we assess the consequences of the individualistic behaviors in
the low flow scenario because it is assumed that this kind of strat-
egies is more likely to be adopted in water shortage conditions.
According to several environmental MAS applications
(Charness and Rabin 2002; Jager and Janssen 2003; Yang et al.
2009; Poteete et al. 2010), the consequences at a system-level pro-
duced by individualistic behaviors of the agents can be assessed by
modifying Eq. (3), introducing a parameter [3; that multiplies the
objective function of the ith agent (3;= [0, 10]). These coefficients
represent the selfishness of the ith agent, meaning his preference for
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his local benefit against the total benefit of the system. According to
this formulation, the original problem is defined by setting
;= 1Vi. On the other hand, it is possible to represent an individu-
alistic behavior of the ith agent by increasing the value of ;.
Results are represented in Fig. 6, where the benefit of the individu-
alistic agent is reported on the x-axis, while the benefit of all the
remaining agents is on the y-axis. The obvious optimum would be a
solution that maximizes both. However, it is evident from looking
at Fig. 6 that there exists a trade-off between the maximization of
the local objective functions through individualistic behaviors and
the maximization of the system benefit: the solutions obtained
by moving f; represent a set of Pareto efficient alternatives. The
knowledge of this set is particularly relevant as it overcomes the
difficulties limiting the a priori calibration of [3;. This process is
indeed not straightforward and requires additional, subjective
preference information, further biased by the existence of nonun-
ique preference representation. Moreover, looking at the trade-offs
existing between the Pareto efficient alternatives, the watershed
authority might estimate the marginal costs of individualistic
behaviors for the system benefit in order to identify critical as well
as tolerable cases. An example of critical behavior is represented by
solutions A and B in Fig. 6(b), where the individualistic behavior of
agent A, produces a limited increase of the local benefit (around
1.5) corresponding to a higher decrease of the other agents benefits
(almost 8). On the other side, an individualistic behavior that might
be tolerated is represented in Fig. 6(d) by solutions C and D, where
the increase in the local benefit (almost 10) is higher than the
negative effect on the other agents (around 5).

In order to prevent the individualistic behaviors just analyzed,
the watershed authority might try to modify the set of normative
constraints imposed on the agents in order to better explore the
space between the two extreme centralized and uncoordinated so-
lutions, looking for another compromise between efficiency and
acceptability. In particular, we concentrated on the medium flow
scenario and we focus on the DCOP-based approach. We tested
different sets of normative constraints o (with i = 1, 2, 3), reported
in Table 3. The system benefits obtained solving Eq. (3) with these
sets of normative constraints are represented in Fig. 7; it can be
observed that more strict (weak) constraints yield solutions that
are closer to the centralized (uncoordinated) one. In particular,
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Fig. 6. Individualistic behaviors of the active agents for different values of [3;



Table 3. Different Sets of Normative Constraints o Expressed in L?

2

w

Parameter

o' (original) o «
oy 12 6 3
oy 10 5 3
o3 8 4 2
o 15 7 4
as 6 3 2
e 10 5 3

the original set of constraints o' allows for obtaining a solution
almost equivalent to the centralized one. Yet the rigidity of these
constraints might induce some individualistic behaviors. More flex-
ible constraints, instead, slightly decrease the system benefit and
the solutions move towards the uncoordinated one, which is the
most preferable for the active agents. A trade-off characterizes the
mechanism design process because the definition of strict con-
straints, which allows for approaching the centralized solution with
good performances for the passive ecological agents and with re-
spect to the system-level efficiency, produces a decrease in the ben-
efits of the active agents, who can decide to adopt individualistic
behaviors. Conversely, weak constraints, which should be accepted
by the active agents, yield practicable solutions with lower benefits
for the passive ecological agents and, consequently, lower system-
level efficiency. To analyze the trade-off, two indices measuring
system-level efficiency and individual-level acceptability are nec-
essary. Efficiency is measured in terms of the resulting total system
benefit (i.e., the sum of the benefits of the six agents), and accept-
ability is defined as the percentage of available water that is not
constrained by the normative constraints [e.g., in the medium flow
scenario and soft constraints !, the total available water is

0+ 0, + S = 68, and the constrained water is equal to o + v, +
a3 + a4 + as + ag = 61, hence acceptability is (68 — 61)/ 68 =
7/68 = 0.1029]. This definition relies on the idea that the agents
are more willing to accept solutions that allow them to freely make
their decisions, while the imposition of normative constraints
somewhat reduces the probability that the agents will accept and
implement the solution. As a consequence, a solution that requires
constraining a large portion of the available water will be imprac-
ticable and, conversely, a solution with a low level of regulation
will be more acceptable. In the centralized solution, all the deci-
sions are made by the centralized authority and imposed to the
agents, meaning that all the water is constrained, and the accept-
ability is equal to 0. In the uncoordinated management, there are no
soft constraints and, consequently, acceptability is 100%. Fig. 8
represents the values of efficiency and acceptability for
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Fig. 8. Representation of the conflict between system-wide efficiency
and individual-level acceptability for solutions of Problem (3) obtained
with different sets of normative constraints

different solutions obtained by varying the set of normative con-
straints in Eq. (3). It is evident that it is not possible to simultane-
ously maximize both efficiency and acceptability. However, the
analysis of this trade-off curve, coupled with the assessment of
the individualistic behaviors’ effects, can support the watershed
authority in designing effective coordination mechanisms. Finally,
note that the two extremes of the trade-off curve in Fig. 8 corre-
spond to the centralized and the uncoordinated solutions (as in
Fig. 1). On the contrary, the best compromise solution is generally
set in the middle of the trade-off curve, and these extreme solutions
have therefore low practical value.

Conclusions

In this paper a decision analytic framework based on multiagent
systems (MAS) was introduced to model multiple and self-
interested decision makers acting in a distributed decision-making
context. In particular, regulatory-based mechanism design strate-
gies were developed to drive the inefficient uncoordinated practices
toward solutions that are balanced with respect to efficiency (social
welfare) and acceptability (stability). The approach is tested on a
hypothetical nondynamic problem, characterized by the presence
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Fig. 7. Effects of different set of normative constraints on system benefit



of several human and ecological agents with nontransferable
utilities.

Results show that the proposed distributed constraint reasoning
approach successfully identified regulatory-based mechanism de-
sign alternatives, which are more efficient than the uncoordinated
ones and more acceptable, and hence politically practicable in real
decision-making processes, than the social planner’s solution. The
latter remains the most efficient alternative (i.e., it produces the
highest system benefit), but the improvement of the DCSP/DCOP
solutions with respect to the uncoordinated management is
substantial.

The considered case study allows also the assessment of the
consequences of individualistic behaviors (i.e., rational crimes)
by the agents. Especially in situations of water scarcity, it is pos-
sible that some agents might consider not complying with the
normative constraints imposed by the watershed authority, thus pro-
ducing negative externalities on the benefits of the other agents.
The analysis of the trade-offs between increasing the local benefit
and the negative effects for the remaining agents allows identifying
critical situations, which have to be carefully considered in design-
ing the normative constraints.

Finally, different sets of normative constraints are considered to
quantitatively estimate the trade-off curve between efficiency
(i.e., the total system benefit) and acceptability (i.e., the percentage
of available water that is not constrained by the normative
constraints). Results confirm that the proposed DCSP- and
DCOP-based approaches allow the identification of regulatory
mechanisms able to produce solutions in the space in between
the two extremes.

In conclusion, it is worth analyzing the scalability of the pro-
posed methods with respect to the dimensionality of the problem
as well as of the number of the agents. In general, the dimensionality
of the problem is not a limiting factor in the uncoordinated scenario,
which requires solving a sequence of optimization problems, one
for each active agent. Some limitations arise in the centralized, fully
cooperative solution. However, the most advanced optimization
techniques, such as the Borg multiobjective evolutionary algorithm
(Hadka and Reed 2013; Reed et al. 2013), are able to find optimal
solutions for challenging problems characterized by many-objective
formulations, multimodality, nonlinearity, discreteness, severe
constraints, and stochastic objectives. It is worth noting that these
algorithms have been so far adopted only in traditional, centralized
optimization problems, while their application in a distributed,
bottom-up approach is still an open research topic. For DCSP/
DCOP the dimensionality of the problem can limit the applicability
of Adopt because, although the number of messages exchanged by
the agents grows approximately linearly with the number of agents,
its worst-case time complexity is exponential in the number of
agents. Alternative algorithms have been proposed in the AAMAS
literature trying to improve the scalability of the Adopt algorithm
when the number of agents increases, such as the distributed
breakout algorithm (Hirayama and Yokoo 2005). Although they
can be computationally more efficient than Adopt, these algorithms
do not guarantee the optimality of the identified solution.
An extensive analysis of the performance of different algorithms
in solving DCOPs is, however, beyond the purpose of this paper.

Further research will concentrate on the extension of the present
study to a dynamic water system and its application on a real-
world case study. To realistically represent the actual institutional
or political dimensions of a real-world problem, the proposed
framework should be further extended in order to take into account
the socio-political status of the parties involved. Moreover, the pro-
posed approach will require a validation with the real DMs; for
example, through the organization of games testing whether the

decisions that the real DMs make are reproduced by the modeled
agents. Finally, interesting results might be achieved by removing
the assumption that each agent has a single objective function
through the adoption of multiobjective DCOP algorithms (Delle
Fave et al. 2011), which allow for the exploration of potential
trade-offs between the active agents benefits.
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