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Abstract

In this paper, we argue that partially adversarial and partially co-

operative (PARC) problems in distributed arti�cial intelligence can be

mapped into a formalism called distributed constraint optimization prob-

lems (DCOPs), which generalize distributed constraint satisfaction prob-

lems [Yokoo, et al. 90] by introducing weak constraints (preferences). We

discuss several solution criteria for DCOP and clarify the relation between

these criteria and di�erent levels of agent rationality [Rosenschein and Genesereth 85],

and show the algorithms for solving DCOPs in which agents incrementally

exchange only necessary information to converge on a mutually satis�able

solution.

1 Introduction

In building a taxonomy of the �eld, researchers in Distributed Arti�cial Intelli-

gence (DAI) have divided DAI research into two camps [Bond and Gasser 88].

One camp is distributed problem solving, which is concerned with how to get

agents that are working on common problems to cooperate e�ectively. The mu-

tual dependencies between the agents and the sharing of goals between them

have led some researchers to characterize distributed problem-solving agents

as benevolent [Rosenschein and Genesereth 85]. The other camp involves mul-

tiagent systems, in which autonomous, self-interested agents who might have

completely di�erent goals still have to coordinate their activities within their

shared environment.
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While this characterization helps distinguish extreme ends of a broad spec-

trum of DAI problems, the truth is that most problems of interest fall in the

grey area between these extremes. For example, although the vehicle tracking

agents in the Distributed Vehicle Monitoring Testbed [Lesser and Corkill 83]

lean towards cooperation because they share a common goal of mapping overall

vehicle movements, each operationalizes the common goal di�erently because of

its own local knowledge and data. As a result, the cooperative agents tend to

value their own partial results most highly, leading to exchanges of distracting

information and competition in getting other agents to extend alternative par-

tial solutions. Thus, the \benevolent" agents in the distributed problem-solving

task are partially adversarial. On the other hand, self-interested and even com-

petitive agents in a multiagent system often have to be partially cooperative,

such as when two competing sports teams must cooperate to arrange a game.

Similarly, in delivery domains studied in DAI [Durfee and Montgomery 90] the

agents that are working on separate delivery tasks must still cooperate to satisfy

constraints imposed by the environment (such as the constraint that they cannot

occupy the same place at the same time). Thus, self-interested and adversarial

agents often must also be partially cooperative.

A simple example of a partially-adversarial/partially-cooperative (PAPC)

problem is shown in Figure 1. This problem is called the lazy 4 queens problem,

where 4 agents exist, each of which tries to place its queen on the assigned col-

umn so that the queens do not threaten each other. Furthermore, each queen has

its initial position, and each agent prefers moving as little as possible from its ini-

tial position. In this example, the existence of hard constraints (that queens do

not threaten each other) forces agents to cooperate since acting independently

will likely lead to a poor outcome. At the same time, they are partially adver-

sarial because of their di�erent preferences (weak constraints) which generally

cannot be maximally satis�ed simultaneously. This PAPC problem captures the

essence of many more di�cult problems, including the adversarial cooperation

between the president and the congress, and the grudging cooperation between

labor unions and management [Sycara 85].

Rosenschein and his colleagues have extensively studied how agents can se-

lect rational actions in PAPC situations [Rosenschein and Genesereth 85]. In

their work, each agent makes an o�er, which consists of a combination of ac-

tions of all agents. The agents select a mutually satis�able solution from the

intersection of all of their sets of o�ers. Rosenschein concentrates on de�ning

di�erent levels of rationality of the agents in deciding on what o�ers to make,

and how di�erent rationality levels impact the ability of the agents to arrive at

solutions. A limitation of this approach is that an agent is assumed to know

outcomes of all agents for all possible combinations of actions in advance (that

is, it knows the whole payo� matrix). This assumption becomes impractical

when the number of agents and the number of values increase. Furthermore,

in adversarial domains, getting agents to truthfully reveal their payo�s is prob-

lematic.
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Figure 1: Lazy 4 queens Problem

In this paper, we argue that PAPC problems can be mapped into a for-

malism called distributed constraint optimization. Distributed constraint opti-

mization problems (DCOPs) generalize distributed constraint satisfaction prob-

lems [Yokoo, et al. 90] by varying degrees of satisfaction for a preference (weak

constraint), as well as insisting that hard constraints be fully satis�ed. Thus,

agents solving DCOPs can be adversarial across di�erent potential solutions

that satisfy hard constraints. Whether the agents can eventually converge on a

mutually satis�able solution depends on the criteria that they use for evaluating

preference satisfactions, which is related to di�erent levels of agent rationality

[Rosenschein and Genesereth 85]. We have developed new algorithms for solv-

ing DCOPs in which agents incrementally exchange only necessary information

to converge on a mutually satis�able solution.

2 Distributed Constraint Optimization Prob-

lem

In this paper, we use the following simpli�ed de�nition of a distributed con-

straint optimization problem. We assume all weak constraints are aggregated

by one objective function for each agent. Without loss of generality, an agent is

assumed to have exactly one variable, and an objective function is de�ned on the

assignment of all variables. These assumptions can be relaxed straightforwardly

to the case that one agent has several variables, or the objective function of an

agent is de�ned on a subset of the assignment of all variables.

� There exist agents 1; : : : ; n.
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� Agent i has exactly one variable x

i

, which takes its value from a �nite

domain D

i

.

� A candidate solution S is an assignment of values to all variables f(x

1

; d

1

); : : : ; (x

n

; d

n

)g.

� There exist a set of (hard) constraints, where a constraint P

k

(x

k1

; : : : ; x

kj

)

is a predicate which is de�ned on the Cartesian product D

k1

� : : :�D

kj

.

This predicate is true i� the instantiations of these variables are compatible

with each other.

� Agent i has its own objective function F

i

, which takes S as an argument

and returns a cost value.

For example, the lazy 4 queens problem can be formalized as follows:

� There exist agents 1,2,3,4, with variables x

1

; x

2

; x

3

; x

4

, respectively, where

the domain of each variable is f1; 2; 3; 4g.

� There exists a constraint P

ij

between x

i

and x

j

, which is satis�ed i�

(x

i

6= x

j

) ^ (jx

i

� x

j

j 6= ji� jj).

� Agent i has an objective function F

i

, which returns jx

i

� initial-position

i

j

A solution of a DCOP must satisfy all hard constraints. Generally, several

such solutions exist, in which case each agent prefers solutions with smaller

values of its objective function (lower costs). Since the values of all objective

functions might not be minimized by the same solution, as in the lazy 4 queens

example, the agents must agree on a mutually satis�able solution, rather than

on a globally optimal solution. A mutually satis�able solution strikes a balance

on the agents' preferences, and how the balance is struck depends on the solution

criterion they use.

3 Solution criteria for DCOP

With the existence of multiple objective functions, solution criteria depend on

the goal of the problem solving. In this section, we show several di�erent criteria.

3.1 Pareto Optimal Solution

A solution S is a pareto optimal solution i�

:9S

0

(9i(F

i

(S

0

) < F

i

(S)) ^ 8j(F

j

(S

0

) � F

j

(S)))

A pareto optimal solution is a solution that no other solution will improve

upon with respect to all objective functions, in other words, no other solution

dominates it.

Although pareto optimality is a desirable characteristic for a mutually satis-

�able solution, there can be multiple pareto optimal solutions. In Figure 1, there
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exist two solutions, i.e., f(x

1

; 2); (x

2

; 4); (x

3

; 1); (x

4

; 3)g, where the costs to the

agents are 1, 3, 3, 1, respectively, and f(x

1

; 3); (x

2

; 1); (x

3

; 4); (x

4

; 2)g, where the

costs are 2, 0, 0, 2, respectively. Both solutions are pareto optimal, but agents

1 and 4 prefer the �rst solution while agents 2 and 3 prefer the second solution.

One way for selecting a solution among multiple pareto optimal solutions is coin

ipping. However, agents have to negotiate over the probability weighting of

the \coin." For example, if agents agree on a coin giving a probability of 0.5 for

each solution, the expected cost will be 1.5 for all agents.

3.2 Weighted Sum Optimal Solution

Suppose the importance of agent i's objective function F

i

is represented by a

weight W

i

. A solution S is a weighted sum optimal solution i�

:9S

0

(

X

i=1;:::;n

W

i

� F

i

(S

0

) <

X

i=1;:::;n

W

i

� F

i

(S))

This criterion will be appropriate for the case that agents have a common goal,

and the degree of achievement of the common goal can be represented by the

weighted sum of objective functions. In centralized, non-distributed optimiza-

tion problems, or in purely benevolent distributed problem-solving networks,

we can assume the existence of such a global optimal criterion. However, if

agents are independent, we cannot assume the existence of such a commonly-

held global criterion, because each agent will weight its own preferences above

those of the other agents. If the agents can agree, in fairness, to weight their

objective functions equally, then the set of weighted sum optimal solutions they

derive is simply a subset of the pareto optimal solutions. Even in this case, the

agents need some sort of mechanisms to ensure that they truthfully report the

degree to which a solution satis�es their objective functions, and to ensure that

agents whose preferences are sacri�ced for the larger good abide by the decision.

3.3 Worst Case Optimal Solution

A solution S is a worst case optimal solution i�

:9S

0

( max

i=1;:::;n

F

i

(S

0

) < max

i=1;:::;n

F

i

(S))

This de�nition means that the cost of the worst agent will be smaller than

any other possible solutions. A worst case optimal solution is not necessarily a

pareto optimal solution, but at least one worst case optimal solution is also a

pareto optimal solution, since a solution which dominates a worst case optimal

solution is also a worst case optimal solution.

If agents have a common goal, and the degree of the achievement of the

common goal is determined by the worst value of the objective functions, then

the worst case optimal solution is appropriate. For example, if the value of the

5



objective function of each agent represents the required time for solving its local

problem, and the common goal is achieved when all agents have solved their local

problems (e.g., the pursuit problem [Benda 86], distributed scheduling problem

[Sycara, et al. 90]) the worst case optimal solution minimizes the required time

for achieving the common goal.

When agents are independent, a worst case optimal solution can be a mutu-

ally satis�able solution since it is a fair solution. In [Rosenschein and Genesereth 85],

similar bargainers assumption is introduced to represent the equality between

agents. Under the similar bargainers assumption, an agent i will only o�er so-

lutions with costs lower than N i� another agent j will also only o�er solutions

with costs lower than N. For example, if agent i is not willing to accept a solu-

tion S

i

where F

i

(S

i

) = N , then agent j will also refuse to accept a solution S

j

where F

j

(S

j

) = N . This assumption means that agents have the same threshold

value for accepting and not accepting solutions.

To reach deals in Rosenschein's formalization, agents must include worst

case optimal solutions in their o�ers, otherwise agents will fail to reach a mu-

tual agreement

1

. This fact can be explained as follows. Suppose an agent

j does not o�er a worst case optimal solution S, where F

j

(S) = N

0

and

max

i=1;:::;n

F

i

(S) = N , since agent j wants solutions where F

j

will be less than

N

0

. By the similar bargainers assumption, other agents also want solutions

costing them less than N

0

. By the de�nition of worst case optimal solutions, no

solution S

0

will satisfy the condition max

i=1;:::;n

F

i

(S

0

) < N

0

� N . Therefore,

there is no solution which satis�es the requirements of all agents, and agents

will fail to reach a mutual agreement. In other words, if all agents insist on

lower costs than N , there is no room for a mutual agreement. In Figure 1,

S=f(x

1

; 3); (x

2

; 1); (x

3

; 4); (x

4

; 2)g, where the costs are 2, 0, 0, 2, is a worst case

optimal solution. Suppose agent 1 does not like this solution, since agent 1

wants solutions with lower costs than 2. By the similar bargainers assumption,

all agents want solutions with costs lower than 2, no agreement can be reached.

4 Algorithms for DCOP

In this section, the algorithms for solving DCOP are described. We �rst show

the algorithms for �nding a worst case optimal solution, then describe how

the algorithms for the other two criteria can be obtained by modifying these

algorithms.

The main idea for solving DCOP is to establish (and revise) a threshold value

for the objective functions, thus turning them into boolean predicates whose

satisfaction depends on the current threshold. If all constraints are boolean

predicates, the asynchronous backtracking algorithm [Yokoo, et al. 90] can �nd

a solution which satis�es all constraints, or �nd that there is no such solution.

1

More precisely, they must include the worst case optimal solutions which are also pareto

optimal solutions.
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By changing the threshold value and iteratively solving the DCSPs, we can �nd a

solution which optimizes the objective functions under given criteria. Basically,

there are two ways of changing the threshold.

� Distributed Depth-�rst Branch & Bound (DDBB):

Set the initial threshold to some upper-bound and solve the corresponding

DCSP; then keep on decreasing the threshold and solving the correspond-

ing DCSP until no solution is possible. Return the most recent solution.

� Distributed Iterative Deepening (DID):

Set the initial threshold to some lower-bound and attempt to solve the

corresponding DCSP; then keep on increasing the threshold and attempt-

ing to solve the corresponding DCSP until a solution is found within the

threshold. Return the �rst such solution.

These two algorithms correspond to two typical algorithms for solving cen-

tralized, non-distributed optimization problems, i.e., the depth-�rst branch &

bound algorithm, and the best-�rst branch & bound algorithm, such as the A

�

algorithm [Kumar 87]. Speci�cally, the DID algorithm can be considered as a

distributed version of the iterative deepening A

�

algorithm [Korf 85].

4.1 Distributed depth-�rst branch & bound algorithm (DDBB)

Each agent has a threshold value c for its objective function F

i

, and treats

F

i

(S) < c as a boolean constraint

2

. Initially, agents set this threshold value to

some upper-bound or 1. The DDBB algorithm is described as follows.

1. Perform the asynchronous backtracking.

2. If a solution S is found, then store S and �nd the maximal cost value

c

max

= max

i=1;:::;n

F

i

(S), set c to c

max

, goto 1.

3. If there is no solution, return the most recently stored solution, terminate

the algorithm.

For example, to solve the problem in Figure 1, agents �rst solve the 4-

queens problem without considering the objective functions. Suppose a solu-

tion f(x

1

; 2); (x

2

; 4); (x

3

; 1); (x

4

; 3)g is found by using the asynchronous back-

tracking algorithm. The cost value of each agent is 1, 3, 3, 1, respectively.

Therefore, the maximal cost is 3. Agents set their threshold to 3 and try to

�nd a solution where the costs are less than 3. Then, agents �nd a solution

f(x

1

; 3); (x

2

; 1); (x

3

; 4); (x

4

; 2)g, in which costs for each agent are 2, 0, 0, 2, re-

spectively. Agents then set their threshold to 2 and try again to �nd a solution.

However, there is no solution better than this threshold. Therefore, agents can

guarantee that f(x

1

; 3); (x

2

; 1); (x

3

; 4); (x

4

; 2)g is a worst case optimal solution.

2

We can assume that agent i has its own heuristic function H

i

that takes any subset of

assignments f(x

1

; d

1

); : : : ; (x

n

; d

n

)g, and returns the estimated value of the objective function.

This heuristic function can be used for early pruning in asynchronous backtracking
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4.2 Distributed iterative deepening algorithm (DID)

In the DID algorithm, agents initially set their threshold cost value c to some

lower-bound or 0, and treat F

i

(S) � c as a boolean constraint. The original

asynchronous backtracking algorithm is modi�ed so that when there is no solu-

tion, the algorithm returns the new lower-bound of the values of the objective

functions. The modi�cation is described as follows.

In the asynchronous backtracking algorithm, agents exchange nogoods with

each other. A nogood is a set of value assignment to variables which does not sat-

isfy constraints. For example, in the problem of Figure 1, if x

1

= 1 and x

2

= 3,

there is no value for x

3

which satis�es constraints. Therefore, f(x

1

; 1); (x

2

;3)g

is a nogood. When an empty nogood is found, it means that there is no solution

which satis�es all constraints and the asynchronous backtracking algorithm ter-

minates. In the DID algorithm, the notion of nogood is generalized so that a

nogood is coupled with a condition, which indicates the condition in which the

nogood is in e�ect. A condition of a nogood is a conjunction of boolean pred-

icates each of which consists of an objective function and its cost value. For

example, in the problem of Figure 1, if x

1

= 2 and the cost value of F

2

must be

within 2, there is no possible value for x

2

, since the only consistent value for x

2

is 4, where F

2

is 3. We say f(x

1

; 2)g is a nogood under the condition F

2

(S) < 3.

Note that the cost value 3 in this condition is larger than the current threshold

2, and < is used instead of �, which reects the fact that if F

2

(S) = 3, f(x

1

;2)g

might be a part of a solution. In the modi�ed asynchronous backtracking al-

gorithm, agents exchange nogoods and their condition each other. When an

empty nogood is found, the new lower-bound can be found by the condition of

the empty nogood, i.e., if the condition is (F

1

(S) < c

1

)^ (F

2

(S) < c

2

)^ : : :, the

new lower-bound is the min

i=1;2;:::

c

i

.

The DID algorithm is described as follows.

1. Perform the asynchronous backtracking.

2. If there is no solution, set c to the lower-bound obtained by the asyn-

chronous backtracking, goto 1.

3. If a solution S is found, return S and terminate the algorithm.

For example, in the problem of Figure 1, agents �rst set their thresholds to 0,

and try to �nd a solution where the costs are no greater than this threshold. By

using the asynchronous backtracking algorithm, agents eventually �nd empty

nogoods with conditions such as (F

1

(S) < 1) ^ (F

4

(S) < 1), and obtain the

new lower bound 1. Agents then set their thresholds to 1, and try again to �nd

a solution. Again, the asynchronous backtracking algorithm returns the new

lower bound 2. After agents set their thresholds to 2, they �nd the solution

f(x

1

; 3); (x

2

; 1); (x

3

; 4); (x

4

; 2)g, which is a worst case optimal solution.
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4.3 Combination algorithm

The DDBB and DID algorithm can be combined as follows. Suppose agents are

given initial lower-bound and upper-bound value, and each agent has a threshold

value c and treats F

i

(S) � c as a boolean constraint.

1. Set threshold c of all agents to some value between the upper-bound

and lower-bound (e.g., (upper-bound + lower-bound)/2) and perform the

asynchronous backtracking.

2. If there is a solution, store the solution and set the upper-bound to the

maximal cost of the solution

3. If there is no solution, set the lower-bound to the new lower-bound ob-

tained by the asynchronous backtracking.

4. If upper-bound=lower-bound, then return the most recently stored solu-

tion, terminate the algorithm, otherwise goto 1.

4.4 Comparison of algorithms for DCOP

We use the following computation model for comparing the e�ciency of DDBB,

DID and the combination algorithm. We assume one time unit is required for

one consistency check for each agent, and the message issued time t is available

at time t+ n, i.e., message delay is n time units.

Figure 2 shows the required time units for lazy 10 queens, varying the mes-

sage delay. The initial position of the i-th queen is 1 for i = 1; 3; 5; : : :, and 10 for

i = 2; 4; 6; : : :. We compare DID, DDBB, and the combination algorithm, and

for each algorithm, we also show the result of the centralized version, where only

one agent exists and solves the whole problem alone. For each algorithm, the

distributed version outperforms the centralized version as long as the message

delay is small. This is because agents can act concurrently in the distributed

version of these algorithms. The amount of speedup depends on the granularity

and interrelation of subproblems, as is the case in asynchronous backtracking

[Yokoo, et al. 90]. The required time units are in the order of DID < com-

bination < DDBB. This is because in this problem, the maximal cost of the

worst-case optimal solution is 4, and it is closer to the lower-bound 0, rather

than the upper-bound 9.

Figure 3 shows the required time units for lazy 10 queens with di�erent initial

positions. The initial position of the i-th queen is i. In this case, the required

time units are in the order of DDBB < combination < DID. This is because

in this problem, the maximal cost value of the worst-case optimal solution is 5,

and it is closer to the upper-bound.

The tradeo�s between DDBB and DID are similar to the tradeo�s between

the depth-�rst branch & bound algorithms and the best-�rst branch & bound

algorithms. One desirable property of DDBB is that premature termination

of the algorithm usually results a sub-optimal solution, while DID �nds no

9



solution before the algorithm is completely �nished. On the other hand, DID

is an optimal algorithm in terms of the reduction of the search space under the

given heuristic functions.
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4.5 Algorithms for weighted sum optimal and pareto op-

timal solution

In order to obtain a weighted sum optimal solution, agents must exchange the

values of the objective functions and calculate the weighted sum of the values.

Suppose one agent is assigned to calculate the weighted sum, and other agents

send the values of their objective functions to the agent. Then the problem is

equivalent to minimizing the combined objective function. Therefore, we can use

the algorithms for �nding a worst case optimal solution, where only one agent

has an objective function (while it requires communication between agents to

calculate the value of the objective function).

We can use the variation of the DDBB algorithm for �nding a pareto optimal

solution. Suppose a solution S

init

is found, then each agent i sets its threshold

value to F

i

(S

init

), and treats F

i

(S) � S

init

as a boolean constraint. Each agent

also treats S

init

as a nogood. If there is no solution for the corresponding DCSP,

S

init

is a pareto optimal solution. If there is a solution S

new

, then each agent i

sets its threshold value to F

i

(S

new

), and so on.

5 Conclusions and Future Works

In this paper, DCOP is de�ned as a general framework for formalizing partially

adversarial/partially cooperative problems. We have discussed several solution

criteria for DCOPs, and have identi�ed relationships between this work and

studies of agent rationality. We have developed the algorithms for DCOP in

which agents exchange enough information to converge on a solution without

exchanging all information.

Our future work will introduce time constraints (deadlines) into negotiation

process [Kraus and Wilkenfeld 90], and examine the way to prevent agents from

lying [Zlotkin and Rosenschein 90].
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