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ABSTRACT

The Multiagent Agreement Problem (MAP) is a special form of
Distributed Constraint Optimization (DCOP) that requires agents to
choose values for variables to satisfy not only their own constraints,
but also equality constraints with other agents. We introduce the
AdoptMVA algorithm, an extension of the existing Adopt algo-
rithm, designed to take advantage of MAP domains where agents
often control multiple variables. We also propose an approach to
agent ordering which leverages known ordering techniques from
the centralized and distributed constraint satisfaction literature and
applies them to MAPs. By combining ordering at the agent level
with orderings at the variable level, we hope to obtain efficient
global orderings. While the contributions discussed in this paper
are applicable to general DCOPs, we focus our evaluation on MAPs
because we feel it is a significant problem class worthy of specific
attention.
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1. INTRODUCTION

The Multiagent Agreement Problem (MAP) is an instance of the
more general Distributed Constraint Optimization Problem (DCOP)
and is a convenient framework for representing coordination prob-
lems where multiple agents must come to an agreement for exam-
ple on the time of a meeting or a joint action [7][5]. We propose
AdoptMVA as an extension of the existing Adopt algorithm to oper-
ate more efficiently on MAPs where agents own multiple variables.
The key idea is to use centralized search procedures to solve each
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agents’ subproblem, in conjunction with the distributed Adopt al-
gorithm to solve the broader problem. We show that when variable
ordering is controlled for, AdoptMVA completes in fewer cycles
than original Adopt on MAPs.

It is well known that the choice of variable ordering can have
a large effect on the performance of a constraint-based search al-
gorithm. Indeed, the choice of variable ordering becomes an even
more important issue when we have multiple variables per agent.
We define a set of inter-agent ordering heuristics for ordering at the
macro-agent level and evaluate their comparative performance on
MAPs using AdoptMVA. We present a general technique for con-
verting existing effective variable orderings into effective agent or-
derings. In summary, by combining inter-agent ordering and intra-
agent ordering heuristics and inventing AdoptM VA to exploit them,
we enable a hierarchical approach to variable ordering in DCOP.

2. MULTIAGENT AGREEMENT PROBLEM

The Multiagent Agreement Problem (MAP) [7] is a special class
of DCOP [6] in which a variable can be shared among multiple
agents. The model can be made equivalent to a DCOP by giving
copies of the variable to each agent and using inter-agent equality
constraints to ensure agreement. We will use MAP definitions to
aid in explaining experiments described in this paper. The compo-
nents of MAP are defined as follows:

o A={A1, Ay, ..., Ay} is aset of agents.
o V ={V1,Va,.., Vin}isaset of variables.

e D = {di,ds,...,di} is a set of values. Each value can be
assigned to any variable.

e participants(V;) C A is the set of agents assigned the vari-
able V;. The participants are responsible for choosing the
value of V;.

e vars(A;) C V is the set of variables assigned to agent A;.

e For each agent A;, C; is an intra-agent constraint that must
be defined only over the variables in vars(A;). C; can be
used to model an agent’s local preferences for certain val-

ues.]

e For each variable V;, an inter-agent “agreement” constraint
is satisfied if and only if the same value from D is assigned
to V; by all the agents in participants(V;).

"This is a generalization of the model introduced in [7] where C;
was required to evaluate to either true or false.
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3. ADOPTMVA

The existing Adopt algorithm can be trivially adapted to han-
dle problems in which an agent owns multiple variables by treating
variables within an agent as virtual agents. However, this previous
approach has the drawback that it artificially segments problem in-
formation within an agent and fails to take advantage of the full
information sharing that is possible. We aim to eliminate this in-
efficiency by allowing full sharing of information within an agent.
Our approach is to create a single process for each agent and al-
low it to control all of the variables owned by the agent. Then,
a centralized search procedure is used to find the optimal solution
for the agent’s subproblem. We call this AdoptM VA, for Multiple
Variables per Agent.

In the Adopt formalism, a value assignment to a set of variables
is called a context and is defined as follows [6].

e Definition: A context is a partial solution of the form
{(z;,d;), (g, dg)...}. A variable can not appear in a con-
text more than once. Two contexts are compatible if they do
not disagree on any variable assignment. CurrentContext is a
context which holds an agent’s current knowledge of variable
values for higher priority neighbors.

As defined in MAP, we let vars(A;) C V denote the variables
owned by agent A;. We then denote a context s € S where S is
the set of all possible assignments to variables in vars(A;) and s is
a particular one of those assignments.

Whereas previously an agent owned only a single variable and so
its cost was determined only by its constraints with other agents, we
now must define a function that also includes the cost of constraints
between variables within an agent. We define the local cost 6 for a
particular value assignment s made by agent A; for the variables it
owns as:

> fildidy) +
(x;,d;)Es
M
> figldi,dy)
(zj,d;)€CurrentContext (x;,d;)E€s
The first half of the definition sums the constraints between every
possible pairing of variables within an agent, and the second half
evaluates the constraints between each of the agent’s variables and
all of the external variables in its CurrentContext.
An agent computes a lower bound for a solution s using lower
bound costs received from its children, denoted as b(s, x;).

e Definition: LB(s) = 0(s) + X, cconitaren (0(s, 1) is a
lower bound for the subtree rooted at A; when A; chooses
solution s € S.

Similarly for an upper bound on solution s:

e Definition: UB(s) = 6(s) + X, ccnitaren ub(s, 1) is an
upper bound for the subtree rooted at A; when A; chooses
solution s € S.

The overall lower and upper bounds for A; are the minimums
over the bounds for all possible solutions in S

e Definition: LB = minscsLB(s) is a lower bound for the
subtree rooted at A;.

e Definition: UB = minscsU B(s) is an upper bound for the
subtree rooted at A;.

Algorithm 1: AdoptMVA Branch & Bound search

depth «— 0
cost — 0
bestCost «— 00

procedure search( s € S, depth, cost ):
if depth == s.size() then
bestSolution «—— s
bestCost +—— cost
return;
end
Vi «— variable at depth (order determined by variable
ordering)
Domain «— D;
Reorder Domain with best-first heuristic (move current value
of V; in best known solution to be first)
for d; € Domain do
cost+ = Z(a:j,dj)Es fij (dz, dj) +
Z(Ij ,d;j)ECurrentContext fij (d“ d])
if depth == s.size() — 1 then
cost «—— cost + Y
end
if cost < bestCost then
search( s, depth+1, cost )
end
s{Vi} — null
end

z;EChildren Ib(s, x1)

The above definitions are based on the original Adopt defini-
tions [6] with the main change being that lower and upper bounds
are now calculated using a local solution context s rather than a sin-
gle variable x;. Also, the most important change to the local cost §
is that it now includes the cost of intra-agent constraints.

In order to properly communicate the values of an agent’s local
variables to the other agents in the problem, we also have to modify
Adopt’s VALUE messages and its handling of COST messages.
In particular, VALUE messages must now include the values of
all variables owned by the agent, rather than just a single variable
value. Therefore, we extend VALUE messages to include a solution
context:

e Definition: VALUE( s; = {(xj,d;), (zk,dk),...} ) is the
form of the new VALUE messages sent to neighbors lower
in the tree.

Finally, each agent uses a centralized Branch & Bound search [4]
to find the optimal solution to its local variables, given the values
of its ancestors in the Adopt hierarchy, and knowledge of the costs
of its children. The search is used to calculate both the lower and
upper bounds (LB and UB) on the agent’s variables. Algorithm 1
shows pseudo code for the lower bound search (upper bound search
is identical except Ib(s, z;) is replaced with ub(s, x;)). The value
ordering is a best-first heuristic that puts the best domain value first
in the search order for a given variable, where the best value is
taken from the current best solution (if known).

Also note that the cost calculation in each step of the recursive
search is not exactly the same as the ¢ function in Equation 1.
Rather, the true cost of J is reached at the bottom of the recursion
because we add in the lower or upper bounds from our children
at the end. This is so we don’t redundantly calculate this cost at
each recursion. If a bound for a child at the given solution s is not
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Figure 1: Experimental results on MAPs in the meeting scheduling domain.

known, the lower bound defaults to 0 and the upper bound to co.

4. ORDERING HEURISTICS

We define four inter-agent orderings, which are macro-level vari-
able orderings used to determine the parent/child relationships in
AdoptMVA.

e Lexicographic - Agents are ordered alpha-numerically by
agent name. This is an uninformed heuristic.

o Inter-agent constraints heuristic - Agents are ordered re-
cursively by the number of inter-agent constraints to already
ordered agents. Ties are broken by the number of inter-agent
constraints to currently unordered agents, and then lexico-
graphically. This is a similar to the existing Brelaz variable
ordering heuristic [1] except rather than counting all con-
straints, we only count inter-agent constraints.

The next two orderings were created based on the theory that
many effective variable ordering heuristics exist and so converting
them to an agent ordering might produce similar results. In par-
ticular, we can convert any given global variable ordering to an
agent ordering by assigning agent priorities based on the priorities
of variables within that agent. Given a prioritization of variables,
a general technique for computing agent A;’s agent priority is as
follows:

priority(A;) = MATwV; cvars(A;) priority(V;).
Below are two heuristics that instantiate this theme.

o AdoptToMVA-Max - We first compute a global variable or-
dering using Brelaz [1], and then convert it into an agent or-
dering for AdoptM VA using the above conversion.

o AdoptToMVA-Min - This is the same as AdoptToM VA-Max
except that agent priorities correspond to the minimum prior-
ity variable within each agent.

We will present experimental results for the four agent order-
ing heuristics. Although not presented here, we also investigated a
set of heuristics suitable for MAP for ordering variables within an
agent, i.e., intra-agent variable orderings. We evaluated their com-
parative performance and are able to identify an intra-agent vari-
able ordering heuristic for MAP that is the most efficient of the
ones tested.

5. RESULTS

We conducted experiments on MAPs used to model a meeting
scheduling domain. More results than those presented here are
available [2]. We present results in terms of the Cycle-Based Run-
time (CBR) metric [3] which we believe is a more informative and
fairer metric because it more closely approximates true distributed
run-time than the previously used synchronous cycles metric. The
formula for CBR is CBR = Cycles * L + CCC, where cycles is
the number of synchronous cycles consumed by the algorithm, L is
a factor indicating the relative communication speed, and CCC is
the total number of concurrent constraint checks.

First, we compare the performance of AdoptMVA versus Adopt.
To ensure a level playing field, we control for agent ordering using
a static lexicographic agent ordering for both algorithms. We found
that when agent ordering is controlled for, AdoptMVA has a lower
CBR than Adopt (see Figure 1a). The results show that AdoptM VA
would perform better than Adopt in systems with a high communi-
cation cost (L=1000).

Next, we compare four agent ordering heuristics on MAPs. Fig-
ure 1b shows our results. AdoptToMVA-Min was the best perform-
ing heuristic on the problems tested. We also saw that the agent
ordering can make a tremendous difference. For some of the prob-
lems in Figure 1b, the difference between two heuristics is one or
two orders of magnitude in size.
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