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Abstract

We propose ODPOP, a new distributed algorithm for
open multiagent combinatorial optimizatidhat feature un-
bounded domains (Faltings & Macho-Gonzalez 2005). The
ODPOP algorithm explores the same search space as the
dynamic programming algorithm DPOP (Petcu & Faltings
2005b) or ADOPT (Modet al. 2005), but does so in an in-
cremental, best-first fashion suitable for open problems.
ODPOP has several advantages over DPOP. First, it uses mes-
sages whose size only grows linearly with the treewidth of the
problem. Second, by letting agents explore values in a best-
first order, it avoids incurring always the worst case complex-
ity as DPOP, and on average it saves a significant amount of
computation and information exchange.

To show the merits of our approach, we report on experi-
ments with practically sized distributed meeting scheduling
problems in a multiagent system.

Introduction

Constraint satisfaction and optimization is a powerful
paradigm for solving numerous tasks in distributed Al, like
planning, scheduling, resource allocation, etc. Many real

problems are naturally distributed among a set of agents,

Search algorithms require linear memory and message
size, and the worst case complexity can sometimes be
avoided if effective pruning is possible. However, they-pro
duce an exponential number of small messages, which typi-
cally entails large networking overheads.

Dynamic programming algorithms have the important ad-
vantage that they produce fewer messages, therefore less
overhead. DPOP (Petcu & Faltings 2005b) for example re-
quires a linear number of messages. The disadvantage is that
the maximal message size and memory requirements grows
exponentially in the induced width of the constraint graph.
Furthermore, the worst case complexity is always incurred.

This paper presents ODPOP, which combines some ad-
vantages of both worlds: it does not always incur the worst
case complexity, it always uses linear size messages (las wit
search), and typically generates few messages (as DPOP).

Although its worst case complexity is the same as for
DPOP, ODPORP typically exhibits significant savings in com-
putation and information exchange. This is because the
agents in ODPOP use a best-first order for value exploration,
and an optimality criterion that allows them to prove opti-
mality even without exploring all the values of their pasent

This makes ODPOP applicable also to open constraint op-
timization problems, where variables may have unbounded

each one holding its own subproblem. The agents have to domains (Faltings & Macho-Gonzalez 2005).

communicate with each other to find an optimal solution to
the overall problem (unknown to any one of them). In such
settings, centralized optimization algorithms are ofter u

We introduce the DCOP problem, definitions and nota-
tions, and the basic DPOP algorithm. We then describe the
ODPOP algorithm, show examples, and evaluate its com-

suitable because it may be unpractical or even impossible to plexity, both theoretically and experimentally. We presen

gather the whole problem into a single place. Distributed

experimental results on meeting scheduling problems, and

Constraint Satisfaction (DisCSP) has been formalized by then conclude.

Dechter (Collin, Dechter, & Katz 1991), Meisels (Solo-
torevsky, Gudes, & Meisels 1996) and Yokoo (Yoketcal.
1998) to address such problems.

Complete algorithms for distributed constraint optimiza-
tion fall in two main categories: search (see (Collin, Decht
& Katz 1991; Yokooet al. 1998; Silaghi, Sam-Haroud,
& Faltings 2000; Modiet al. 2005; Hamadi, Bessre, &

Quinqueton 1998)), and dynamic programming (see (Petcu ® R =

& Faltings 2005b; Kask, Dechter, & Larrosa 2005)).
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Definitions and Notation

Definition 1 A discretedistributed constraint optimization
problem(DCOP) is a tuple< X, D, R > such that:

o X ={x1,...,x,} is asetof variables

e D ={dy,...,d,}is asetof finite domains of the variables
{r1,....,mm} is a set of relations, where a re-
lation r; is any function with the scopec;,, -, z;,),

r; © d;, X .. x d;,, — R, which denotes how much utility

is assigned to each possible combination of values of the
involved variables. Negative amounts mean cdsts.

'Hard constraints (that explicitly forbid/enforce certain value



Figure 1:A problem graph and a rooted DFS tree. ASK mes-

Sep; is the set of ancestors af; whose removal com-
pletely disconnects the subtree rooted:afrom the rest of
the problem. In case the problem is a tree, tltep, =
{P;},Va; € X. In the general case§ep; containsp;,
all PP; and all the pseudoparents of all descendants; of
which are ancestors af;.

DPOP: dynamic programming optimization
DPOP is a distributed version of the bucket elimination
scheme from (Dechter 2003), which works on a DBBOP

sages go top-down, and GOOD messages (valued goods) gohas 3 phases:

bottom-up. All messages are of linear size.

In a DCOP, each variable and constraint is owned by an
agent. A simplifying assumption (Yokaet al. 1998) is that
each agent controls a virtual agent for each one of the vari-
ablesz; that it owns. To simplify the notation, we useg to
denote either the variable itself, or its (virtual) agent.

This is a multiagent instance of thelued CSFrame-
work as defined by Schiex et al (Schiex, Fargier, & Verfail-
lie 1995). The goal is to find a complete instantiatish for
the variables:; thatmaximizeghe aggregate utility, i.e. the
sum of utilities of individual relations. We assume hereyonl

Phase 1 - ®FS traversalof the graph is done using a dis-
tributed DFS algorithm. To save space, we refer the reader
to an algorithm like (Petcu, Faltings, & Parkes 2006). The
outcome of this protocol is that all nodes consistently labe
each other as parent/child or pseudoparent/pseudochdd, a
edges are identified as tree/back edges.

Phase 2 -UTIL propagation is a bottom-up process,
which starts from the leaves and propagates upwards only
through tree edges. The agents seifdL messages to their
parents. The subtree of a node can influence the rest of
the problem only througlX;'s separatorSep;. Therefore, a
message contains the optimal utility obtained in the sabtre
for each instantiation a$'ep;. Thus, messages are exponen-

unary and binary constraints/relations. DPOP and ODPOP tial in the separator size (bounded by the induced width).

extend however easily to non-binary constraints (see (Petc
Faltings, & Parkes 2006)).

Depth-First Search Trees (DFS)
ODPOP works on a DFS traversal of the problem graph.

Definition 2 A DFS arrangement of a graph G is a rooted

tree with the same nodes and edges as G and the property

Phase 3 VALUE propagation top-down, initiated by the
root, when phase 2 has finished. Each node determines its
optimal value based on the computation from phase 2 and
theVALUE message it has received from its parent. Then, it
sends this value to its children througALUE messages.

ODPOP: an optimization algorithm for DCOP

that adjacent nodes from the original graph fall in the same ODPOPIs described in Algorithm 1. It also has 3 phases:

branch of the tree (e.g:o andx; in Figure 1).

DFS trees have already been investigated as a means to
boost search (Freuder 1985; Dechter 2003). Due to the rela-

tive independence of nodes lying in different branches ef th
DFS tree, it is possible to perform search in parallel onghes
independent branches.

Figure 1 shows an example of a DFS tree that we shall
refer to in the rest of this paper. We distinguish betwiea
edges shown as solid lines (e.g8 — 3), andback edges
shown as dashed lines (e®y— 1, 12 — 2).

Definition 3 (DFS concepts)Given a nodex;, we define:

e theparent P; / children C;: these are the obvious defini-
tions (e.g.P4 =x1,0C1 = {113, 374})

e Thepseudo-parentsP P; are x;'s ancestors that are con-
nected tar; directly through back-edge®®s = {z1}).

e Thepseudo-children PC; are z;'s descendents directly
connected ta; through back-edges (e.®Cy = {x11}).

e Sep; is the separator of z;: ancestors ofr; which are
directly connected withr; or with descendants of; (e.g.

Sepy = {1}, Seps = {xo,x2} and Seps = {x1, x3}).
combinations) can be simulated with soft constraints by assigning

—oo to disallowed tuples, and 0 to allowed tuples. Maximizing
utility thus avoids assigning such value combinations to variables.

Phase 1 - ®FS traversalas in DPOP

Phase 2 -ASK/GOOD) this is where ODPOP is differ-
ent from DPOP. This is an iterative, bottom-up utility prepa
gation process, where each node repeatedly askA&ia
messages) its children for valuationgo6dg until it can
compute suggested optimal values for its ancestors indlude
in its separator. It then sends these goods to its parens. Thi
phase finishes when the root received enough valuations to
determine its optimal value.

Phase 3 VALUE propagation as in DPOP

ODPOP Phase 2:ASK/GOOD Phase

In backtracking algorithms, the control strategy is topvdo
starting from the root, the nodes perform assignments and
inform their children about these assignments. In retina, t
children determine their best assignments given these deci
sions, and inform their parents of the utility or bounds on
this utility.

This top-down exploration of the search space has the dis-
advantage that the parents make decisions about theirsvalue
blindly, and need to determine the utility for every one of
their values before deciding on the optimal one. This can be
a very costly process, especially when domains are large.

Additionally, if memory is bounded, many utilities have
to be derived over and over again (Matial. 2005). This,



Algorithm 1 ODPOP - Open/Distributed Optimization
ODPOP(X, D, R): each agent; does:
DFS arrangement run token passing mechanism as

in (Petcu, Faltings, & Parkes 2006)
1 At completion,x; knowsP;, PP;, C;, PC;, Sep;

Main process
2 sent_goods «— ()
3 if x; is rootthen
ASK/GOOD until valuation sufficiency
4 else
while Ireceived VALUE messagi®
6 Process incoming ASK and GOOD messages

Process ASK
7 while !sufficiency conditional orent_goods do
selectC#sk amongC;
send ASK message to all¢**
wait for GOOD messages
find best_good € Sep; s.t.best_good ¢ sent_goods
addbest_good to sent_goods, and send it ta>;

ProcessGOOD (gd, xk)
addgd to goodstore(xy,)
check for conditional sufficiency

10
11
12

13
14

coupled with the asynchrony of these algorithms makes for a
large amount of effort to be duplicated unnecessarily Ziva
& Meisels 2004).

Propagating GOODs In contrast, we propose a bottom-

(assigr,valy) is a new goodGOOD?, = (assig; U
assigy, val; + valy)

Example in Figure 1: 1le6O0OD?, = (x5 = a,z¢ = ¢, 15)
andGOOD3, = (x5 = a,z2 = b,7). ThenGOOD?, ®
GOOD?, = (w9 = b,z = ¢, x5 = a,22).

Value ordering and bound computation Any child z; of

a nodex; delivers to its parent; a sequence OGOOD;'-
messages that explore different combinations of values for
the variables irfep;, together with the corresponding utili-
ties. We introduce the following important assumption:

Best-first Assumption leaf nodes (without children)
report theirGOO Ds in order of non-increasing utility.

This assumption is easy to satisfy in most problems: it cor-
responds to ordering entries in a relation according ta thei
utilities. Similarly, agents usually find it easy to repothat
their most preferred outcomes are.

We now show a method for propagatiaf) O Ds so that
all nodes always repot¥fOO Ds in order of non-increasing
utility provided that their children follow this order. To-
gether with the assumption above, this will give an algonith
where the firsGOO D generated at the root node is the op-
timal solution. Furthermore, the algorithm will be able to
generate this solution without having to consider all value
combinations.

Consider thus a nodg that receives from each of its chil-
drenz; a stream ofOO Ds in an asynchronous fashion, but
in non-increasing order of utility.

Notation: let LASTJ? be the last good sent hy; to ;.

Let (Sep;) be the set of all possible instantiations of vari-

up strategy in ODPOP, similar to the one of DPOP. In this  aples inSep,. A tuples € (Sep;) is such an instantiation.
setting, higher nodes do not assign themselves values, but| et GOOD](t) be agood sent by; to z; that is compatible

instead ask their children what values would be best. Chil-
dren answer by proposing values for the parents’ variables.
Each such proposal is calledgaod and has an associated
utility that can be achieved by the subtree rooted at thelchil
in the context of the proposal.

Definition 4 (Good) Given a nodex;, its parent P; and
its separatorSep;, a good message’}OODfl sent from
xz; 10 P; is a tuple (assignments, utility) as follows:
GOOD} = ({z; = v¥|z; € Sep;, v € D;},v € R).

In words, a goocd’}OODf" sent by a node; to its parent
P; has exactly one assignment for each variabledp;, plus
the associated utility generated by this assignment for the
subtree rooted at;. In the example of Figure 1, a good sent
from x5 to z2 might have this form:GOOD?2 = (x5 =
a, o = ¢, 15), which means that ifs = ¢ andz = ¢, then
the subtree rooted at gets 15 units of utility.

Definition 5 (Compatibility: =) Two good messages
GOOD, and GOOD, are compatible (we write this
GOOD,; = GOOD:,) if they do not differ in any assignment
of the shared variables. Otherwis€0D0OD; # GOODs.

Example: (zo = a,z¢9 = ¢,15) = (x2 = a,7), but (x5 =
a,xo = ¢,15) # (xa = b, 7).

Definition 6 (Join: @) Thejoin & of twocompatiblegood
messages>00D; (assig;,val;) and GOOD;,

with the assignments in the tuple

Based on the goods thaj has already sent te;, one can
define lower (LB) and upper (UB) bounds for each instanti-
ations € (Sep;):

LBi(s) = { zial(GOODj-(t)) if 2; SentGOOD (t) s.t.t = s

00 otherwise
v val(GOOD§ (t)) if z; sentGOOD (t) stt=s
UBj(s) = val(LAST}) if z; has sentangxOOD;
+o0 if ; has not sent ang‘OO D

The influence of all children of; is combined in upper
and lower bounds for eache (Sep;) as follows:

o UB'(s) = X2, cc, UBj(s); if any of z; € C; has not
yet sent any good, theli B} (s) = +oc, andU B(s)
+00. UB'(s) is the maximal utility that the instantiation
s could possibly have for the subproblem rooted gino
matter what other goods will be subsequently received by
z;. Note that it is possible to infer an upper bound on
the utility of any instantiation € (Sep;) as soon as even
a singleGOOD message has been received from each
child. This is the result of the assumption tia® O Ds
are reported in order of non-increasing utility.

o LB'(s) =3, cc, LBj(s);ifany of z; € C; has not yet
sent any good compatible with thenLB;-(s)

—00,



and LBi(s) = —oo. LB'(s) is the minimal utility that
the tuples € (Sep;) could possibly have for the subprob-
lem rooted atr;, no matter what other goods will be sub-
sequently received hy;.

Examplesbased on Table 2:
e GOOD}, (x4 =c) = ([xz4 = c],4).
o LAST}, = ([ = a).3).
e LBiy(x4 = ¢) =4andLBg(xy = ¢) = —oc , because

x4 has received &00 D7, (z4 = c) from 14, but not a
GOODj(xy4 = c) from xy.

e Similarly, UB{,(z4 = ¢) = 4 andUB§(z4 = ¢)
val(LASTY) = val(GOOD§(x4 = f)) = 1, because
x4 has received 00 D(z4 = c) from x4, but not from
x9, SO the latter is replaced by the latest received good.

Valuation-Sufficiency

In DPOP, agents receive @O0 Ds grouped in single mes-
sages. Here(GOODs can be sent individually and asyn-
chronously as long as the order assumption is satisfied.
Therefore,z; can determine when it has receivedough
goods from its children in order to be able to determine the
next best combination of values of variablesSep, (Falt-
ings & Macho-Gonzalez 2005). In other words can deter-
mine when any additional goods received from its children
x; will not matter w.r.t. the choice of optimal tuple f&iep;.

x,; can then send its paref a valued good* € Sep; sug-
gesting this next best value combination.

Definition 7 Given a subse$ of tuples from(Sep;), a tuple
t* € {(Sep;) \ S} is dominant conditional on the subsgt
whenvt € {(Sep;) \ S|t # t*}, LB(t*) > UB(t).

In words, t* is the next best choice fo$ep;, after the
tuples inS. This can be determined once there have been
received enough goods from children to allow the finding
that one tuple’s lower bound is greater than all other’'s uppe
bound. Then the respective tuple is conditional-dominant.

Definition 8 A variable isvaluation-sufficient conditional
on a subsefS C (Sep;) of instantiations of the separator
when it has a tuplé* which is dominant conditional of.

Properties of the Algorithm The algorithm used for
propagatingzOO Ds in ODPOP is given by process ASK in
Algorithm 1. Whenever a newOOD is asked by the par-
ent,z; repeatedly asks its children fatOO Ds. In response,

it receivesGOOD messages that are used to update the
bounds. These bounds are initially setlt®(Vt) = —oco

and UB!(Vt) = +oco. As soon as at least one message
has been received from all children for a tuplets upper
bound is updated with the sum of the utilities received. As

x1fra=|a|blc|d|el|f
xr1=a |1]|2|6]|2]|1]2
xr1=b |[5]1]2]1|2]1
r1=c [ 2|1]1]1|2]|1
Table 1: RelationR(x4, z1).

Tg Z10 z
(xa=4a,6) | (xta=10,5) | (x4 =c,x1 =a,6)
(x4 =d,5) | (xa=0c¢,4) | (x4 =2a,x1 =Db,5)
<I4:f71> <X4:a73> <x4:b,x1:a,2>

Table 2: Goods received hy;. The relation-} is present in
the last column, sorted best-first.

SubsequentdSK messages fronP; will be answered
using the same principle: gather goods, recompute up-
per/lower bounds, and determine when another tuple is dom-
inant. However, the dominance decision is made while ig-
noring the tuples froment_goods, so the "next-best” tuple
will be chosen. This is how it is ensured that each node in
the problem will receive utilities for tuplea decreasing or-
der of utility i.e. in a best-first order, and thus we have the
following Theorem:

Theorem 1 (Best-first order) Provided that the leaf nodes
order their relations in non-increasing order of utilityaeh
node in the problem sendsOODs in the non-increasing
order of utility i.e. in a best-first order.

PROOF By assumption, the leaf nodes seG@O Ds
in best-first order. Assume that all children of satisfy
the Theorem. Then the algorithm correctly infers the upper
bounds on the various tuples, and correctly decides condi-
tional valuation-sufficiency. If it sends@OOD, it is con-
ditionally dominant given alizOO Ds that were sent earlier,
and so it cannot have a lower utility than a6Y)O D that
might be sent later. ]

Conditional valuation-sufficiency: an example Let us
consider a possible execution of ODPOP on the example
problem from Figure 1. Let us consider the nodg and

let the relationr} be as described in Table 1.

As a result to its parent; askingz, for goods, let us
assume that, has repeatedly requested goods from its chil-
drenxzg andxg. x9 anda,y have replied each with goods;
the current status is as described in Table 2.

In addition to the goods obtained from its children,has
access to the relatior} with its parent;z;. This relation will

more and more messages are received, the bounds becomeyso be explored in a best-first fashion, exactly as the suple

tighter and tighter, until the lower bound of a tugte be-
comes higher than the upper bound of any other tuple.

At that point, we callt* dominant x; assembles a good
messageiOODY = (t* val = LB (t*) = UB'(t*)),
and sends it to its parem?;. The tuplet* is added to the
sent_goods list.

received frome4’s children (see Table 2, last column).

Let us assume that this is the first time has asked:,
for goods, so theent_goods list is empty.

We compute the lower and upper bounds as described in
the previous section. We obtain thaB3((x4, = a,;
b)) = 14. We also obtain thatt # (z4 = a,z1 = b),



UBi(t) < LB'({z4 = a,z; = b)) = 14. Therefore,
(x4 = a,z1 = b) satisfies the condition from Definition 8
and is thus dominant conditional on the currentt_goods
set (which is empty). Thus;, records(zy = a,z, = b, 14)
in sent_goods and send§:O0OD(x1 = b, 14) to ;.

Shouldz; subsequently ask for another goad, would
repeat the process, this time ignoring the previously sent t
ple GOOD(zy = b,14).

Comparison with the UTIL phase of DPOP In DPOP,
the separatoSep; of a nodex; gives the set of dimen-
sions of theUTIL message fromx; to its parent: Sep;
dims(UTIL") Therefore, the size of BITIL message in
DPOP isdl®r:l, whered is the domain size. This results
in memory problems in case the induced width of the con-
straint graph is high.

In ODPOP, theASK/GOODphase is the analogue of the
UTIL phase fronDPOP. A GOOD{J" message corresponds
exactly to a single utility from aUTILf ‘ message from
DPOP, and has the same semantics: it infoffnsow much
utility the whole subtree rooted at obtains when the vari-
ables fromSep; take that particular assignment.

The difference is that the utilities are sent on demand, in
an incremental fashion. A pareft of a nodez; sends to
x; an ASK message that instructs to find the next best
combination of values for the variables ffep;, and com-
pute its associated utilityz; then performs a series of the
same kind of queries to its children, until it gathers enough
goods to be able to determine this next best combination
t* € (Sep;) to send toP;. At this point, z; assembles a

messag& OO0 DY (t*,val) and sends it td;.

ODPOP Phase 3: VALUE assignment phase

The VALUE phase is similar to the one froDPOP. Even-
tually, the root of the DFS tree becomesuation-sufficient
and can therefore determine its optimal value. It initidies
top-downVALUE propagation phase by sending/ALUE
message to its children, informing them about its chosen
value. Subsequently, each nadgereceives thed/ ALUE?,

message from its parent, and determines its optimal value as

follows:

1. z; searches through itsent list for the first good
GOOD"™ (highest utility) compatible with the assign-

ments received in theALUE message.
. x; assigns itself its value frol@OO D™ z; — v}

3. Vz; € Cj, z; builds and sends ¥ALUE message that
containsz; = v and the assignments shared between
VALUEY}, and Sep;. Thus,z; can in turn choose its
own optimal value, and so on recursively to the leaves.

ODPOP: soundness, termination, complexity
Theorem 2 (Soundness)ODPOP is sound.

PrRoOFE ODPOP combines goods coming from indepen-
dent parts of the problem (subtrees in DFS are independent)
Theorem 1 shows that the goods arrive in the best-first or-
der, so when we have valuation-sufficiency, we are certain

to choose the optimal tuple, provided the tuple fr6ap; is
optimal.

The top-downVALUE propagation ensures (through in-
duction) that the tuples selected to be parts of the overall
optimal assignment, are indeed optimal, thus making also
all assignments for al¥ep; optimal. ]

Theorem 3 (Termination) ODPOP terminates in at most

(h — 1) x d* synchronous ASK/GOQD steps, whkiis the
depth of the DFS tree] bounds the domain size, andis

the width of the chosen DFS. Synchronous here means that
all siblings send their messages at the same time.

PROOFE The longest branch in the DFS tree is of length
h — 1 (and h is at mostn, when the DFS is a chain).
Along a branch, there are at magt®?: ASK/GOODmes-
sage pairs exchanged between any nedand its parent.
SinceSep; < w, it follows that at mos{h — 1) x d* syn-
chronousASK/GOODmessage pairs will be exchangedl

Theorem 4 (Complexity) The number of messages and
memory required by ODPOP @(dv).

PROOF By construction, all messages in ODPOP are linear
in size. Regarding the number of messages:

1. the DFS construction phase produces a linear number of
message x m messagesi is the number of edges);

2. theASK/GOODphase is the analogue of theIL phase
in DPOP. The worst case behavior of ODPOP is to send
sequentially the contents of thdTIL messages from
DPOP, thus generating at magt ASK/GOODmessage
pairs between any parent/child nodéi§¢ the maximal
domain size, andv is the induced width of the problem
graph). Overall, the number of message®ign — 1) x
d™). Since all these messages have to be stored by their
recipients, the memory consumption is also at nast

the VALUE phase generates — 1 messages,n(is the
number of nodes) - one through each tree-edge.

O

3.

Notice that thel complexity is incurred only in the worst
case. Consider an example: a nddereceives first from all
its children the same tuple as their most preferred one. Then
this is simply chosen as the best and sent forward, ¥nd
needs only linear memory and computation!

Experimental Evaluation

We experimented with distributed meeting scheduling in an
organization with a hierarchical structure (a tree with de-
partments as nodes, and a set of agents working in each de-
partment). The CSP model is the PEAV model from (Ma-
heswararet al. 2004). Each agent has multiple variables:
one for the start time of each meeting it participates inhwit

.10 timeslots as values. Mutual exclusion constraints are im

posed on the variables of an agent, and equality constraints
are imposed on the corresponding variables of all agents



Agents 10 20 30 50 100
Meetings 3 9 11 19 39
Variables 10 31 38 66 136
Constraints 10 38 40 76 161

#of messages | 35/9 778730 | 448737 3390/65 9886 /135
Max message sizeé 1/100 | 1/1000 1/100 1/1000 1/1000
Total Goods 35/360| 778/2550| 448/1360| 3390/10100| 9886 /16920

Table 3: ODPOP vs DPOP tests on meeting scheduling (valeestated as ODPOP / DPOP)

involved in the same meeting. Private, unary constraints
placed by an agent on its own variables show how much it

values each meeting/start time. Random meetings are gener-

ated, each with a certain utility for each agent. The objecti
is to find the schedule that maximizes the overall utility.
Table 3 shows how our algorithm scales up with the size
of the problems. All experiments are run on the FRODO
multiagent simulation platform. The values are depicted as
ODPOP / DPOP, and do not include the DFS and VALUE
messages (identical).
ASK/GOODmessage pairs i@ D PO P andUTIL messages
in DPOP. The maximal message size shows how many
utilities are sent in the largest messag®iiROP, and is al-
ways 1 in ODPOP (a single good sent at a time). The last
row of the table shows significant savings in the number of
utilities sent by ODPOPGOOD messages) as compared to
DPOP (total size of th&TIL messages).

Concluding Remarks

We proposed a new algorithm, ODPOP, which uses linear
size messages by sending the utility of each tuple sepgratel
Based on the best-first assumption, we use the principle of
open optimization (Faltings & Macho-Gonzalez 2005) to in-

crementally propagate these messages even before the util-

ities of all input tuples have been received. This can be
exploited to significantly reduce the amount of information

that must be propagated. In fact, the optimal solution may
be found without even examining all values of the variables,
thus being possible to deal with unbounded domains.

Preliminary experiments on distributed meeting schedul-
ing problems show that our approach gives good results
when the problems have low induced width.

As the new algorithm is a variation of DPOP, we can ap-
ply to it the techniques for self-stabilization (Petcu & t-al
ings 2005c), approximations and anytime solutions (Petcu &
Faltings 2005a), distributed implementation and incentiv
compatibility (Petcu, Faltings, & Parkes 2006) that have
been proposed for DPOP.
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