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Abstract

T o an increasing exten t, large-scale information pro-

cessing is a distributed phenomenon. As the trend

in computing mo v es further to w ards distributed

net w orks of p o w erful w orkstations and information

serv ers, w e see the gro wing imp ortance of solutions

to dynamic distribute d sche duling problems. In these

domains, resource pro viders are distributed b oth ge-

ographicall y and bureaucraticall y , so that no cen tral

authorit y can dictate a global sc hedule. Resource con-

sumers are also distributed: tasks arriv e at di�eren t

lo cations according to arriv al functions that are at b est

sto c hastically predictable.

In this pap er, w e describ e a distributed constrain t-

based sc heduling system that adjusts task distribu-

tion and execution times through the negotiation of

c ontr acts , using a re�nemen t of the Con tract Net pro-

to col. By com bining the minimal-commitmen t capa-

bilities of constrain t-based sc heduling with the dis-

tributed co ordination features of con tracting, this sys-

tem resp onds 
exibly to dynamic v ariations in load

balance and unpredictable task arriv als. Large-scale

sim ulations sho w signi�can t p erformance b ene�ts to

using p o w erful sc heduling metho ds in the determina-

tion of con tract negotiation bids. These results can

b e used to impro v e the p erformance of distributed

computing systems co op erating to pro cess large-scale

shareable tasks.

In tro duction

As the trend in computing mo v es further to w ards dis-

tributed net w orks of p o w erful w orkstations and infor-

mation serv ers, w e see the gro wing imp ortance of solu-

tions to dynamic distribute d sche duling problems. By

\sc heduling," w e mean the allo cation of resources o v er

a sp eci�c p erio d of time to the p erformance of a partic-

ular task. W e are in terested in problem domains that

are \distributed" in at least t w o w a ys. First, they are

distributed b ecause tasks ma y b e executed at an y of a

set of lo cations, dep ending on what resources are a v ail-

able at those lo cations. Second, they are distributed in

the sense that there is no cen tral authorit y that holds

kno wledge of and con trol o v er when and where di�er-

en t tasks are executed. Instead, eac h lo cation mak es

P ortions of the w ork describ ed in this pap er w ere supp orted

b y NASA, under con tract #94-3050-J1237, administered b y

Hughes STX

its o wn decisions ab out what tasks to execute at what

times, and co ordination is arranged through explicit

comm unication. Finally , the domains of in terest are

\dynamic" in the sense that they c hange o v er time: the

desired tasks and a v ailable resources ma y b e c hanging

as the system is executing tasks, and the patterns of

these c hanges are not kno wn a priori . A static sc hedule

cannot b e created for these problems.

The temp oral asp ect of these problems presen ts dif-

�culties for con v en tional approac hes to load-balancing

in distributed systems; the deadline b y whic h a task

m ust b e completed or face a p enalt y is a signi�can t

factor in ho w tasks should b e sc heduled at individual

sites. In addition, the ob jectiv e in our domain is not

to simply balance the load, but rather to maximi ze the

o v erall system's net earned v alue. As illustrated b y the

sim ulation results discussed in Section , a balanced load

ma y actually b e an tithetical to maxima l system-wide

net v alue.

In this pap er, w e describ e a distributed sc heduling

system that adjusts task distribution through the ne-

gotiation of c ontr acts , using a re�nemen t of the Con-

tract Net proto col (SMITH 1980) similar to Sand-

holm's (Sandholm 1992; 1993). The b eha vior of this

system is in v estigated through exp erimen ts conducted

in a sim ulated domain implemen ting a simpli�cation of

a distributed image pro cessing application for NASA's

Earth Observing System. Large-scale sim ulations ha v e

rev ealed sev eral in teresting b eha vioral asp ects of the

system. By comparing the b eha vior of agen ts nego-

tiating based on complex, constrain t-based sc heduling

systems against agen ts using simpler queue-based ne-

gotiation sc hemes, w e ha v e v eri�ed sev eral qualitativ e

and quan titativ e adv an tages of the constrain t-based

sc heme. The main result is that there is signi�can t

b ene�t to ha ving the individual negotiating agen ts use

complex, constrain t-based sc heduling when computing

their bids on con tracts.

Section describ es the domain in more detail, Sec-

tion pro vides the tec hnical details of task sc heduling

and distributed negotiation, and Section sk etc hes the

design of the implemen ted sim ulator. Finally , Section

describ e our exp erimen tal results. W e conclude with a

discussion of related w ork, dra w some conclusions from

our results, and suggest some areas for further w ork.



Dynamic Distributed Sc heduling for

EOSDIS

Our sim ulated distributed sc heduling domain is based

on NASA's Earth Observing System (EOS). EOS is a

m ulti-y ear, m ulti-bil li on-dol lar pro ject aimed at gath-

ering scien ti�c information ab out the Earth's en viron-

men t. With the participation of the Europ ean Space

Agency , Japan, Canada, and NASA, sev eral satel-

lites supp orting dozens of sensors are sc heduled to b e

launc hed in the late 1990's. These systems, along with

additional sensors already in orbit, will b e used to col-

lect information on ozone depletion, greenhouse e�ects,

o cean pro ductivit y , and other en vironmen tal features.

The EOS Data and Information System (EOSDIS)

will b e resp onsible for arc hiving and analyzing the re-

sulting v ast amoun ts of data. EOSDIS functions in-

clude managing mission information, arc hiving and dis-

tributing data, and generating and disseminating scien-

ti�c data pro ducts (Dozier & Ramapriy an 1990). Both

ra w data and the results of analyzing that data will b e

stored in arc hiv es main tained b y a set of Distributed

Activ e Arc hiv e Cen ters (D AA Cs). Muc h of the data

analysis will b e p erformed at these cen ters, though in-

dividual scien tists or institutions will also p erform in-

dividual analyses of ra w data (or in termediate results)

obtained from the D AA Cs. Eac h D AA C will ha v e a col-

lection of sp ecialized computing resources (e.g., Cra y

XMP and MasP AR computers) to supp ort the analysis

done at that site. Individual D AA Cs ma y b e resp onsi-

ble for di�eren t sets of data (from di�eren t sensors),

generating and arc hiving di�eren t analysis pro ducts

from one or more sets of data, and supp orting di�eren t

users. In teractions among D AA Cs ma y arise b ecause

some analyses in v olv e com bining m ultiple sets of data

or b ecause one D AA C's \customers" ma y request data

stored elsewhere.

A v ariet y of in teresting problems arise in the pro-

cess of automating the functions of the EOSDIS net-

w ork. These issues range from managing p etab yte
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data arc hiv es, including the automated generation of

con ten t-based \meta-data" for indexing, to generat-

ing analysis plans to pro duce a desired analysis pro d-

uct, to sc heduling ground equipmen t for satellite sup-

p ort (Campb ell et al. 1991; Bo ddy et al. 1995;

1994). In this pap er, w e are concerned with sc heduling

analysis tasks at the v arious D AA Cs as requests arriv e

from their resp ectiv e users. This pro cess is compli-

cated b y the fact that satisfying requests ma y in v olv e

getting data from or requesting a comp onen t analysis

from another D AA C. In addition, some analysis tasks

ma y b e o�oaded if another D AA C has the appropri-

ate resources and less to do. The negotiation required

to �nd other D AA Cs to tak e on suc h tasks is compli-

cated b y the timing restrictions imp osed b y customer

deadlines.
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One p etab yte = 10

15

b ytes.

T ec hnical Approac h

The core of our approac h to solving dynamic dis-

tributed sc heduling problems in v olv es the com bina-

tion of t w o fundamen tal tec hnologies: constrain t-

based sc heduling and con tract-based negotiation. The

sc heduling metho ds are used to manage task sc heduling

and execution at individual D AA Cs in the distributed

net w ork; the negotiation metho ds are used to allo w

D AA Cs to exc hange tasks and other commitm en ts.

This section pro vides a brief bac kground in eac h of

these indep enden t tec hnologies and then describ es the

approac h w e use to com bine them.

Con tract-Based Negotiation

Negotiation o v er formal and informal con tracts is a

longstanding so cietal mec hanism for establishing com-

mitmen ts b et w een agen ts. Not surprisingly , con tract-

based negotiation is also a p opular paradigm in dis-

tributed AI and distributed problem-solving researc h.

Early w ork b y Smith (SMITH 1980) describ ed the Con-

tract Net system of distributed pro cessing agen ts based

on con tract negotiation. The Con tract Net Proto col

(CNP) sp eci�es ho w con tracts are announced b y c on-

tr act managers to other agen ts, ho w bids are returned

to the manager b y p oten tial c ontr actors , and ho w the

con tract is then awar de d b y the manager.

Man y extensions and v ariations of the CNP ha v e

b een used to satisfy v arious system requiremen ts and

a v oid certain t yp es of undesirable b eha vior. The

sp ecializations made b y Sandholm (Sandholm 1992;

1993) are most relev an t to our w ork. These extensions

and mo di�cations to the original CNP include:

� The use of marginal cost calculations to determine

what con tracts should b e announced, and ho w m uc h

agen ts should bid.

� The restriction that bids are binding commitm en ts,

so that an agen t m ust reserv e all necessary resources

in order to mak e a bid on a con tract. As a result,

bidders who are not a w arded a particular con tract

m ust b e sen t a loser message to release them from

the bid commitm en t.

Constrain t-Based Sc heduling

Eac h D AA C agen t main tains its o wn sc hedule of tasks

using c onstr aint envelop e sche duling , in whic h sc hed-

ules are constructed b y a pro cess of \iterativ e re�ne-

men t" (Bo ddy , Carcio�ni, & Hadden 1992). Sc hedul-

ing decisions corresp ond to constraining an activit y ei-

ther with resp ect to another activit y or with resp ect

to some timeline. The sc hedule b ecomes more de-

tailed as activities and constrain ts are added. Undo-

ing a sc heduling decision means remo ving a constrain t,

not remo ving an activit y from a sp eci�ed place on the

timeline. This basic approac h is common to a n um-

b er of sc heduling systems (e.g., (F o x & Smith 1984;

Smith et al. 1990; Sadeh & F o x 1990; Muscettola

1993)). Our implem en tation of this approac h pro vides

unique supp ort for reasoning ab out partially-sp eci�ed



sc hedules and searc hing through the resulting space for

an acceptable fully-ordered execution sc hedule.

Constrain t en v elop e sc heduling is a

le ast-c ommitment approac h. W e do not assign a set

of activities to places on a timeline, assigning eac h ac-

tivit y a start and end p oin t. Rather, w e collect sets

of activities and constrain them only as needed. Con-

strain ts ma y express relations b et w een activities (e.g.,

an y analysis task using the results of task A m ust not

start b efore A is completed) or relativ e to metric time

(this task tak es at least 2 hours, and ma y not start un-

til 10:15). Additional constrain ts are added as needed

to resolv e con
icts o v er resources. So, for example, t w o

tasks that require the same tap e driv e m ust b e ordered

with resp ect to one another, whereas if they w ere to

use t w o di�er ent driv es, their ordering w ould not ha v e

to b e determined.

The least-commitm en t nature of our sc hedules is an

imp ortan t adv an tage in dynamic domains where task

arriv als and c hanges require resc heduling. If an ev en t

arises that mak es a resource una v ailable, or an ongoing

task tak es longer than exp ected, the e�ect on the sc hed-

ule is minimi zed. First, only those activities related b y

a c hain of constrain ts to the activities explicitly mo v ed

will b e a�ected. Second, if the set of constrain ts in

the sc hedule is consisten t with the new ev en t, the pro-

jected e�ect of the sc hedule can b e up dated e�cien tly ,

without an y resc heduling at all.

Com bined T ec hnologies

T raditionally , the CNP and its v arian ts are used to

exc hange con tracts that encapsulate complete tasks.

This is the primary use in our curren t implemen ta-

tion as w ell, where tasks corresp ond to users' requests

for EOSDIS data pro cessing, and con tract negotiations

allo w the D AA C agen ts to exc hange these pro cessing

tasks to ac hiev e a balanced system load and maxim ize

throughput. The constrain t-based sc heduling meth-

o ds are used within eac h agen t to remain as 
exible

as p ossible ab out the start times for individual tasks,

so that the dynamic arriv al of new tasks and con tract

announcemen ts can b e accommo dated as m uc h as p os-

sible.

The links b et w een con tract negotiations and task

sc heduling are forged primarily through functions that

compute the v alue of a task sc hedule and the v alue

of individual tasks. F or example, the CNP requires

bidding agen ts to pro vide a measure of their cost (a

bid) to p erform the con tract task under consideration.

In our system, this bid is the marginal cost of adding

the con tract task to the bidding agen t's sc hedule. The

marginal cost is computed b y �rst storing the v alue of

the agen t's existing task sc hedule, adding the con tract

task to the sc hedule, and then �nding the new sc hed-

ule's v alue. The di�erence in v alues, new min us old, is

the marginal cost of the addition, and hence the bid.

Note that the con tract remains on the sc hedule after

this computation; the bid is binding.

Similarly , the decision ab out whic h of an agen t's ex-

isting tasks to announce as a con tract op en for bidding

is made b y computing the marginal cost of the task.

In our implemen tation, if the marginal cost of a task

is negativ e (i.e., the agen t is b etter o� without trying

to execute the task), then the con tract is announced

for p ossible a w ard to a di�eren t agen t
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. Th us the fun-

damen tal decisions required b y the CNP are made us-

ing v alue functions ev aluated on the constrain t-based

sc hedule.

In addition to the CNP mo di�cations made b y Sand-

holm (noted ab o v e), w e adapted sev eral asp ects of the

con tract negotiation proto col to fo cus on our thesis in-

v estigation and minim ize other concerns:

� T o limit rep etitiv e and unpro ductiv e con tract an-

nouncemen ts, eac h con tract is announced b y a par-

ticular manager no more than three times: if the

con tract is still not a w arded to another D AA C (i.e.,

the manager's bid w as the b est bid), the con tract is

executed lo cally . Also, con tracts are not announced

more frequen tly than ev ery 20 time units, to a v oid

negotiations when no signi�can t c hanges ha v e o c-

curred that could lead to a di�eren t outcome. These

limitatio ns w ere c hosen arbitrarily , and seem to b e

e�ectiv e at limiting the net w ork comm unication load

while still p ermitting e�ectiv e con tract mo v emen t.

� Rather than using a \fo cused addressing" sc heme

in whic h con tract announcemen ts are sen t to a se-

lect few p oten tial bidders, w e broadcast con tract an-

nouncemen ts to all D AA Cs, maximi zing the p oten-

tial for useful con tract exc hange. W e are not particu-

larly concerned ab out the resulting comm uni cations

load, since the n um b er of con tracts \on the mark et"

at an y time is restricted through the limitations de-

scrib ed ab o v e.

� T o prev en ts issues of bid timing from in terfering with

our in v estigation, the bidding pro cess is required to

op erate in a �rst-come, �rst-serv ed manner: agen ts

cannot dela y their bids to see what other alternativ es

are a v ailable. Com bined with sync hronized agen t

clo c ks, this restriction also allo ws us to �x an upp er

b ound on the time a con tract manager m ust w ait un-

til he is assured of receiving all bids, and can mak e

the con tract a w ard with complete information.

� Con tract a w ard messages iden tify whic h D AA C has

w on a con tract, and they are broadcast. Th us

a w ard messages also act as loser messages: eac h loser

D AA C can see that the con tract has b een a w arded

to some other D AA C.

The constrain t-based sc heduling paradigm remains

essen tially unc hanged for this domain: tasks are asso-

ciated with time in terv als whose p osition in the sc hed-

ule is restricted b y constrain ts. One signi�can t sim-

pli�cation w as made to reduce the complexit y of the

2

Actually , w e announce a con tract if its net v alue is less

than its price, indicating that some p enalt y w as incurred,

and th us that some other D AA C migh t b e able to do a

b etter job.



Domain Load

(Client scientists)

Task Execution

DAAC Agent

(Scheduling &
Negotation)

Other DAACs

Figure 1: Conceptual role of the implemen ted

D AA C agen t.

domain: eac h D AA C is de�ned to ha v e only one execu-

tion resource it is sc heduling (e.g., one data pro cessing

engine), and th us the ev en tual executable task sc hed-

ule is a fully-ordered list of tasks to run. Ho w ev er,

w e retain the 
exible constrain t-based represen tation

of sc heduling limitatio ns, so that dynamic c hanges in

a D AA C's load and its con tracting en vironmen t can

b e accommo dated through incremen tal c hanges to the

minim al -com m itm en t constrain t structures.

System Design and Implemen tati on

W e ha v e implem en ted a distributed, con tract-

exc hanging net w ork of sc heduling agen ts to sim ulate

D AA C b eha vior in a wide v ariet y of load conditions

and op erational scenarios. In this section, w e describ e

the system arc hitecture and p ertinen t implemen tation

details that in
uence the sim ulator's 
exibilit y and ca-

pabilities.

Conceptual Arc hitecture

Conceptually , the D AA C agen ts w e are sim ulating ex-

ist in an en vironmen t similar to that sho wn in Figure 1.

The negotiation and sc heduling p ortions of the D AA C

are resp onsible for receiving new tasks from the ex-

ternal domain (the EOSDIS scien tists who submit in-

formation pro cessing jobs). Eac h new job can either

b e sc heduled to execute on lo cal resources, or it can

b e passed to another D AA C in the net w ork using the

negotiation proto col.

Our in v estigation is fo cused on the cen tral sc hedul-

ing and negotiation roles of the D AA C agen t, and th us

w e ha v e implemen ted only lo w-detail sim ulations for

the domain and execution comp onen ts of the system.

T o a v oid the complexities of n umerous in terconnected

pro cesses, w e ha v e bundled the p eripheral domain and

execution comp onen ts in with the con trolling agen t it-

self, yielding an implemen tation in whic h a single Lisp

pro cess encapsulates all of these comp onen ts.

Implem en tation Arc hitecture

As sho wn in Figure 2, eac h implemen ted sim ulation

pro cess has comp onen ts resp onsible for the primary

D AA C functions:

� Comm uni cations with other D AA Cs, including b o ot-

strap sync hronization, con tract announcemen t, bid-

ding, and a w arding.

� Sc heduling functions, including inserting new tasks,

remo ving tasks, and �nding the v alue of individual

tasks and the whole sc hedule.

Sim Clock

Simulation
Action

Client
Simulation

Scheduler

Communications Layer (KQML)

Schedule
Database

Task Database

Agent
Control

Negotiation

Figure 2: Ov erview of the D AA C agen t arc hitec-

ture.

� Agen t con trol, including co ordination of o v erall com-

m unications, sim ulation, and sc heduling activities.

In addition, relativ ely simple comp onen ts are included

for:

� Clien t sim ulation, including generation of new tasks

for the lo cal D AA C.

� Action sim ulation, including main taini ng the lo cal

sim ulation clo c k, starting and �nishing sc heduled

tasks, and notifying the con tract managers of sta-

tus c hanges.

Sc heduling

Eac h D AA C agen t main tains a lo cal constrain t-based

sc hedule of tasks it will p erform. Based on the existing

Honeyw ell In terv al Constrain t Engine (ICE) system,

the D AA C sc heduler pro vides a function-call based in-

terface to main tain a fully-ordered sc hedule of tasks b y

inserting and remo ving execution time in terv als asso-

ciated with eac h task.

When a task is de�ned at a D AA C (either via the

clien t sim ulation or a con tract announcemen t), a time

in terv al is de�ned and asso ciated with the task. Con-

strain ts are asserted to restrict the p ossible p osition of

the task in terv al on the sc hedule. F or example, dura-

tion constrain ts de�ne the minim um length of the in-

terv al, earliest-start-time constrain ts limit the p osition

of the in terv al's start p oin t, and precedence constrain ts

can b e asserted b et w een subtasks in a hierarc hical task

structure. The in terv al is then added to the existing

sc hedule, if p ossible.

T o insert a new task in terv al in to the sc hedule, the

curren t implem en tation uses a simple greedy algorithm

that is neither optimal nor complete; it do es not guar-

an tee to �nd a sc hedule if one exists. The greedy algo-

rithm tak es as argumen ts a list of the en tire set of task

in terv als to b e sc heduled (including those that w ere al-

ready on the sc hedule) and a cost function. The algo-

rithm greedily inserts task in terv als from the list on to



while (time < end-time)

{

foreach message in priority-so rt (ge t- mes sag es ())

case type(messa ge ) of

{

ANNOUNCE: bid-on-con tra ct( me ssa ge );

BID: add-bid-to -co nt rac t(m es sag e) ;

AWARD: if (contracto r(m ess ag e) == self) then

accept-c ont rac t( mes sa ge)

else remove-c ont rac t( mes sa ge) ;

}

award-con tr act s() ;

announce- co ntr act s( );

}

Figure 3: Pseudo-co de for main agen t con trol lo op.

the sc hedule, c hec king for consistency , and returns ei-

ther failure or the v alue of the resulting sc hedule. The

cost function is used to c ho ose the b est p ossible alter-

nativ e p osition for eac h task in terv al as it is greedily

inserted.

This system has pro v en quite robust in practice, but

optimizing the sc heduling algorithm remains one p os-

sible direction for future in v estigation. The cost func-

tion is already passed to the sc heduler, so the in terface

w ould not need to b e c hanged.

Ov erall Agen t Con trol

The outer lo op of the agen t program co ordinates and

con trols eac h of the mo dular functions sho wn in Fig-

ure 2. Ignoring the domain and execution sim ulation

comp onen ts, the main lo op is sho wn in pseudo-co de in

Figure 3.

Action Sim ulation

Although dynamic en vironmen tal conditions suc h as

execution failures are one of the motiv ations for using

constrain t-based sc heduling, our curren t implemen ta-

tion do es not include that asp ect. T asks are started at

the start of their sc heduled in terv al and tak e exactly

their original duration to execute. No uncertain t y is

curren tly in tro duced in to the system from the action

sim ulation. The mo del of action sim ulation w as in-

cluded, ho w ev er, as a placeholder for future studies in

whic h execution ma y fail or b e dela y ed, leading to ad-

ditional con tracting e�orts to ameliorate the incipien t

costs of sc hedule disruption.

Clien t Sim ulation

The clien t sim ulation generates the task load that the

D AA C agen ts try to distribute and pro cess in a cost-

e�ectiv e manner. The load is generated sto c hastically

from task-class descriptions that sp ecify the distribu-

tion of arriv als, durations, deadlines, prices, and other

task features. In the exp erimen ts describ ed b elo w, all

task distributions are uniform.

W e ha v e also implemen ted \conditional distribu-

tions" that can express discrete v ariations in distribu-

tions based on con text information suc h as the time at

whic h a distribution is ev aluated. F or example, condi-

tional distributions can b e used to describ e tasks that

arriv e with a particular probabilit y on Monda y morn-

ing, but do not arriv e at all at other times. Supp orting

temp oral expressions ha v e b een built to mak e it easy

to express a wide v ariet y of suc h conditions based on

w eekly , daily , hourly , and other time ranges.

Exp erime n tal Results

Extensiv e sim ulations w ere run to test the b eha vior of

the D AA C agen t net w ork under v arious loading condi-

tions. In order to pro vide a basis for comparison and

ev aluation, t w o comp eting v ersion of the con tract nego-

tiation system w ere used. In the �rst, \simple bidding"

system, bids on announced con tracts are determined b y

an appro ximation to queue duration (sp eci�cally , the

bid consists of the �nish time of the latest queued task;

this is not precisely the queue duration b ecause there

ma y b e slac k time segmen ts in the sc hedule). In the

second, \complex bidding" system, bids are computed

as the actual marginal cost of adding the con tract to

the agen t's sc hedule: the di�erence in sc hedule v alue

b efore and after the addition.

The in ten tion is th us to compare the p erformance

ac hiev ed using the full constrain t-based sc heduling sys-

tem against a simpler sc heme whic h conceiv ably could

emplo y a di�eren t sc heduling metho d. In fact, only the

bidding metho d is di�eren t b et w een the sim ulated v er-

sions; in b oth systems, bids are made binding b y plac-

ing the bid-up on con tract on the full constrain t-based

sc hedule. In the simpler system, the bidding metho d

simply ignores the a v ailable sc hedule-v alue information

and uses queue duration instead.

Commo n asp ects of all the exp erimen ts discussed b e-

lo w include:

� The net w ork consisted of �v e D AA C agen ts.

� F our of the �v e D AA Cs all had the same sto c hastic

task generation functions, giving them, on a v erage,

the same lev el of load from new tasks.

� D AA C-3 w as distinguished in that it receiv ed

medium duration tasks that none of the others did.

Its exp ected load w as appro ximately t wice the loads

placed on the other D AA Cs. Hence D AA C-3 m ust

giv e a w a y tasks or fall further & further b ehind.

� All task p enalties w ere computed as linear functions

of the tasks' lateness [i.e., p enalt y = p enalt y-factor

* (�nish-time { deadline)].

� All exp erimen ts w ere run for 10000 sim ulated time

tic ks. Since tasks can arriv e at D AA Cs righ t up un-

til the end of the sim ulation time, some tasks are

left unexecuted when the sim ulation halts. These

tasks are accoun ted for in most of the p erformance

metrics (e.g., total sc hedule v alue) b ecause they are

sc heduled as so on as they arriv e. Con tin ued negoti-

ation could only lead to earlier execution b y a dif-

feren t D AA C. The tasks sc heduled after time 10000

are generally a v ery small p ortion of the o v erall data



set, amoun ting to less than 1% of the total duration

of task arriv als.

The main parameter v aried throughout the exp er-

imen t set discussed b elo w is the o v erall system load

lev el: task durations and deadlines w ere scaled pro-

p ortionally to v ary the o v erall system load from 50%

to 90%. Those load lev els represen t the a v erage D AA C

load if the actual arriving tasks could b e spread ev enly

amongst the �v e agen ts. As noted ab o v e, the load ar-

riv ed from the clien t sim ulation with an unev en dis-

tribution fa v oring D AA C-3 with more tasks than the

others.

Data Collection

Eac h D AA C agen t writes data to a �le con tin uously

as the sim ulation progresses. In addition, eac h D AA C

p erio dically writes (to the same �le) a complete tex-

tual description of its con tract sc hedule and v arious

measures of p erformance. Th us incremen tal results are

a v ailable for ev aluation, and m uc h of the D AA C net-

w ork's o v ert b eha vior can b e reconstructed from the

set of data �les pro duced. Automated data extraction

and pro cessing programs ha v e b een written to pro duce

graphs and statistics on a wide v ariet y of agen t p erfor-

mance measures.

P erform ance Metrics

W e ha v e extracted and ev aluated a v ariet y of mea-

sures of system b eha vior and p erformance. Some trac k

the pro duction of incoming tasks with di�eren t distri-

butions and load lev els. Other metrics monitor eac h

agen t's p erformance in terms of the n um b er con tracts

that it completes, the total slac k time it accum ulates,

the total p enalties for late con tracts, and the net v alue

of the agen t's o v erall sc hedule including b oth �nished

con tracts and sc heduled future tasks. Still other met-

rics monitor the agen t's net w ork b eha vior to sho w ho w

man y times a con tract w as exc hanged b et w een D AA Cs

b efore it w as �nally executed, the n um b er of con tracts

bid up on, and the n um b er of con tracts w on. The exp er-

imen tal results discussed in the follo wing subsections

include examples of sev eral of these di�eren t p erfor-

mance ev aluation metrics.

General Observ ations

The exp erimen tal results supp ort our initial h yp othe-

sis that the complex, full sc heduling bidding metho d

w ould outp erform the simple bidding sc heme based on

queue duration alone. F or example, Figure 4 sho ws

that, at an o v erall load lev el of 82%, the simple bid-

ding sc heme led to uniformly falling net sc hedule v al-

ues, while the complex bidding sc heme left ro om for

more v ariation in D AA C p erformance. As a whole, the

complex net w ork signi�can tly outp erformed the sim-

ple system: the �nal summed net v alue across all the

D AA Cs w as sev en times lo w er for the simple system.

F urthermore, these sup erior results w ere ac hiev ed with

m uc h lo w er rates of con tracting activit y: nearly three

times few er task min utes w ere exc hanged via con tract

in the complex bidding sc heme, and the median n um-

b er of \hops" b y an y single con tract w as cut in half.

It is in teresting to note that the simple bidding

sc heme led to smo other load balancing according to

sev eral simple measures, but w as not able to outp er-

form the complex bidding metho d in terms of net v alue.

F or example, Figure 4b sho ws that, in the complex

sc heme, D AA C-2 actually underp erformed the o v er-

loaded D AA C-3, whic h w e migh t normally exp ect to do

the w orst. In this case, the bidding sc heme has trans-

ferred enough p enalt y-laden jobs to D AA C-2 to o v er-

whelm its normally underloaded state and lead to neg-

ativ e net sc hedule v alues. The simple bidding sc heme,

on the other hand, k eeps all the D AA C sc hedule v al-

ues v ery nearly the same (see Figure 4a). Wh y , then,

w ould the complex sc heme do b etter? Both systems

are using the same sc heduling algorithm, so what m ust

b e happ ening is that the complex sc heme is �nding

earlier places to sc hedule tasks in a D AA C's sc hedule,

so that the placemen t of individual tasks is optimized.

The simple sc heme, on the other hand, is assuming that

tasks will b e placed at the end of the queue, whic h is

often inaccurate. Th us the simple bidding sc heme will

not bid as accurately , and the complex sc heme is more

lik ely to place eac h task in an optimal place.

Additional evidence p oin ting to un balanced loading

pro viding sup erior o v erall p erformance is pro vided in

Figure 5 and Figure 6. The queue durations are syn-

c hronized v ery closely in Figure 5a, as w e'd exp ect since

this v alue is used to determine bids. In con trast, Fig-

ure 5b sho ws a m uc h wider v ariance in queue duration.

Ho w ev er, the magnitude of the a v erage queue duration

is m uc h smaller in the complex bidding case, indicating

the e�ectiv eness of the o v erall system at determining

a go o d place and time to execute eac h incoming task.

A t the end of the sim ulation of task arriv als, the com-

plex sc heme had ab out one-half as m uc h con tract time

queued up as the simple bidding system.

Similarly , Figure 6a sho ws closely matc hed cum u-

lativ e p enalties for all 5 agen ts in the simple bidding

system, but Figure 6b sho ws wide div ergence in the

p enalties accum ulated b y the complex bidding agen ts.

This result is particularly in teresting b ecause it indi-

cates that D AA C-2, for example, con tin ued to exe-

cute high-p enalt y tasks ev en after it w as already doing

w orse (in terms of net sc hedule v alue) than the other

agen ts. This ma y initially seem coun ter-in tuitiv e, since

it w ould seem b etter to o�oad tasks that are b eing

sc heduled to ha v e a p enalt y , and this migh t b e exp ected

to ev en out cum ulativ e p enalt y . In the short term, the

complex bidding sc heme do es exhibit that b eha vior: in

e�ect it runs a task on the D AA C that can execute

it with the smallest p enalt y . Note, ho w ev er, that the

cum ulativ e p enalt y sho wn in Figure 6 is di�eren t from

the instan taneous p enalt y asso ciated with a con tract

at bid-time: the bid do es not tak e in to accoun t ho w

m uc h past p enalt y has b een accum ulated b y a D AA C,

b ecause the primary goal is not to smo oth sc hedule
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(a) Simple bidding. (b) Complex bidding.

Figure 4: Net sc hedule v alue at 82% load lev el.
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(a) Simple bidding. (b) Complex bidding.

Figure 5: Queue duration at 82% load lev el.



v alue, but to maxim ize the net w ork-wide v alue. Th us

the cum ulativ e p erformance measures giv e a picture of

system b eha vior that arises when the agen ts themselv es

are not concerned directly with load balancing or a v-

erage p erformance measures, but rather with a global,

net w ork-wide p erformance metric.

Changing System Loading

Our exp erimen ts w ere run at three di�eren t load lev-

els: 67%, 82%, and 90%. The loading is calculated

as the (summed) exp ected duration of con tracts ar-

riving o v er the en tire sim ulation run, divided b y the

time a v ailable for pro cessing, o v er the en tire system.

The results are summarized in Figure 7. Figure 7a

graphs the total slac k time for eac h bidding sc heme as

a function of load lev el. A t 67%, the slac k times are

e�ectiv ely equal. Figure 7b is a graph of total p enalt y

incurred b y the system as a whole o v er the en tire sim u-

lation run. A t 67%, despite the fact that b oth bidding

sc hemes sp en t the same n um b er of tic ks computing,

the complex bidding sc heme accrues only t w o-thirds as

m uc h total p enalt y . This di�erence is consisten t across

all loading lev els. In all cases, the slac k times are v ery

similar, but the di�erence in p enalties is quite substan-

tial and increases with increasing load lev el.

This suggests that what is happ ening is that the

smarter bidding sc heme is resulting, not in the execu-

tion of a di�eren t n um b er of con tracts or of con tracts

with di�eren t durations, but in the execution of con-

tracts b y di�eren t D AA Cs or at di�eren t times. In fact,

if w e compare the n um b ers of con tracts left uncom-

pleted for eac h sc heme at eac h load lev el, the di�erence

is in fa v or of the smarter sc heme. The complex bidding

sc heme, using additional information ab out the sc hed-

ule, results in more con tracts b eing completed and a

m uc h lo w er lev el of p enalties.

The fact that the prop ortional di�erence in p enal-

ties is greatest at an in termediate loading raises some

in teresting p ossibilities for further in v estigation. The

additional information a v ailable in the smarter bid-

ding sc heme should b e most useful when t w o condi-

tions hold: �rst, when there is substan tial ro om for

impro v em en t through smarter sc heduling (the load is

high enough), and second, when there is su�cien t 
ex-

ibilit y to mak e smarter decisions (the load is not to o

high).

3

If b orne out in further analyses, this conjecture

w ould supp ort our argumen ts in fa v or of the utilit y of

com bining 
exible sc heduling with informed bidding.

Related W ork

Distributed problem-solving in general, and the allo-

cation of tasks in a distributed system in particular,

are b oth v ery broad researc h topics, addressed using a

wide v ariet y of approac hes in �elds ranging from man-

agemen t science, to AI, to op erations researc h, to w ork

3

This parallels results from other problem-solvin g do-

mains (e.g., Barrett and W eld's results on partial order

planning (Barrett & W eld 1994)).

on distributed op erating systems. Our concerns in this

pap er are somewhat narro w er. W e are sp eci�cally in-

terested in problems in v olving the allo cation of com-

puting resources to individual tasks, where allo cation

decisions m ust b e made lo cally . In additional, these

allo cations are constrained temp orally: there are lim-

its on when the w ork can b e done, where those limits

themselv es are p oten tially sub ject to negotiation.

A t least t w o asp ects of our domain distinguish it

from those addressed b y op erating system load bal-

ancing tec hniques (e.g., (Ni, Xu, & Gendreau 1985;

Lin & Keller 1986)). First, the temp oral c haracter

of the clien t tasks (i.e., earliest start times and dead-

line) means that the D AA Cs are not simply op erat-

ing in a �rst-come, �rst-serv ed queue manner, but are

main taining a full sc hedule of future tasks that m ust

meet stringen t timing requiremen ts. This sc heduling

asp ect is di�cult to reconcile with the simpler notion

of \load" presen t in op erating systems. Second, the

ob jectiv e in our domain is not to simply balance the

load, but rather to maximi ze the o v erall system's net

earned v alue. As illustrated b y the sim ulation results

discussed in Section , a balanced load ma y actually b e

an tithetical to maxim al system-wide net v alue. Th us

simple load-balancing metho ds aim at the wrong tar-

get for our problem. In terestingly , ho w ev er, the ap-

proac hes used b y distributed op erating systems are

v ery similar to our con tract-exc hanging net w ork; they

fo cus more on using v arious announcemen t and bid-

ding proto cols to manage non-negligible net w ork traf-

�c. Bidding in pure load balancing is trivial; in our

domain, high-qualit y bidding app ears to b e the k ey to

high p erformance.

Mark et-based approac hes suc h as W ellman's W al-

ras (W ellman 1993) are di�cult to apply to our do-

main b ecause of the fo cus on sc heduling individual

tasks, and the relativ ely large size and small n um b er of

those tasks. Our view of the o v erall system arc hitecture

closely parallels W ellman's description of a co ordinat-

ing mec hanism sync hronizing the b eha vior of a large

set of agen ts with only limited information ab out what

is going on in the system as a whole.

Sandholm's w ork on task allo cation in a transp orta-

tion domain is closest to ours in 
a v or, and as discussed

previously w e ha v e implem en ted CNP extensions mo d-

eled on his. Ho w ev er, our domains are su�cien tly dif-

feren t that only limited parallels can b e dra wn. The

main commonalit y is that negotiating on the basis of

marginal cost seems to b e a go o d approac h for b oth do-

mains. While Sandholm has in v estigated the exc hange

of \pac k age deals" encompassing m ultiple tasks, our

system is limited to exc hanging individual con tract

tasks. Although D AA C tasks lac k the spatial in terde-

p endencies inheren t in Sandholm's deliv ery tasks, they

ma y still in teract through resource consumption, and

th us pac k age deals migh t b e a fruitful area of extension

to our existing negotiation sc heme.
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Figure 6: Cum ulativ e p enalties at 82% load lev el.
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Conclusions and F uture W ork

In this pap er, w e describ e the class of dynamic dis-

tribute d sche duling pr oblems , using the EOSDIS D AA C

sc heduling problem as an exemplar. W e presen t some

early results on the use of an arc hitecture in tegrating

constrain t-based sc heduling with con tract-based nego-

tiation to task allo cation in this domain. These re-

sults clearly demonstrate the utilit y of incorp orating

the additional information made a v ailable b y explicit,

site-sp eci�c sc hedules of what tasks will b e p erformed

when.

Our comparison of t w o bidding sc hemes, one using

queue length as a measure of marginal cost, the other

using the actual marginal cost calculated b y the sc hed-

uler, sho w ed clear b ene�ts for the more informed ap-

proac h. A t an y loading lev el, the �nal v alue of the

sc hedule executed (task v alue - p enalties for late com-

pletion) w as substan tially b etter for the smarter bid-

ding sc heme. These results w ere ac hiev ed with m uc h

lo w er rates of con tracting activit y , b oth in terms of the

n um b er of con tracts mo ving and the a v erage n um b er

of times an y one con tract w as mo v ed, whic h means a

lo w er comm unications o v erhead. Lo oking at the b eha v-

ior of the t w o bidding sc hemes as the system loading

v aries sho ws that the smarter bidding sc heme is using

additional information ab out the sc hedule to complete

more con tracts, at a m uc h lo w er lev el of p enalties, with

an increasing adv an tage as the loading lev el increases.

The w ork presen ted here is b est c haracterized as pre-

liminary results in an area with ric h p ossibilities for

further in v estigation. Dynamic distributed sc heduling

problems are common, and will only m ultiply with in-

creasing automation and in tegration in suc h areas as

man ufacturing, distributed comm uni cation and con-

trol, distributed data managemen t, and air tra�c con-

trol. Curren t sc heduling practice for applications that

are not distributed in v olv es the use of a wide v ariet y

of tec hniques, dep ending on the detailed requiremen ts

for a giv en system. W e exp ect that the c hoice of solu-

tion metho ds for distributed sc heduling problems will

b e equally sensitiv e to these details.

Our curren t sim ulation mak es a n um b er of simplify-

ing assumptions ab out ho w the system op erates, b oth

at an individual lev el and in the in teractions b et w een

agen ts. These assumptions can b e broadly group ed

in to those related to the areas of sync hronization, ex-

p ectation, and con tract p erformance.

4

F or example,

w e curren tly assume that the agen t accepting a con-

tract will necessarily complete the asso ciated task b y

the sp eci�ed time. Relaxing this assumption will re-

quire a n um b er of system mo di�cations, including pro-

viding some w a y to p enalize agen ts for con tract viola-

tions, and some w a y for con tracting agen ts to realize

that a task is late and ma y nev er b e completed. The

more complicated and dynamic the agen ts' b eha vior

4

More generally , most of these assumptions in v olv e the

complications in v olv ed in accoun ting for the passage of

time.

b ecomes, the more b ene�ts w e exp ect to realize from

the 
exibilit y of the underlying constrain t-based rep-

resen tation of the sc hedule.

W e also ha v e plans for future w ork in the area of

in ter-agen t sync hronization. W e hop e to utilize the

constrain t-based sc heduling capabilities of the individ-

ual agen ts more fully b y allo wing them to negotiate

o v er the enforcemen t or relaxation of individual con-

strain ts. F or example, if D AA C-1 has promised an in-

termediate data pro duct to D AA C-2 b y a certain time,

they migh t negotiate o v er a mo di�cation in that deliv-

ery . Pro viding this capabilit y requires that the nego-

tiation proto col include a language for expressing con-

strain ts, including a distinction b et w een mo di�cations

whic h are v olun tary (\ho w ab out relaxing this deadline

b y 10 min utes?") and imp osed (\I'm going to b e late

with that data, and there's nothing y ou can do ab out

it.").

Finally , the agen ts in this system curren tly calculate

the marginal cost of an added task based on the curren t

sc hedule, despite the fact that tasks con tin ue to arriv e

as time passes. W e ha v e preliminary results sho wing

that explicit consideration of exp e ctations ab out the

arriv al of future tasks allo ws the D AA Cs to compute a

more accurate marginal cost, in the sense that the sys-

tem mak es b etter decisions ab out what tasks to sc hed-

ule when. T o date, these results do not include the

p ossibilit y of task exc hanges. In future w ork w e plan to

test the additional h yp othesis that, b y impro ving the

bidding function to tak e in to accoun t these exp ecta-

tions, the full m ulti-agen t, con tract-exc hanging system

will also displa y impro v emen ts in net v alue earned and

other p erformance metrics.
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