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Abstract

This paper considers resource allocation in a network
with mobile agents competing for computational priority.
We formulate this problem as a multi-agent game with the
players being agents purchasing service from a common
server. We show that there exists a computable Nash equi-
librium when agents have perfect information into the fu-
ture. We simulate a network of hosts and agents using our
strategy to show that our resource-allocation mechanism ef-
fectively prioritizes agents according to their endowments.

1 Introduction

Mobile-agent systems allow user programs to au-
tonomouslyrelocatefrom one host to another. An agent
may jump to onesite to filter a database,jump to another
site to accessa camera,and to a third to processthe re-
sultsof the previous two hopsbeforereturningthe results
to theuser. For eachof the threehops,theremaybealter-
native sitesto accesscompatibleresourcesandthis choice
of execution location subjectshoststo greatercongestion
volatility.

Codemobility is asoftwarearchitecturalfeaturethathas
many benefits[12]. User programscan reducethe effect
of networklatency by updatingtheir executionstatesto be
closerto their data. Mobility is a flexible abstractionthat
can speedsoftwaredevelopmentand deployment. Addi-
tionally, mobility providesanextra layerof fault tolerance.

To regulatemobileagentsandprovide resourceowners
with greaterincentive to hostagents,we presenta market-
basedsystemin whichagentsbid for computationalpriority
from hosts.We derivea biddingstrategy that,givenperfect
information,computesan agent’s bids to minimize its ex-
ecutiontime of a sequenceof tasksundera fixed budget
constraint.
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Theaddeddimensionof agents’choiceof executionlo-
cation,however, exposeshoststo additionalcongestionand
volatility. We proposethatagentsusea systemthatcreates
incentivesfor hoststo participate,providesagentsfeedback
aboutthecostsof theiractions,andallowsagentsof hetero-
geneousprioritiesto operatesimultaneously.

We constructa resource-allocationpolicy wherehosts
take bids from agentsfor prioritized accessto computa-
tional resources(CPU time). The priority of accessto a
resourceanagentreceivesis proportionalto its bid relative
to thesumof all currentbidsat thehost.Hostscollectrev-
enuesfrom eachagentata rateequalto theagents’bids.

We applythis policy to a mobile-agentsystemwith sev-
eral different types of resourcesdistributed throughouta
network. Eachagenthasa sequenceof resourcesto con-
sume(an itinerary) and an endowment of electroniccur-
rency to be usedto purchaseresourceaccessto complete
its itinerary.

We formulatethe hosts’resource-allocationproblemas
a gamewith the playersbeingagentscompetingfor a re-
sourcefrom acommonserver. Weshow how tocomputethe
uniquepositive Nashequilibrium explicitly underperfect
informationwhentherearetwo or moreplayers. Starting
from this simplemechanismandan assumptionof perfect
knowledge,we develop an optimal agentbidding strategy
thatplansanagent’sexpenditureovermulti-taskitineraries.
Our bidding strategy minimizesexecutiontime while pre-
servinga prespecifiedbudgetconstraint.We completeour
work by presentinga simulationof mobileagentscompet-
ing for computationalaccessin a networkof heterogeneous
hosts.

Thepaperis organizedasfollows. In Section2, we de-
scribethesystemmodel.In Section3,wederivetheoptimal
bid for asingleagent’sfirst job givenloadstatistics.In Sec-
tion 4, weshow theexistenceof aNashequilibriumthatcan
becomputedby theserver, whenall agentssubmitbid func-
tionsof a givenform. In Section5, we show that theNash
equilibrium obtainedin the previous sectionis unique. In
Section6, we simulatea networkwhereagentssubmitthe
optimalpoliciesto serversthatallocateresourcesaccording
to the resultingNashequilibrium. The resultsare further
discussedin Section7, andsomerelatedwork is described
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in Section8.

2 System Model

Thesystemmodelfollowsthatpresentedin [5]. Wecon-
sidera networkgraphwhereagentsaregeneratedat some
subsetof nodes.Theseagentsaregivenataskof completing
a setof jobs of differenttypesin a givensequenceby pur-
chasingresourcesfrom serviceproviders locatedthrough-
out thenetwork.An agentbeginswith anendowmentof ���
dollarsto spendto completeits taskandwishesto minimize
thetotal time takento completeasequenceof jobsgivenits
budgetconstraint.Weassumethatthereare � typesof ser-
vice andthateachagentonly needsto completea job of a
particulartype at mostonce. The agent’s taskcanbe rep-
resentedasthe sequence�
	 ��
�������� , where 	 �� is the sizeof
the � -th typeof job for the � -th agent,and 	 ������ implies
that the agent’s taskdoesnot includecompletinga job of
type � . We assumethat thereareseveral serviceproviders
for eachtype of service,and the capacityof the provider
chosenby the � -th agentto completeits job of type � is � �� .
Wemakemany of theassumptionsfor thesakeof notational
simplicity andthefollowinganalysiscaneasilybeextended
to moregeneralcasesof multi-job tasks.

Theserviceproviderswish to have asmuchof their re-
sourcesutilized as possible,and thus provide their entire
capacityat no cost if only oneagentis requestingservice.
If morethanoneagentis currentlyrequestingservice,the
capacityis partitionedas follows. The � -th agentreceives
serviceat rateproportionalto its bid relative to thesumof
all bids,

� �� � � �� � ��
� ���� �"! �� # (1)

where� �� is theamount(in dollarspersecond)thatthe � -th
agentbids for service,the provider receives bids totaling� � from the setof agents,$ � , and � ! �� � %�&�')(�* %�+� � �

%� .
Thus, if the servicerate is constant,the time takenby the� -th agentto completeits job of type � is:

, �� � 	 ��.- � �� �/� ! ��10� �� � �� (2)

andtheexpensesare:

2 �� � 	 ��.- � �� � � ! ��30� �� 4 (3)

3 Single Agent Optimization

The problemfacing the � -th agentis how to chooseits
bids, � � ��
�������� . Computationally, this canbeformulatedas

anoptimizationproblemto minimizethetotal timeof com-
pleting its task, 5 � � ������ , �� , suchthat the budgetcon-
straintis preserved, 6 � � �7��� , �� � ��98 � � . At this point,
we assumethattheagentspendsat a constantrate� �� at the
providerfor the � -th typeof job,andalsothat � ! �� is known,
independentfrom � �� andremainsconstantthroughoutthe
time that server is beingutilized. In this section,sincewe
aredealingwith the � -th agentonly, we drop the � super-
scriptsandsubscriptsin all our variablesexcept � ! �� . We
retainthe notion of � ! �� to differentiatethe sumof bids at
thehostsubmittedby competingagentsfrom � � , thesumof
all bidsincludingthe � -th agent’s,to simplify ourderivation
of thebiddingprocedure.

Wehave thefollowing optimizationproblem:

:<;>= �
�7���
, �� s.t.

�
����� 2

�� 8 � 4 (4)

We solve this problemusingLagrangianmethods,and
definetheLagrangian:

? � ��7���
, �� �A@ �

����� 2 ��CB � 4 (5)

Substitutingfor
, �� and 2 �� into equation(5) and taking

partialderivativeswith respectto � � :
D ?
D � �

� B 	 � � ! ��� � �FE�
�/@ 	 �� � �A� G @ � � ! ��

�FE�H4 (6)

Note that � ! ��JI � implies @ I � for all but the trivial
casewhenonly oneagentbids.Thuswehavethefollowing
relationshipbetweenany two bids, K and � :

� � � � %
� ! ��
� ! �% (7)

Incorporatingtheinequalityconstraint,we get

@ D ?D @ � @
�
�7���
	 � - � � �/�"! �� 0� � B � �L� 4 (8)

Since @ I � , it follows that the inequality constraint
mustbesatisfiedwith equality. Substitutingfor � � � �M��7� E in
termsof � � usingtherelationshipin equation(7), we have,

	 �
� � - � � �N� ! �� 0 � � +���

	 �
� �

� ! ��
�"! �� � � � � +���

	 �
� � � ! �� B � �L� (9)

Solvingthepreviousequationfor � � , we get
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� � �
� B � +���PO (Q ( � ! �� B O7RQ R � ! ��
O7RQ R � � +���PO (Q ( SUTWV(S TWVR

(10)

which yieldsthebid for thefirst job for the � -th agentgiven
theloadsof theserversfor thejobsin its sequence.

4 Existence of Nash Equilibrium for Multiple
Agents at the Same Provider

Considernow, without lossof generality, aproviderwith
capacityof resourcetype 1 and X agentsdesiringservice
are currently at the provider. We assumethat the agents
have someestimateof future loads, �"! �� , so that they are
ableto estimatehow muchof their money to spendfor this
currentjob. An estimatecanbeobtainedby augmentingthe
systemwith “advertising” agentsthat periodically update
andmakeavailablethevaluesof totalbidsatvariousservers
throughoutthe network. A simple estimateof � ! �� would
be themeansof the loadsof all theserversof type � jobs.
Givena loadestimatefor future jobs, theoptimalbid from
equation(10) is:

� � � �ZY � - � ! �� 0\[ �^]
� B�_ � � ! ��
_ � � ` Va SbTWVR

(11)

where

] � [ � � B � +���
	 ��
� �� � ! �� (12)

_ � [ � 	 � �
� � � (13)

c � [ � � +���
	 ��
� �� � ! �� (14)

Intuitively, ] � representstheestimateof themoney avail-
ablefor thecurrentjob,andif thatis lessthanzero,theagent
cannotafford to purchaseserviceunderthecurrentstateof
thenetwork. We requirethat thebidsbenon-negative. We
have _ � I � , � ! �� I � , andc �ed � with equalityonly if the
agenthasonejob. If ] � 8/� , Y � will returnanegativevalue.
Thustheagentwill only submita bid if ] � I � .

At theserver, wewould like to generateasetof bidsthat
formsa Nashequilibrium[2] with respectto thepoliciesof
the X agents:

� � � � � :<fhg � � # Y � - � ! �� 0 �"�Mi� ��� 4 (15)

A Nashequilibrium solution is a set of bids whereno
agentcan gain an advantageby unilaterally changingits
bid. One possibility of reachingthe Nashequilibrium is

adecentralizedalgorithmwhereeachagentmakesaninitial
bid andthenupdatesits bid atpresettime intervals,

,
, using

theiteration

� � - , �Zj 0 �3Y � - � ! �� - , 0k0 # (16)

where� � - , 0 and � ! �� - , 0 denotethe � -th agent’sbid andsum
of competingbids, respectively, at time

,
. Unfortunately,

this algorithmrarely convergesto a Nashequilibrium and
is suboptimaldueto theinconsistency of theinitial guesses
andsubsequentiterations.

Instead,we focuson a centralizedmethodto obtainop-
timal bids. Theagentssubmitbid functions in the form of
equation(11) andtheserver producestheoptimal bids for
eachagent.To formulatethisnew method,wetranslateeach
agent’s bid functiondomainfrom � ! �� to a singlecommon
domain,� � . Oncewe changethedomain,we show that the
spaceover � � is continuousundermostconditionsandthat
wecanapproximatetheremaininginstanceswith our exist-
ing framework.

Using � -spacehasa deficiency in that its dimensionin-
creaseswith the numberof agents. To reduceour search
space,we iterateover a commondomainfor all agents,� � -
space,where � � [ � � ! �� � � � � . Modifying the policies in
equation(15), we get the following implicit relationsbe-
tween� � � and � � :

� � � � � :<fhg � � # Y � - � � B � � � 0 �h��i� ��� 4 (17)

Fromthis,we canobtainanexplicit function lm� - � � 0\[ � �on
� � � . Figure1 illustrateshow Y � - � B � � � 0 shifts as � � varies.
Figure 2 demonstratesthe shapeof l � - � � 0 . Outside the
range� �op -q� # ] �sr _ � 0 , l � - � � 0 takesthevalueof 0. We now
derive l - � � 0 .
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Figure 1. Behavior of :<f"g -t� # Y � - � B � � � 0k0 for
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Figure 2. Form of lm� - � � 0

Substituting� � B � � � for � ! �� in (11), in the range,� � p-q� # ] �sr _ � 0 , we have thefollowing:

� � � �w]
� Bx_ � - � � B � � � 0_ � � ` Va S R !Wy V R

(18)

which leadsto a quadraticequationin � � � . Droppingthe �
superscript,wehave:

c E � E � � - ] Bx_ � � 0 E � � B - ] B�_ � � 0 E � � �A� (19)

Taking the positive root of the equationwith respectto

� � , we have � � � l - � � 0 where

l - � � 0 � - ] Bx_ � � 0 Ez c E
B j{� j{� u c E � �- ] B9_ � � 0 E (20)

when � �|p -t� # ] �}r _ � 0 and� � �A� otherwise.
We seethat l is continuousat � � �~� and � � � ] r _ .

Thus, l - � � 0 is a continuousfunction of � � . We also note
thaton � �op -q� # ] � r _ � 0 :

���� S R � E
�.��� ! � S R��E `��� ! E
�.��� ! � S R>� ��� E ` �

��� ! � S R>� !�� � ` � S R
E ` �
a ��� ! � S R�� � � � ` � S R

(21)

andwhen � � �v� � , we have

D lD � � S R ���b�
� jz c E

z _ ] �
B z _ ] E � z c E ]a

] E
� j 4 (22)

Returning to the question of the optimal bids forX agents, we seek � � and � � � � � i� ��� to satisfy for all
agentsthe definition � � � i� ��� � � � and equation(17).
An equivalent problem is to find a value of � � such
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Figure 3. Sample plot of i� ��� lm� - � � 0 versus � �
for 16 agents

that i� ��� � � � B � � � i� ��� lm� - � � 0 B � � � [
� � - � � 0 �A� .
We know that

D � � r D � ��� S R ��� � � B j�� i� ��� j I �
if X d z

and thus, � � is increasing to the right
of zero and � � -t� � 0 I � . We also know that� � - :<f"g ��� ] �sr _ � � 0 � B :<f"g �k� ] �sr _ � ��� � for the
non-trivial casewhere at least two agentshave ] � I � .
Because � � is the sum of continuousfunctions, � � is
continuousas well and must be zero for somevalue of� ��p -t� # :<f"g � � ] �kr _ � � 0 . We solve for this valueby using
a bisectionsearchof � � in the given range. We sketcha
sampleof i� ��� l � - � � 0 versus� � in Figure3.

If an agenthasonly onejob left to complete,it canbe
shown that � � � � � for � p -t� # ��� r 	 0 is its optimal pol-
icy, which is equivalent to having c ��� , which violates
one of the assumptionsmadeearlier. However, by using
L’Hôpital’srule,we seethat

� ;>: `�� � � l � � ;>: `7� � �
R�
��� Rk���  TW¡ � R£¢ �

��� ! � S R>� �
� ` � �¥¤ � � � R�¦  TW¡ � R ¢ �� � ;>: `7� � � S R� �§¤ � � � R�¦  TW¡ � Rs¢ �� � �

Thus, if we requireagentswith only onejob to submit
bid functionswith c I � , we allow the agentsto approxi-
matetheir optimalsolutionsto arbitraryprecisionandstill
preserve theassumedstructure,whichyieldsanequilibrium
solution.

5 Uniqueness of Nash Equilibrium for Multi-
ple Agents at the Same Provider

Let ¨ � �©-q� # ] �£r _ � 0 beindexed suchthat ¨ �Hª ¨ E
ª«�«M« ª ¨ i (i.e, ]

� r _ � Iw¬ E � r _ E I «�«M« I ] i r _ i 0 where
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X is thenumberof agentsata server. Let usdefine

�
­ � - � � 0 � ­� ��� lm� - �
� 0 B � � 4 (23)

We have alreadyshown that � � - � � 0 � � i � - � � 0 �1� hasat
leastonesolutionon ¨ �1® i� ��� ¨{� �¯-t� # :<f"g ��� ] ��r _ � � 0 �¨ � .
Theorem 1 � i � - � � 0 �L� has only one solution on ¨ .

To prove Theorem1, we mustfirst prove someinitial lem-
mas.In Appendix9, we show that - D E lm� r D � E � 0 �°� on ¨o� .
Fromthedefinitionof � ­ � in equation(23)andthedefinition
of theindices,it canbeseenthat

� � � V� S � R �A� on ¨ �.± � G
D E � ­ �D � E �

�²� on ¨ ­ # (24)

���
V� S R S R ��� �

� j ± � G
D � ­ �D � � S R ��� �

�/³ B j # (25)

l � -t� 0 �A� ± � G �.­ � -q� 0 �A� 4 (26)

Also, � ­ � is a continuousfunctionof � � .
Lemma 1 If � ->´ 0 is a twice continuously differentiable
function on µ ¶ #M·

¸
, - D E � r D ´ E 0 �°� on - ¶ #M· 0 , � - ¶ 0¹I � , and� - · 0 �~� , then there exists a unique point ´ ��p - ¶ #M· 0 s.t.� ->´ � 0 �v� .

Proof. Weprovethis lemmaby contradiction.TheInterme-
diateValueTheoremstatesthat thereis at leastonevalue´ � p - ¶ #�· 0 s.t. � -º´ � 0 �~� . Because- D E � r D ´ E 0 �»� on- ¶ #M· 0 , we know that � is strictly concave on - ¶ #�· 0 , i.e.,

¬
� ->´ 0 � - j B ¬�0�� ->¼ 0 � � - ¬ ´ � - j B ¬�0 ¼ 0 (27)

for ¬ p -q� # j 0 and ´ # ¼ p - ¶ #�· 0 . Supposethereare two
points that satisfy � -º´ 0 �½� , say ´ � # ´ E p - ¶ #M· 0 where´ � �L´ E . Again,usingtheIntermediateValueTheorem,we
canshow that ¾M¶ � p - ¶ # ´ � 0�¿ - ¶ #M· 0 s.t. � - ¶ � 0¹I � . Then,
we have ¬
� - ¶ � 0 � - j B ¬.0�� ->´ E 0 � � - ¬ ¶

� � - j B ¬�0 ´ E 0which implies ¬
� - ¶ � 0 � � - ¬ ¶ � � - j B ¬�0 ´ E 0 . If¬ � -º´ E B ´
� r ´ E B ¶

� 0 p -t� # j 0 , then we have¬m� - ¶ � 0 � � -º´ � 0 �v� , which is a contradictionsince ¬<I � .
Thus,therecanbeat mostonepoint where � -º´ 0 �v� . À
Proof of Theorem 1. When ³A� j , - D � �� r D � � 0 � S R ��� � �A� ,
and - D E �

�� r D � E � 0 � � on ¨ � , which impliesthat � �� - � � 0 �v�
on ¨ � . When³/� z , - D � E � r D � � 0 � S R ��� � � j and � E � -q� 0 �A� ,
thus � E � -t� � 0NI � . Also, � E � - ] E r _ E 0 � �

�� - ] E r _ E 0 �Á�
and - D E � E � r D � E � 0 �»� on ¨ E . Applying Lemma1, we get
that thereis a uniquepoint � � s.t. � E � - � � 0 �°� on ¨ E . But,

� E � - � � 0 � �
�� - � � 0 �v� on ¨ �FÂ ¨ QE ; thus � � is auniquepoint

where � E � - � � 0 �A� on ¨ � .
Uniquenesscanbe shown usingan inductive argument.

Assumethat thereis a uniquepoint � � � ] ��r _ � on ¨ �
where � � � - � � 0 �~� . Also assume- D E � � � r D � E � 0 �»� on ¨ �
and � � � - � � 0 �°� on ¨ � Â ¨ Q� . Along with thecontinuityof� � � , thepreviousresultimpliesthefollowing:

� � � - � � 0 I � � � � � ��A� � � � � ��²� � � I � � (28)

Rewriting equation(23), we have � � � �� � � � � � l � � � .
Therearetwo casesto consider:
Case 1. If - ] � �

� r _ � � � 0 8 � � , thenequation(28) is satisfied
for � � � �� becauselm� � � - � � 0 �v� for � � d � � d - ] � �

� r _ � � � 0
and lm� � � - � � 0 d � for � � 8Ã- ] � �

� r _ � � � 0 . Thus,thereis a
uniquepoint � � where� � � �� - � � 0 �A� on ¨ � .
Case 2. If � � � - ] � �

� r _ � � � 0 � - ] ��r _ � 0 , then� � � �� - ] � �
� r _ � � � 0 � � � � - ] � �

� r _ � � � 0 �²� by equation(28).
We also know � � � �� -q� � 0NI � , because� � � �� -q� 0 ��� and- D � � � �� r D � � 0 � S R ���b� � � I � . Since - D E � � �

�� r D � E � 0 �3� on¨ � � � , we canapply Lemma1 andarrive at the result that
thereis a uniquepoint Ä� � on ¨ � � � where � � � �� - Ä� � 0 �Ã� .
But since l � � � - � � 0 �Ã� for � � I - ] � �

� r _ � � � 0 , we have
thaton ¨ �)Â ¨o� � � , � � � ��Å- � � 0 � � � � - � � 0 � � . Thus,wehave
a uniquepoint Ä� � where � � � ��Æ- Ä� � 0 �v� on ¨ � . À
6 Simulation and Results

In this section,we definean algorithmthat implements
the resource-allocationpolicy from Section4 anddescribe
a simulationof thepolicy.

A hostacceptsbid functionsfrom all agentspresentany
time an agentarrives to or departsfrom the site. Agents
expressbids through three coefficients defined in equa-
tions (12-14). The host takesall bids to form the bid-
responsefunction, l - � 0 , andusesa bisectionsearchto find
thebiddinglevel � � l - � 0 . Algorithm 1 sketchesthis oper-
ation.

We baseour simulationon the Swarmsimulationsys-
tem [13]. In the simulation,thereare100hosts,eachpro-
videsoneof eightcomputationalservices,andthecapacity
is determinedfrom a truncatedGaussianrandomvariable.
Thehostscompriseastochasticallygeneratednetworkgen-
eratedfrom the GT-ITM package[6]. In GT-ITM, a net-
work is built from a hierarchicalsystemof transitdomains
connectingstub domains. The userspecifiesthe number
andaveragesizeof domainsin nodes(hosts)aswell asthe
probabilitythatnodesareconnectedwithin thedomain.

Agentsarecreatedat a Poissonarrival rate. Their start
locationis determineduniformly andthey haveanexponen-
tially distributednumberof jobsin their itinerary. Eachjob
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Algorithm 1 Allocate Resources for Host �
1: while true do
2:

, [ � timesincelastarrival/departure
3: for all agents� do
4: deduct

, lm� - � 0 from agent� ’sendowment
5: end for
6: addnew agentor remove departingagent
7: for all agents� do
8: queryagent� for ] # _ # and c (equations(12-14))

to build lm� - � 0
9: end for

10: searchfor � � i� ��� lm� - � 0 in -t� # :<f"g � - ] � r _ � 0k0
11: for all agents� do
12: � �� [ � � � lm� - � 0 r �
13: end for
14: end while

size is chosenfrom an exponentialdistribution. The final
parameterdescribingan agentis its endowmentsize rela-
tive to thesumof its job sizes.We generatethis parameter
from a truncatedGaussianrandomvariablewith positive
mean.This parameterreflectstheowninguser’s preference
thatthetaskcompletesquickly.

Oncean agentis injectedinto the network,it mustfor-
mulatea route. It choosesa routeincrementally, choosing
a hostfor eachtaskaftercompletingtheprevioustask.For
the purposeof expenditureplanning,however, for all but
thenext immediatehostchoice,agentsplanto visit hostsof
averagecapacity � � , andaveragecongestion� � , for hosts
offering thecorrespondingservice.Agentsthenchoosethe
next site to be the one that minimizesthe sum of execu-
tion times,assumingno changein bidding level � ! �� , and
networktransfertimesfor thenext hop. Thus,our routing
algorithmis greedyandnaive. We sketchits operationin
Algorithm 2.

Algorithm 2 Choose Next Site for Agent �
1:
,�Ç � ­ [ �ÉÈÉÊ1³ 2 ´ ,�Ë�Ì · , [ �ÉÍ

2: for all hosts� offeringservicenext in itinerarydo
3:

, � [ � µ transferLatency: � from:� � ¶�¶ 2 ³ ,�Ë�Ì · ,
¸ � � � l - � ! ��10 r - � ! �� � l - � ! ��10k0

4: if
, Ç � ­ I , � then

5:
, Ç � ­ [ � , � ÊÎ³ 2 ´ ,�ËxÌ · , [ � �

6: end if
7: end for
8: return ³ 2 ´ ,�Ë�Ì · ,

Onceanagentjumpsto asite,it commitsto finishingthe
currenttaskat that site. To completethe currenttask,the
agentsubmitsa biddingfunctionconformingto therestric-
tions in Section5. Whenever an agentarrivesor leaves a
host,thehostsearchesfor anequilibriumcongestion,� .

Figure 4. A screen shot of the sim ulator .

To testthe effectivenessof our resourceallocationpol-
icy, we comparethe endowmentof agentswith their per-
formance. Oncethe network hasreacheda steadystate,
we designateseven percent of the agentsinjected into
the systemas test agents. Our test agentshave identical
itinerariesandstartinghosts,but they havedifferingendow-
mentsizes,spanningtwo standarddeviations, Ï , aroundthe
meanendowment,Ð . We thenmeasuretheperformanceof
agentscomparedwith theperformancethatthey wouldhave
achieved in a networkwith zerocongestion.We compute
this idealizedmeasurementby computinga shortestpath
throughthe networkwherethe distancebetweenany two
hostsis thesumof thenetworktransfertimesandthetime
an agentwould taketo completea job at the hostwithout
any competition,	 � r � � .

Figure5 shows a plot of agentendowmentversusper-
formancerelative to the ideal. The figure plots the mean
performanceof many agentsat variousendowmentlevels,
aswell as the standarddeviations. Thereis a very strong
relationshipbetweenspendingand the speedat which an
agentcompletesits itinerary. We show a Ñ E linearfit of the
performancemeansto indicatethestrengthof the relation-
ship.

7 Discussion and Future Work

We have presenteda simple resource-allocationpolicy
andan efficient meansfor agentsto plan their expenditure
giventhepolicy andperfectinformation.Becauseagentsre-
formulatetheirexpenditureplansaftercompletingeveryjob
in their itineraryandthebiddingstrategiespreserve agents’
budgetconstraints,theoreticallyagentswill alwayscom-
plete their itineraries. In the implementationof our sim-
ulator, however, we usediscretetime units and round up
when assessingagents’coststo the host, so occasionally
agentscannotcompletetheir itineraries.This occurrenceis
lessfrequentwith finer time-unitgranularity. Furtheragent
failuresoccurwhenagentswith small endowmentscannot
completetheiritinerariesbecausehigherpriority congestion
never subsides.
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Figure 5. Endowment versus ideal time rel-
ative to actual time . We plot the observed
mean and standar d deviations for each en-
dowment level.

Ourplanningalgorithmsrely onexactlyknowingagents’
job sizes. This assumptionis reasonablefor certainappli-
cationdomains. However, we would like to relax this re-
quirementin our future work by exploring otherstrategies
whereagentshadprobabilitydistributionsfor their jobsizes
insteadof fixedscalarvalues.

In constructingour expenditureplanningalgorithm,we
assumedthat agentshave alreadychosena route to com-
pletetheir itineraries. In the implementation,however, we
canonly estimatethe future capacityof hostsbasedupon
aggregatehoststatisticsandwe chooseagents’routesin a
greedyfashion. This techniqueappearsto work well for
a simplenetworktopologybut would fall short in a more
complex network,suchasa wirelessnetworkwherehosts
moveabouttheirenvironments.Thus,anotherareaof future
researchis to investigatebetterwaysof calculateagents’
routes.

Finally, marketsystemsrequirethat agentshave infor-
mationfrom which to makedecisions.Our futureresearch
will attemptto evaluateboth the costof distributing infor-
mation,suchassitecongestion,aswell asthecostof agents
usinginaccurateor datedinformation.

8 Related Work

Our earlierwork in this areaadopteda currency model
of resourceallocation,in which agentsuseelectroniccash
to purchaseneededresourcesand participatein an elec-
tronic marketwith a bankingsystem[3]. Thereareseveral
methodsto determinethe price of a certainresourcein a
givenmarketstructure.Weinvestigatedthederivationof the
equilibriumpricing schemein a singlesellermarketwith a
numberof buyers,having aCobb-Douglastypeutility func-
tion [4]. In morerecentwork,wedeterminepricesin amar-

ket structurein which theserversprovide a pricecurve for
the resourcesthat they sell, andwe obtainthe equilibrium
priceastheresultof a utility maximizationproblem[15].

We arenot the first to researchthe possibility of using
market-basedcontrol for mobile-agentsystems.Telescript
supporteda systemwhere agentscarried permits whose
strengthdiminishedover timesandas they moved around
thenetwork[18]. Theweakeningof permitsapproximates
currency exchange.TheGeneva Messengersmobile-agent
systemincludessupport for agentsto buy CPU priority,
memory, andnetworkaccess[17]. Neither system,how-
ever, exploreshow agentsshouldplan in market-baseden-
vironments.

POPCORNis a market-basedsystemwhereuserssub-
mit Java programsto a centralizedserver thatcontractsthe
programs’executionsout to servers[16]. Userprogramsin
POPCORN,however, arenot autonomouslymobileanddo
not relocateonceassignedto a server.

Modeling telecommunicationnetworkproblemsas dy-
namic gameshas producedNash equilibria solutions in
many settingssuchas capacityallocationin routing [10],
congestioncontrolin productform networks[11], flow con-
trol in Markovianqueuingnetworks[7], andcombinedrout-
ing andflow control [1]. Incorporatingelectronicmarket
conceptssuchaspricingcongestiblenetworkresourceshas
beenshown to encourageefficiency [14]. Networkresource
allocationwhereuserswerechargedperunit time hasalso
beeninvestigatedundervariouscriteriaof fairness[8, 9].

9 Conclusion

We presenteda simplemeansof resourceallocationthat
prioritizes agentsthrougha single parameter, endowment
size.To utilize themechanism,wederivedabiddingpolicy
that minimizesan agent’s execution time for an itinerary,
while preservingafixedbudgetconstraint.Furthermore,we
proved that the useof our optimal bidding strategy results
in a uniquecomputableNashequilibrium. We simulateda
networkof mobileagentsandtheir hostsusingour bidding
strategy andresource-allocationpolicy to show thatagents
areprioritizedby their endowments.

Appendix Proof of Concavity of ÓÕÔ
Ö�×WØ�Ù
For the variables ] � # _ � # c � definedin equations(12-4)

we dropthesuperscriptsandconsiderthebidding function
of only singleagent.Let Ú -º´ 0 bea functiondefinedas:

Ú -º´ 0 � B ´ E � ´ � BvÛ ´FÜ � Û ] ´ E (29)

wheré p -t� # ] 0 and Û �Ý-qu c E r _ 0 .
Then,l � - � � 0 � �

E ` � Ú
- ] B9_ � � 0 for � �|p ¨ � and
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D E l � r D � E � �Ý- _ E r z c E 0 - D E Ú r D ´ E 0 4 (30)

To prove the concavity of l � on ¨ � , it sufficesto show
that - D E Ú r D ´ E 0 �v� for ´ p -q� # ] 0 . We have

D E Ú r D ´ E �Þ- z
ß ->´ 0 ßmàáà ->´ 0 B ß
à ->´ 0 E Bãâ ß ->´ 0�ä� r u ß ->´ 0�ä� 0 (31)

where
ß -º´ 0 �Þ´ � BÉÛ ´ Ü � Û ] ´ E . Since

ß -º´ 0{I � for ´ p-q� # ] 0 , it is sufficient to show

� ->´ 0 � z
ß -º´ 0 ß
àáà ->´ 0 B ßmà -º´ 0 E Bxâ ß -º´ 07ä� �²� 4 (32)

After substitutingfor
ß ->´ 0 andsimplifying, we get

� - Û # ´ 0 � B u ] Û E ´ Ü � j z ] Û ´ � �ãå Û E ´ � � â ´�æB j z Û ´�ç Bèâ -º´ � B²Û ´ Ü � Û ] ´ E 0 ä� (33)

We notethat � -q� # ´ 0 �²� ± ´ . Takingthepartialderiva-
tiveof � ->´ 0 w.r.t. Û , weget

��é��ê � B - ] B ´ 0 µ ë Û ´ Ü �Zj z ´ E c -º´ 0 ¸ B z Û ] ´ Üc -º´ 0 � ´ � � Û ´ E - ] B ´ 0 B ´ E (34)

hence
D � r D Û is negative for ´ p -q� # ] 0 and Û I � .� - Û # ´ 0 �1� for all Û I � for ´ p -t� # ] 0 , which implies- D E Ú r D ´ E 0 �1� for ´ p -t� # ] 0 , andthus - D E l � r D � E � 0 �1�

on ¨ � .
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