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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 programsto au-
tonomouslyrelocatefrom one hostto another An agent
may jump to onesite to filter a databasejump to another
site to accessa camera,and to a third to processthe re-
sults of the previous two hopsbeforereturningthe results
to the user For eachof thethreehops,theremay be alter
native sitesto accessompatibleresourcesandthis choice
of executionlocation subjectshoststo greatercongestion
volatility.

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

To regulatemobile agentsand provide resourceowners
with greaterincentive to hostagentswe presenta market-
basedsystenin whichagentdid for computationapriority
from hosts.We derive a bidding strateyy that,givenperfect
information, computesan agent$ bids to minimize its ex-
ecutiontime of a sequenceof tasksundera fixed budget
constraint.
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The addeddimensionof agents’choiceof executionlo-
cation,however, exposeshoststo additionalcongestiorand
volatility. We proposethatagentsusea systemthat creates
incentivesfor hoststo participate providesagentdeedback
aboutthe costsof their actions andallows agentf hetero-
geneougprioritiesto operatesimultaneously

We constructa resource-allocatiompolicy where hosts
take bids from agentsfor prioritized accessto computa-
tional resourceqCPU time). The priority of accesgo a
resourceanagentrecevesis proportionalto its bid relative
to the sumof all currentbidsat the host. Hostscollectrev-
enuedrom eachagentat arateequalto theagents'’bids.

We applythis policy to a mobile-agensystemwith sev-
eral differenttypes of resourcedistributed throughouta
network. Eachagenthasa sequencef resourcedo con-
sume (an itinerary) and an endavment of electroniccur-
reng to be usedto purchaseesourceaccesso complete
its itinerary.

We formulatethe hosts’resource-allocatioproblemas
a gamewith the playersbeing agentscompetingfor a re-
sourcdrom acommonsener. We shaov how to computethe
unique positive Nashequilibrium explicitly under perfect
informationwhentherearetwo or more players. Starting
from this simple mechanismand an assumptiorof perfect
knowledge,we develop an optimal agentbidding stratey
thatplansanagents expenditureover multi-taskitineraries.
Our bidding stratgy minimizesexecutiontime while pre-
servinga prespecifiecbudgetconstraint.We completeour
work by presentinga simulationof mobile agentscompet-
ing for computationadccessn a networkof heterogeneous
hosts.

The paperis organizedasfollows. In Section2, we de-
scribethesystemmodel.In Section3, wederivetheoptimal
bid for asingleagentsfirst job givenloadstatistics.In Sec-
tion 4, we shav theexistenceof aNashequilibriumthatcan
becomputedy thesener, whenall agentsubmitbid func-
tionsof a givenform. In Section5, we shav thatthe Nash
equilibrium obtainedin the previous sectionis unique. In
Section6, we simulatea networkwhereagentssubmitthe
optimalpoliciesto senersthatallocateresourcesccording
to the resultingNashequilibrium. The resultsare further
discussedn Section7, andsomerelatedwork is described



in Section8.

2 System Mod€

Thesystenmodelfollowsthatpresentedh [5]. We con-
sidera networkgraphwhereagentsare generatect some
subsebf nodes.Theseagentsaregivenataskof completing
a setof jobs of differenttypesin a givensequencéy pur-
chasingresourcegrom serviceproviderslocatedthrough-
outthe network. An agentbeagins with anendavmentof I;
dollarsto spendo completdts taskandwishesto minimize
thetotal time takento completea sequencef jobsgivenits
budgetconstraint We assumehatthereare K typesof ser
vice andthat eachagentonly needsto completea job of a
particulartype at mostonce. The agents taskcanbe rep-
resentedasthe sequencgqi } X |, whereq!. is the size of
the k-th type of job for thei-th agent,andg; = 0 implies
that the agents task doesnot include completinga job of
type k. We assumeéhatthereare several serviceproviders
for eachtype of service,andthe capacityof the provider
choserby the i-th agentto completeits job of type k is ;..
We makemary of theassumptionfor thesakeof notational
simplicity andthefollowing analysiscaneasilybeextended
to moregeneralkcasef multi-job tasks.

The serviceproviderswish to have asmuchof their re-
sourcesutilized as possible,and thus provide their entire
capacityat no costif only oneagentis requestingservice.
If morethanone agentis currentlyrequestingservice,the
capacityis partitionedasfollows. The i-th agentreceves
serviceat rate proportionalto its bid relative to the sum of

all bids,
vy =cp | —2— ], 1
L=dh <u;€+e,;> ®

whereu} is theamount(in dollarspersecond}hatthei-th
agentbids for service,the provider receves bids totaling
0 from the setqf agen;s,jk, andg, " = Zjejkyjﬂ ui
Thus, if the servicerateis constantthe time takenby the
i-th agentto completédits job of typek is:
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3 Single Agent Optimization

The problemfacing the i-th agentis how to chooseits
bids, {u} }X_,. Computationallythis canbe formulatedas

an optlmlzatlonproblemto minimizethetotal time of com-
pletingits task,7; = Zk | t+., suchthat the budgetcon-
straintis presered, E; = Zk:l tu;, < I;. At this point,
we assumehattheagentspendsat a constantatev;, atthe
providerfor the k-th typeof job, andalsothat@,;i is known,
independenfrom «, andremainsconstanthroughoutthe
time thatsener is beingutilized. In this section,sincewe
aredealingwith the i-th agentonly, we drop the i super
scriptsand subscriptsn all our variablesexcept 9,:,"’. We
retainthe notion of ,* to differentiatethe sumof bids at
thehostsubmittedoy competingagentdrom 6;,, thesumof
all bidsincludingthei-th agents, to simplify our derivation
of thebiddingprocedure.
We have thefollowing optimizationproblem:

K K
min Zfi s.t. Z eb < 1. (4)
k=1 k=1

We solwe this problemusing Lagrangianmethods,and
definethe Lagrangian:

K
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Substitutingfor ¢}, ande;, into equation(5) and taking
partialderivativeswith respecto wy:
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Notethat,* > 0 implies A > 0 for all but the trivial

casewhenonly oneagentbids. Thuswe have the following
relationshipbetweenrary two bids, j andk:

(7)
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Since A > 0, it follows that the inequality constraint
mustbe satisfiedwith equality Substitutingfor {u,}% , in
termsof u; usingtherelationshipn equation(7), we have,

Dy, 107 )+Zq’” Zk 1+Zq"91 =0 (9)
“ kA1 0 w1k

Solvingthe previous equationfor u, we get
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whichyieldsthebid for thefirst job for thei-th agentgiven
theloadsof thesenersfor thejobsin its sequence.

4 Existenceof Nash Equilibrium for Multiple
Agents at the Same Provider

Considemow, withoutlossof generalitya providerwith
capacityof resourceype 1 and N agentsdesiringservice
are currently at the provider. We assumethat the agents
have someestimateof future loads, 6, *, so that they are
ableto estimatehow muchof their money to spendfor this
currentjob. An estimatecanbe obtainedoy augmentinghe
systemwith “advertising” agentsthat periodically update
andmakeavailablethevaluesof totalbidsatvariousseners
throughoutthe network. A simple estimateof G,j would
be the meansof the loadsof all the senersof type &k jobs.
Givena load estimatefor future jobs, the optimal bid from
equation(10)is:
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Intuitively, o’ representtheestimateof themoney avail-
ablefor thecurrentob, andif thatis lessthanzero,theagent
cannotafford to purchaseserviceunderthe currentstateof
the network. We requirethatthe bids be non-nejative. We
have 3 > 0,6, > 0, andy’ > 0 with equalityonly if the
agenthasonejob. If o <0, f; will returnanegative value.
Thustheagentwill only submitabid if o > 0.

At thesener, we would like to generate setof bidsthat
formsa Nashequilibrium [2] with respecto the policiesof
the N agents:

{ui = max{0, fi(0; )}, - (15)

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

adecentralizeclgorithmwhereeachagentmakesaninitial
bid andthenupdatests bid at presetime intervals,, using
theiteration

ui(t+1) = fi(07" (1), (16)

whereu; (t) andd; “(¢) denotethei-th agents bid andsum
of competingbids, respectrely, at time ¢. Unfortunately
this algorithmrarely convergesto a Nashequilibriumand
is suboptimaldueto theinconsisteng of theinitial guesses
andsubsequerniterations.

Instead we focuson a centralizednethodto obtainop-
timal bids. The agentssubmitbid functions in the form of
equation(11) andthe sener produceghe optimal bids for
eachagent.To formulatethisnew methodwetranslateeach
agents bid function domainfrom 6, * to a singlecommon
domain,f;. Oncewe changethe domain,we shaw thatthe
spaceover 6, is continuousundermostconditionsandthat
we canapproximatehe remaininginstancesvith our exist-
ing framework.

Using u-spacehasa deficieny in thatits dimensionin-
creasesvith the numberof agents. To reduceour search
spacewe iterateover a commondomainfor all agentsf, -
spacewhered; := 6;" + u}. Modifying the policiesin
equation(15), we get the following implicit relationsbe-
tweenu’ andf;:

{uh = max{0, fi(6r —u)}}Y, . (A7)

Fromthis, we canobtainanexplicit functiong;(61) : 61 —
ui. Figurel illustrateshow f; (0 — u}) shiftsas6; varies.
Figure 2 demonstrateshe shapeof ¢;(6;1). Outsidethe
ranget; € (0,«a'//3"), g;(61) takesthe valueof 0. We now
derive g(6,).
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Figure 1. Behavior of max(0, f;(6 — u})) for
Ozi/ﬁi —
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Figure 2. Form of g¢;(61)

Substitutingd; — 4 for 6, " in (11),in therange,d; <
(0, a*/3"), we have thefollowing:

uj = o = G —ui)
7 vt
6 + \/01711{
which leadsto a quadraticequationin «*. Droppingthe
superscriptye have:

(18)

Y2ui + (o — £61)%uy — (o — $61)%0, = 0 (19)

Taking the positive root of the equationwith respecto
up, we have u; = g(6,) where

~2
1+ i) (20)

(a — 91)2
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9(61) = T (1 +

whené; € (0,a'/3") andu; = 0 otherwise.

We seethat g is continuousat§; = 0 andf; = «/f.
Thus, g(61) is a continuousfunction of §;. We also note
thaton6; € (0,a’/3"):

99 _  2B(a—p01)
2~2

8601 — v
! —28(a—B61)2 4272 (a—B01)— 45726, (21)
2724/ (a—3601)>+47201

andwhené; = 01, we have

dg [ —2pa? + 272«
901 g e 277 — (22)

Returning to the question of the optimal bids for
N agents,we seek; and {u%}Y, to satisfy for all
agentsthe definition 6; = Zf;l u} and equation(17).
An equialent problem is to find a value of 6; such
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Figure 3. Sample plot of Zf;l gi(01) versus 6,
for 16 agents

that Zf\il Uli — 0, = Zf\il gz(Gl) —th = h1(91) =0.
We know that 0hy /0 ]g,—0+ = —1 + 38,1 > 0
if N > 2 and thus, h; is increasingto the right
of zero and h;(07) > 0. We also know that
hi(max;{a?/3'}) = —max;{a’/3} < 0 for the
non-trivial casewhere at leasttwo agentshave o’ > 0.
Becauseh; is the sum of continuousfunctions, h; is
continuousas well and must be zero for somevalue of
6, € (0, max;{a’/('}). We solve for this valueby using
a bisectionsearchof h; in the given range. We sketcha
sampleof Zf\ilgi(al) versusd; in Figure3.

If anagenthasonly onejob left to complete,it canbe
shavn thatw; = 6, for € (0, Ic/q) is its optimal pol-
icy, which is equialentto having v = 0, which violates
one of the assumptionsnadeearlier However, by using
L'H dpital'srule, we seethat
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Thus, if we requireagentswith only onejob to submit
bid functionswith v > 0, we allow the agentsto approxi-
matetheir optimal solutionsto arbitrary precisionand still
preseretheassumedtructurewhichyieldsanequilibrium
solution.

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

Let O; = (0,a'/3") beindexed suchthatO; > Oy D
<D Oy (e, at/pt > a2/3? > .- > oV /3N) where



N isthenumberof agentsata sener. Let usdefine
n
hy(61) =Y gi(0h) — b1 (23)
=1

We have alreadyshavn thathy (61) = kY (01) = 0 hasat
leastonesolutionon O = UY,0; = (0, max;{a?/3'}) =
0.

Theorem 1 AV () = 0 hasonly one solution on O.

To prove Theoreml, we mustfirst prove someinitial lem-
mas. In Appendix9, we shav that (92g;/907) < 0 on O;.
Fromthedefinitionof A} in equation(23) andthe definition
of theindices,it canbeseenthat

21n
2 .
Go- <00n0; Vi= 09%1 <00n0,, (24
. OhY}
Og: =1Vi= L =n—1, (25)
o0 61=0+ 96 61 =0+
gi(0)=0Vi=  h}(0)=0. (26)

Also, h} is acontinuoudunctionof ;.

Lemmal If h(z) is a twice continuously differentiable
function on [r, s], (9*h/02%) < 0 on (r, s), h(r) > 0, and
h(s) < 0, then there exists a unique point ¢ € (r,s) st.

Proof. We prove thislemmaby contradiction.Thelnterme-
diate Value Theoremstatesthat thereis at leastone value
xo € (r,s) s.t. h(zg) = 0. Becausgd?h/0x?) < 0 on
(r, s), we know thath is strictly concae on (r, s), i.e.,

ah(z) + (1 —a)h(y) < h(az + (1 — a)y) (27)

fora € (0,1) andz,y € (r,s). Supposeherearetwo
points that satisfy h(z) = 0, sayzi,z2 € (r,s) where
1 < x2. Again,usingtheIntermediaté/alueTheoremwe
canshow that3rg € (r,z1) C (1, s) S.t. h(rg) > 0. Then,
we have ah(ro) + (1 — a)h(z2) < h(aro + (1 — a)xz)
which implies ah(ro) < h(aro + (1 — a)zz2). |If
a = (z2 — x1/x2 — ro) € (0,1), then we have
ah(rg) < h(x1) = 0, whichis acontradictionsincea > 0.
Thus,therecanbeat mostonepointwhereh(z) = 0. <

Proof of Theorem 1. Whenn = 1, (9h}/961)|g,—o+ = 0,
and(9%h1/06?) < 0 onO1, whichimpliesthathi (6;) < 0
onO;1. Whenn = 2, (0h3/961)|p, —o+ = 1 andh?(0) = 0,
thush?(07) > 0. Also, h3(a?/3%) = hi(a?/5%) < 0
and (92h2/06?) < 0 on Oy. Applying Lemmal, we get
thatthereis a uniquepoint 6y s.t. h3(6y) = 0 on O». But,

h3(01) = hi(61) < 0 onO; N OS; thusé, is auniquepoint
whereh?(6y) = 0 on O;.

Uniquenesganbe shovn usinganinductive agument.
Assumethat thereis a unique point §, < «'/3" on O
whereh} (6y) = 0. Also assumgd?hi/d03) < 0 on O;
andhi(f1) < 0 onO; N O¢. Along with the continuity of
ht, the previousresultimpliesthefollowing:

, >0 0, < 6
hi(01)¢ =0 01 =0y (28)
<0 01 > 6q

Rewriting equation(23), we have hi™ = h} + g;11.
Therearetwo casedo consider:
Casel. If (a't1/p*1) < 6y, thenequation(28)is satisfied
for h'*! because;.1(01) = 0 for 0, > 0y > (a'+1/3+1)
andg;1(6;) > 0for 6; < (a'*!/Bi*1). Thus,thereis a
uniquepointd, whereh'"*(6;) = 0 on O;.
Case 2. If 6y < (o)) < (a'/B"), then
R (13141 = hi(oit!/B1HY) < 0 by equation(28).
We alsoknow i (0%) > 0, becausehi™(0) = 0 and
(OB /001)|g,—o+ =i > 0. Since(d%h}"'/06?) < 0 on
0O,+1, we canapply Lemmal andarrive at the resultthat
thereis a uniquepoint 6, on O; 1 wherehi*1(dy) = 0.
But sinceg;1(61) = 0 for 6; > (a'™t/3"1), we have
thaton O; N 041, KT (01) = hi(01) < 0. Thus,we have
auniquepointf, whereh:*(6y) = 0 on O;. &

6 Simulation and Results

In this section,we definean algorithmthatimplements
theresource-allocatiopolicy from Section4 and describe
a simulationof thepolicy.

A hostacceptdid functionsfrom all agentspresentary
time an agentarrivesto or departsfrom the site. Agents
express bids through three coeficients definedin equa-
tions (12-14). The host takesall bids to form the bid-
responséunction, g(#), andusesa bisectionsearcho find
thebiddinglevel = ¢(#). Algorithm 1 sketcheghis oper
ation.

We baseour simulationon the Swarmsimulationsys-
tem[13]. In the simulation,thereare 100 hosts,eachpro-
videsoneof eightcomputationakervicesandthe capacity
is determinedrom a truncatedGaussiarrandomvariable.
Thehostscomprisea stochasticallygenerateshetworkgen-
eratedfrom the GT-ITM packag€g6]. In GT-ITM, a net-
work is built from a hierarchicalsystemof transitdomains
connectingstub domains. The userspecifiesthe number
andaveragesizeof domainsn nodes(hosts)aswell asthe
probabilitythatnodesareconnectedvithin thedomain.

Agentsare createdat a Poissonarrival rate. Their start
locationis determinediniformly andthey have anexponen-
tially distributednumberof jobsin theiritinerary. Eachjob



Algorithm 1 Al | ocat e Resources for Host &k

1: whiletruedo
2:  t:=timesincelastarrival/departure
for all agents do
deducttg; (¢) from agenti’sendavment
end for
addnew agentor remove departingagent
for all agents do
queryagent: for «, 3, and~ (equationg12-14))
to build ¢;(0)
9:  end for
10:  searcHor § = SV | g:(6) in (0, max; (/)
11:  for all agentsi do
12: v}, := cgi(0)/0
13:  end for
14: end while

N9 A®

sizeis chosenfrom an exponentialdistribution. The final
parametedescribingan agentis its endavmentsizerela-
tive to the sumof its job sizes.We generatehis parameter
from a truncatedGaussiarrandomvariable with positive
mean.This parametereflectsthe owning users preference
thatthe taskcompletegjuickly.

Oncean agentis injectedinto the network, it mustfor-
mulatea route. It chooses routeincrementally choosing
ahostfor eachtaskaftercompletingthe previoustask. For
the purposeof expenditureplanning, however, for all but
thenext immediatehostchoice,agentglanto visit hostsof
averagecapacityc,, and averagecongestioryy, for hosts
offering the correspondingervice.Agentsthenchoosehe
next site to be the one that minimizesthe sum of execu-
tion times, assumingno changein bidding level 6, ¢, and
networktransfertimesfor the next hop. Thus,our routing
algorithmis greedyand naive. We sketchits operationin
Algorithm 2.

Algorithm 2 Choose Next Site for Agent i

1: tmin = 00; nextHost := ()

2: for all hostsk offering servicenext in itinerarydo

3 t := [JtransferlLatency: k from

currentHost] + cpg(0,") /(0" + (0, "))

4. if tyn >t then
5: tmin = tr; nextHost :=k
6: endif
7
8

: end for
: returnnextHost

Onceanagenjumpsto asite,it commitsto finishingthe
currenttask at that site. To completethe currenttask,the
agentsubmitsa bidding function conformingto therestric-
tionsin Section5. Wheneer an agentarrivesor leaves a
host,the hostsearche$or anequilibriumcongestiong.

Figure 4. A screen shot of the simulator .

To testthe effectivenessof our resourceallocationpol-
icy, we comparethe endavmentof agentswith their per
formance. Oncethe network hasreacheda steadystate,
we designateseven percentof the agentsinjected into
the systemas test agents. Our test agentshave identical
itinerariesandstartinghosts but they have differingendav-
mentsizes spanningwo standardleviations, , aroundthe
meanendavment, . We thenmeasurahe performanceof
agentzomparedvith theperformancehatthey wouldhave
achieved in a networkwith zerocongestion.We compute
this idealized measuremenlby computinga shortestpath
throughthe network wherethe distancebetweenary two
hostsis the sumof the networktransfertimesandthetime
an agentwould taketo completea job at the hostwithout
ary competitiongy/ cx.

Figure 5 shaws a plot of agentendavmentversusper
formancerelative to the ideal. The figure plots the mean
performanceof mary agentsat variousendavmentlevels,
aswell asthe standarddeviations. Thereis a very strong
relationshipbetweenspendingand the speedat which an
agentcompletests itinerary. We shov a 2 linearfit of the
performanceneango indicatethe strengthof the relation-
ship.

7 Discussion and Future Work

We have presentech simple resource-allocatiomolicy
andan efficient meansfor agentsto plantheir expenditure
giventhepolicy andperfectinformation.Becauseagentse-
formulatetheirexpenditureplansaftercompletingeveryjob
in theiritineraryandthe bidding stratgiespresere agents’
budget constraints theoreticallyagentswill alwayscom-
plete their itineraries. In the implementationof our sim-
ulator, however, we usediscretetime units and round up
when assessin@gents’coststo the host, so occasionally
agentscannotcompletetheir itineraries.This occurrences
lessfrequentwith finer time-unitgranularity Furtheragent
failuresoccurwhenagentswith small endavmentscannot
completeaheiritinerariesbecauséigherpriority congestion
never subsides.
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Ourplanningalgorithmsrely onexactly knowing agents’
job sizes. This assumptioris reasonabldor certainappli-
cationdomains. However, we would like to relax this re-
guirementin our future work by exploring otherstratgies
whereagentdadprobabilitydistributionsfor theirjob sizes
insteadof fixed scalarvalues.

In constructingour expenditureplanningalgorithm,we
assumedhat agentshave alreadychosena routeto com-
pletetheir itineraries. In theimplementationhowever, we
canonly estimatethe future capacityof hostsbasedupon
aggregatehoststatisticsandwe chooseagents’routesin a
greedyfashion. This techniqueappeargo work well for
a simple networktopology but would fall shortin a more
comple network,suchasa wirelessnetworkwherehosts
move abouttheirervironments.Thus,anothetareaof future
researchis to investigatebetterways of calculateagents’
routes.

Finally, marketsystemsrequirethat agentshave infor-
mationfrom which to makedecisions.Our future research
will attemptto evaluateboth the costof distributing infor-
mation,suchassite congestionaswell asthe costof agents
usinginaccurateor datedinformation.

8 Reated Work

Our earlierwork in this areaadopteda curreny 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 Weinvestigatedhederivationof the
equilibrium pricing schemen a singlesellermarketwith a
numberof buyers,having a Cobb-Douglasype utility func-
tion [4]. In morerecentwork, we determinepricesin amar

ket structurein which the senersprovide a price curve for
the resourceghatthey sell, andwe obtainthe equilibrium
priceastheresultof a utility maximizationproblem[15].

We are not the first to researchthe possibility of using
market-basedontrol for mobile-agensystems.Telescript
supporteda systemwhere agentscarried permits whose
strengthdiminishedover times and asthey moved around
the network[18]. Theweakeningof permitsapproximates
currengy exchange.The Gen&a Messengersnobile-agent
systemincludes supportfor agentsto buy CPU priority,
memory and networkaccesq17]. Neither system,how-
ever, exploreshow agentsshouldplanin market-baseén-
vironments.

POPCORNis a market-basedystemwhere userssub-
mit Java programdo a centralizedsener that contractshe
programs’executionsout to seners[16]. Userprogramsn
POPCORNhowever, arenot autonomouslynobile anddo
notrelocateonceassignedo a sener.

Modeling telecommunicatiometwork problemsas dy-
namic gameshas producedNash equilibria solutionsin
mary settingssuchas capacityallocationin routing [10],
congestiorcontrolin productform networkg11], flow con-
trol in Markovianqueuingnetworkd 7], andcombinedout-
ing andflow control [1]. Incorporatingelectronicmarket
conceptssuchaspricing congestiblenetworkresource$as
beenshavnto encouragefficiengy [14]. Networkresource
allocationwhereuserswerechagedper unit time hasalso
beeninvestigatedindervariouscriteriaof fairnesq8, 9.

9 Conclusion

We presente simplemeansf resourcellocationthat
prioritizes agentsthrough a single parameterendavment
size.To utilize themechanismyve derivedabidding policy
that minimizesan agents executiontime for an itinerary,
while preservinga fixedbudgetconstraint Furthermorewe
proved that the useof our optimal bidding stratey results
in a uniguecomputableNashequilibrium. We simulateda
networkof mobile agentsaandtheir hostsusingour bidding
stratgy andresource-allocatiopolicy to shav thatagents
areprioritizedby their endavments.

Appendix  Proof of Concavity of

For the variablesa?, 5¢,+" definedin equations(12-4)
we drop the superscript@andconsiderthe bidding function
of only singleagent.Let (z) beafunctiondefinedas:

(r) = —2® + /24 — = + ax? (29)

wherez € (0,a) and = (492/0).
Then,g1(01) = 525 (o — B6,) for 6, € O, and

2+2



821/001 = (8% /27°)(9* [ 0a?). (30)
To prove the concaity of g; on Oy, it suficesto shav

that(9? /0x?) < 0forx € (0, ). We have

& [on* = (2 (x) (#)7/4 ()7) (3D)

where (z) =2* — 2 + ax?. Since (z) > 0forx €
(0, ), it is sufficient to shaw

o) =2 (2) (1)~ (2)?—

After substitutingfor (z) andsimplifying, we get

(r)7 <0.  (32)

—da 2z + 120 2+ Zt4+ 2z
12z — (2*— z + aa?)z

U( 7I) =

(33)

We notethatv (0, ) = 0 Vz. Takingthe partial deriva-
tiveof v(z) w.rt. , weget

5 omle—ol @ 1@ =20z g,
Wx) = aT+ aa—a) - a?

hencedv/0 is negativefor z € (0,«) and > 0.

v(,z) < Oforall > 0forz € (0,«), whichimplies
(0% /02?) < 0for x € (0, ), andthus(9%g1/962) < 0
onOs.
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