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Abstract

In thecontext of businessto business(B2B) commerce,bilateraltradingon productsor serviceswould involve

multiple attributes. The negotiatingagentsin the marketplacehave conflicting interestsandalwaysact selfishlyto

maximizetheirown gains.An arbiteragentby knowing theinterestof theseagentscouldresolvetheconflictsbetween

them.Thatis thearbiteragentcouldensurefairnessamongtheseagentsby recommendingbidsthatwouldmakenone

worseoff thantheother. This objective of thearbiteragent,is modelledasa max-minoptimizationproblemandwe

prove that this problemis NP-hard. We proposea heuristicbasedon simulatedannealingto solve this optimization

problemandvalidateourclaimsthatthis heuristicbehaveswell in practiceby anelaboratesetof simulations.

Index Terms

Bilateral trading,agentbasednegotiation,arbitration,bid recommendation,algorithmichardness,andsimulated

annealing.

I . INTRODUCTION

TRADING mechanismsamongbusinessescould be broadlyclassifiedas,(i) negotiation- in which

a buyer (or supplier)initiatesthenegotiationon a productor serviceandthesuppliers(or buyers)

wouldnegotiatewith thebuyer(or supplier)till it endsup in adeal,(ii) auctions- in which thesupplierputs

a productin auctionandmultiple buyersbid on it till a dealis made,(iii) reverseauctions- in which buyer

announcestheauctionandsupplierssubmittheir bids till thebuyerchoosesthesupplier(s)from whomthe

goodswouldbeprocured(or anagreementis signedin thecaseof services),(iv) doubleauctions- in which

buyersandsuppliersposttheirbidsandoffersin amarketplace(atradingexchange)andtransactionshappen
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whenever they overlap.In businessto business(B2B) trading,exchangeof goodsor services,by any of the

tradingmechanisms,involvemultiple attributessuchasquantity, price,delivery time andsoon. Therefore,

in suchexchangesthetradingpartieswouldhaveconflictinginterests,for example,thebuyersalwaystrying

to procuregoodsin largequantitieswithin shortperiodof time for low pricesandsupplierscommittingto

deliver only a partial amountof the quantity requestedwithin the specifiedperiodand for higherprices.

Hence,therole of anarbitratorbecomesof paramountimportancein suchscenariosfor resolvingthecon-

flicts thatwould arisein suchtrades.Arbitrator basedtradinghadbeenstudiedin [2], [7], [8], [11], [14],

[15], [16], [17], [18] and[19]. Exchangemechanismswhicharereliableandfair, to matchthetradingparties

andmediateon their conflictinginterestshadbeenstudiedin [18] and[19].

To ensurefairnessin atwo-partytrading,in thispaper, weproposeamax-minoptimizationmodelto recom-

mendParetooptimalbids(bidsthatwould make noneof theparticipatingagentsworseoff thantheother).

As themax-minoptimizationproblemis algorithmicallyhard,weproposeaheuristicto solve this problem.

Theproposedheuristicis basedonsimulatedannealing,whichwasintroducedin [10]. Simulatedannealing

is a heuristictechniquethathasattractedsignificantattentionfor solvingalgorithmicallyhardoptimization

problems[1][9][13]. The methodof simulatedannealingis an analogywith thermodynamics,specifically

with thewaythatliquidsfreezeandcrystallize,or metalscoolandanneal.Theessenceof theprocesslieson

how the liquid or metalunderconsiderationis cooled.In thesameway, thesimulatedannealingalgorithm

dependsvery muchon the cooling schedule[4].Consideringalgorithmsfor minimizationproblems,rapid

coolingor quenching(that is by takingrapiddownhill movesin thesearchspace)maygreedilyconvergeto

a local minimum,but not necessarilya globalminimum. Traversingthesearchspacereasonablyslower by

exploring theuphill movestoo,wouldconvergeto aglobalminimumquickly.

The restof the paperis organizedasfollows. In SectionII, finding a possibledealbetweena buyer and

asupplierwhich wouldminimizetheir conflictsandwouldbeof highutility to bothof them,in a two-party
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multiple issuearbitration,is modelledasa max-minoptimizationproblem. This optimizationproblemis

provedto beNP-hard,in SectionIII. In SectionIV, we proposea heuristicbasedon simulatedannealingto

solve this problem. We validateour claim that this heuristicis applicablein practicethroughan elaborate

setof experimentsin SectionV. Finally, weconcludein SectionVI.

I I . PROBLEM DEFINITION AND MODELLING

Multi-attributeutility theoryarchitecturefor two-partynegotiationwithout involving any mediatorhadbeen

studiedin [3]. In this work, we studytwo-partymulti-attributenegotiationin the presenceof an interme-

diary. Thebuyerandthesupplieragentsexpresstheir utilities on all theattributes(andfor differentvalues

of theseattributes)to the arbiter(the mediator).The objective of thearbiteris to proposea dealwhich is

fair - balancethegainsof boththeparties,andof high utility to bothof them. Thearbitrator' s objective is

modelledasanoptimizationproblem,in this section.

In this paper, we restricttheproblemto theutility functionsof thefollowing type.Let (*),+-(/.0+1(324+050505,+1(36
bethenon-discreteattributesand (3687�)9+1(3687#.:+05:505:+1(<; bethediscreteattributes,onwhich theusersspecify

their utilities. Let the attributevaluesfor the =?>A@ non-discreteattributebe in oneof thesedisjoint intervals

B�CED + B�CAF +050505�+ B�CHGJILKJM (that is the attribute valuespecifiedon ( C is a numberin oneof thesedisjoint intervals).

It is assumedthat the buyer andthe supplierwould specifyconstantutilities over eachinterval
B�CON

, where

PRQTSUQWV	X =ZY and = is theindex correspondingto thenon-discreteattribute ( C .

Theproblemof proposinga bid which is fair andof high utility to thetradingpartiesin a two-partymulti-

issuetradecould be modelledas the following optimizationproblem,which is referredas the Max-Min

Utility OptimizationProblem(MMUOP).

MMUOP : Let [ \ []) X [^. X 50505X [^6 , that is the Cartesianproductof the sets []),+9[^.0+:50505:+8[^6 , where

[ C \�_ B,CED + B�CAF +:50505,+ B�C`GJIOKJMba if theattributecorrespondingto theindex = is a non-discreteattributeand [ C is the

collectionof all possiblevaluesof ( C if it is adiscreteattribute.Let thebuyerandthesupplierspecifyutilities



4

for all c C-d [ C , where
PRQ = Qfe

. Theobjectiveis gihjc$k0l4mngo=qp]_sr X c�Y9+ut X c�Y a , wherethetotalutility functions

r X c�Y and t X c�Y arethesum(or weightedsum)of theutilities specifiedon c C]d [ C , if ci\ X cv),+uc�.4+0505:5:+uc�6:Y .
The objective function of the above model is motivatedby the fairnessfunction (which is alsocalledas

Rawlsianfunction)usedin socialeconomics[12]. Intuitively, themodelMMUOP maximizesthetotal util-

ity of theworstoff individual, amongthebuyerandthesupplier, evaluatedat eachpoint of thebargaining

region. Theoptimumsolutionof MMUOP is a Paretooptimumsolution,asit dominatesall othersolutions

over the region.1 In the model,the motivation for consideringthe fairnessfunction,maximisingthe min-

imum utility of the worst off individual, ascomparedto other fairnessfunctionssuchas,maximisingthe

sumof utilities or minimisingaverageutility of boththeindividuals,is that theformerhastheegalitarian2

property, whereas,thelatterhastheutilitarian3 property[12].

A solution c (which is alsoa feasiblesolution)of MMUOP is a k-tuple,
X cv)9+uc�.4+:50505:+�c�64Y where c C�d [ C .

A neighborof a solution cw\ X cv),+uc�.4+050505,+uc�60Y of MMUOP is anothersolution x�\ X xn)9+yxs.0+050505,+yxs60Y of

MMUOP, where c C \zx C , exceptfor an { where
P|Q { Qze

(refer to figure 1). For example,considera

productor servicewith two attributes(R) and (3. . Let theattributes(*) and (/. takeattributevalues}~)9+y}�.4+y}�2
and �/)9+y��.0+y��2 , respectively. That is, [�\�[]) X [^. , where [])�\�_�}~)9+y}�.0+y}�2 a and [^.3\�_��/)9+y��.0+y��2 a . For the

solution
X }~)9+y�/)�Y , its neighborsare

X }~)9+y��.9Y , X }~)9+y��29Y , X }�.0+y�/)�Y and
X }�20+y�/)	Y .

I I I . ALGORITHMIC COMPLEXITY OF THE PROBLEM

In this section,we prove thattheproblemof obtaininga solutionwhich would beof high utility to boththe

buyerandthesupplierusingthemax-minmetricis NP-hard.

D
A socialoptimaleconomicoutcomein acompetitivemarketplaceis calledaParetooptimaloutcomeif it is impossibleto make someplayers

betteroff without makingsomeotherindividualsworseoff [12]. ThesamedefinitionapplieshereastheMMUOP modelis a socialeconomic

modelfor a competitive market.F
A socialwelfarefunctionis egalitarianif its aim is to distributethegainsequallybetweenthetradingparties.�
A socialwelfarefunction is utilitarian if increaseor decreasein individual utilities translateinto identicalchangesin socialutility. So, the

functionremainsneutraltowardsmakingnoneworseoff thantheother.
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Theorem : MMUOP is NP-hard.

Proof : Weighted-Set-Partition (WSP)problemis known to beNP-Complete[6]. To prove thetheorem,

we reduceaninstanceof WSPto aninstanceof MMUOP. TheWSPproblemis thefollowing.

InstanceI : A set [�\�_s�s),+9�0.0+:50505,+9�:; a andweights� C attachedwith each� C for all
P�Q = Q p .

QuestionQ : Is thereapartitionof [ into sets( and [���( suchthat �i� K l0� � C \���� K l0mj��� � C ?

For aninstance
B

of WSP, considerthefollowing instance
B ' of MMUOP.

InstanceI ' : For an instance
B

of WSP, let the indices = of � C correspondto the indices = of ( C , where

( C s aretheattributesover which thebuyerandthesupplierspecifytheir utilities. Let theutility valuesbe

specifiedover theintervals
B,CED

and
B,CAF

, if the =?>A@ attribute is a continuousattribute(that is thebuyerandthe

supplierspecifyconstantutilities over the intervals
B�CED

and
B�CAF

) andtheutility valuesbe specifiedover the

attributevalues} CED and } CAF , otherwise.Thespecifiedutility valuesof
B�CED

and
B,CAF

(similarly, theutility values

of } CED and } CAF ) beeither � or � C where � C is theweightof � C for theinstance
B

of WSP. Furthermore,let the

specifiedutilities besuchthatif thebuyerhasset � C thenthesupplierhasset0 andviceversa.

Output : An elementc of [ suchthat c is anoptimalsolution,thatis go=qp]_sr X c�Y9+ut X c�Y a \
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gihjc$k0l4m~go=qp]_sr X c�Y9+ut X c�Y a , where [�\�[])���[^.u��50505	��[�; suchthat [ C \�_ B�C D + B�C F a , if = is an index corre-

spondingto acontinuousattributeand [ C \�_�} CED +u} CAF9a , otherwise.

We note that the questionQ for an instanceI of WSP can be answeredyes (or no), if and only if, for

the instanceI ' of MMUOP which correspondsto the instanceI of WSP, theoutput c satisfies(or doesnot

satisfy) r X c�Y�\Wt X c�Y andviceversa.ThisprovesthatMMUOP is NP-hard.

The following theoremstatesthat there is no non-exhaustive deterministicalgorithm to solve MMUOP

efficiently.

Theorem : Therunningtime complexity of every non-exhausitivedeterministicalgorithmfor MMUOP

is asworseasthatof theexhaustivealgorithm.

Proof : In [5], it hasbeenprovedthat the runningtime of every non-exhaustive algorithmto solve the

following problemin databasetheoryis approximatelyequalto therunningtimeof its exhaustivealgorithm.

Database Problem : A databaseobjecthasgradesassociatedwith eachof its m attributes.Theprob-

lem is to find the top k objectswhoseoverall score(which is obtainedby combiningthe attribute grades

usingfixed monotoneaggregationfunction4 or combiningrule, suchasmin or average)ishigherthanthe

otherobjectsin thedatabase.

It caneasilyseenthatMMUOP is reducibleto theaboveproblemasits objective functionis monotonic.

Basedon theabove theorem,in our simulationstudy, we comparedtheprobabilisticalgorithmof MMUOP

proposedin this paperonly with theexhausitivealgorithm.�
An aggregationfunctionf is monotonicif ���`  D�¡   F	¡q¢Z¢�¢�¡  4£^¤¦¥§���` :¨ D ¡  0¨F ¡�¢q¢�¢Z¡  0¨£ ¤ whenever   K ¥* 0¨K for all © .



7

IV. HEURISTIC

Theproblemof obtaininga bid which would maximizetheminimumutility of boththebuyerandthesup-

plier whenbothof themspecifyutilities over individualattributesis provedto beanNP-hardproblemin the

previoussection.In this section,we proposea heuristicbasedon simulatedannealing. Thetermsimulated

annealingderivesfrom aroughlyanalogousphysicalprocessof heatingandthen,slowly coolingasubstance

to obtainastrongcrystallinestructure.In simulatedannealing, aminimumof thecostfunction(thefunction

thatis consideredfor optimization)correspondsto agroundstateof thesubstance.Thesimulatedannealing

processlowersthetemperatureby slow stagesuntil thesystemfreezesandnofurtherchangesoccur. At each

temperature,the processmustproceedlong enoughfor the systemto reacha steadystateor equilibrium.

This is known asthermalization. Thetimerequiredfor thermalizationis theDe-correlationtime; correlated

micro-statesareeliminated.Thesequenceof temperaturesandthenumberof iterationsappliedto thermalize

thesystemat eachtemperaturecompriseanannealingschedule.To applysimulatedannealing,thesystem

is initialized with a particularconfiguration.A new configurationis constructedby imposinga randomdis-

placement.If the energy of this new stateis lower thanthat of the previous one, the changeis accepted

unconditionallyandthesystemis updated.If theenergy is greater, thenew configurationis acceptedprob-

abilistically. This is thefundamentalprocedureof simulatedannealing. Thefundamentalprocedureallows

thesystemto move consistentlytowardslower energy states,yet still comeout of local minimadueto the

probabilisticacceptanceof someupwardmoves. If thetemperatureis decreasedlogarithmically, simulated

annealingguaranteesa bettersolutionthanin thecasewhenthetemperatureis decreasedexponentially. On

theotherhand,thesystemconvergesto asolutionmuchfasterwhenthetemperaturescheduleis exponential

thanwhenit is logarithmic. Hence,thereis a trade-off betweenthe time of convergenceto a solutionand

theoptimalityof thesolution.

The following heuristic outputsan optimal (or a nearly optimal) solution to the optimization problem

MMUOP.
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The above heuristicproceedsasfollows. First, an initial solution
B p^=«ª�[�¬ V p is chosenrandomlyfrom the

�®0¯°y±³²	´u±¶µ¸·

1) Initialize thetemperature,¹ .

2) Selecttheinitial solution, º�»~¼¾½«¿$À8ÁA» , at random.

3) Setcurrentsolution, Â-ÃsÄyÄ9¿$À8ÁA»*Åiº,»~¼¾½«¿$À8Á¶» and ÆÈÇ8É	½«¿�À8ÁA»!Åiº,»~¼¾½«¿$À8Á¶» .

4) RepeatstepsÊ-ËÍÌyÊ until ¹]ÇuÄyÎ3¼¾»nÏ:½ÐÇyÑRÇuÃsÄy¼ÐÉ�½Ò¼¾Ó^Å ½ÒÄyÃjÇ .
5) Set ¹]ÇuÎÈÔj¿$À8ÁA» asa randomneighborof CurrSoln.

6) If utility valueof ¹]ÇuÎÕÔ�¿$À8Á¶»�Ö utility valueof Â-Ã�ÄuÄ9¿$À8Á¶» thengotostep × elsegotostep ÌuØ .
7) Set Â-ÃsÄyÄ9¿$À8ÁA»*Åo¹]ÇuÎÈÔj¿$À8ÁA» .

8) If utility valueof Â-Ã�ÄuÄ9¿$À8Á¶»�Ö utility valueof ÆÙÇ8É�½«¿$À8ÁA» thengotostepÚ elsegotostep Ì	Û .
9) Set ÆÙÇ8É�½«¿$À8ÁA»�ÅÜÂ-Ã�ÄyÄ8¿�À8ÁA» andgotostep Ì	Û .

10) Generatea randomnumberÝ-Ï:»nÞ:ß�Ã�Î , suchthat

ØÕàáÝ1Ï:»nÞ:ß�ÃsÎâàãÌ .
11) Set ä�¼Ðå~å3Å utility valueof ¹]ÇuÎÈÔj¿$À8ÁA»$Ë utility value

of Â-Ã�ÄuÄ9¿$À8Á¶» .

12) If Ý1Ï:»nÞ:ß�ÃsÎâæçÇ~è�éHê?êë thengotostep Ìuì elsegoto

step Ì	Û .
13) Set Â-ÃsÄyÄ9¿$À8ÁA»*Åo¹]ÇuÎÈÔj¿$À8ÁA» .

14) Resetthetemperature,¹ .

15) Set ¹]ÇuÄuÎ/¼¾»nÏ:½ÐÇuÑ*Ç�Ã�Äy¼ÐÉ	½Ò¼ÒÓ�Åi¹�ÄyÃjÇ , if terminating

conditionis reached.

setof all solutionsof MMUOP. The temperatureT, is initialized to a constantvalue,for thefirst iteration.

Dependingon thecoolingschedulechosen,for thesubsequentiterationsT is definedasfollows,

í linear: î X =ZY�\ðïC ,
í exponential: î X =�Y�\�ñÙò�h C ,
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í logarithmic: î X =�Y�\ ïó ;�ô C 7#õuö ,
wherea, b areconstants,and = is the iterationindex. At every iteration,CurrSolnis thesolutionto beex-

aminedin that iterationandBestSolnis thebestsolutionencounteredtill that iteration. In an iteration,the

heuristicrandomlychoosesa neighborof CurrSoln,which is referredasTempSoln,andmovesdeterminis-

tically or probabilisticallyto TempSolndependingon whetherthemove improvesor worsenstheobjective.

Finally, the heuristicterminateswhenit reachesa terminatingcondition,suchasthe numberof iterations

hasexceededacertainthreshold,or therunningtimesetfor thealgorithmis reached,etc.

Recommending multiple bids : Multiple Pareto(nearly-Pareto)optimalbidscanbeobtainedby

runningtheheuristicmultiple times.TheseParetooptimalbidscouldberecommendedby thearbiteragent

to thetradingagentsfor furthernegotiation.

V. EXPERIMENTAL RESULTS

A. Simulationstudy

We experimentedtheheuristicfor solvingMMUOP, proposedin SectionIV, on variouscoolingschedules-

linear, exponentialandlogarithmic.Furthermore,theexperimentsweredonefor variousutility distributions

- random,decay, normalandskewed-normal.In ourexperiments,for eachattribute (36 , wefixedthenumber

of subintervalsfor which theindividualutilities arespecified,to be10. So,if thereare g attributesthesize

of thesolutionspacewouldbe
P �s÷ .

B. EmpiricalBenchmarking

In thissection,wepresenttheresultsobtainedafterexperimentsonvariousutility distributions.Foreachutil-

ity distribution thebehaviour of theheuristicwith respectto thecoolingschedules- linear, exponentialand

logarithmic,arecompared.In thecaseof utility distributions- decay, normalandskewed-normal,for each

attribute (/6 , the utility valuefor the sub-interval indexed ø , is assignedaccordingto the function ù�r�6 X ø-Y ,
where � )«úû�ü ) ù�r�6 X ø1Y�\ P

, and ù�r�6 X ø1Y is a decay, normalor skewed-normaldistribution,asthecasemaybe.
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The heuristicwasrun on ýs� sampleswith respectto eachutility distribution. On eachsamplethe heuris-

tic wasrun 100 times. For eachrun, the simulatedannealingstepswereiteratedtill it reachedthe global

optimum(that is thesolutionobtainedby exhaustivesearch).Thetime ratio (ExhaustiveSearch/Simulated

Annealing)in all the plots is averagedover theseruns. In all the plots, asthe time ratio is plotted in ex-

ponentialscale,we notethat the behaviour of the proposedheuristicfor small numberof attributesis not

visible. However, for thesecases,weobservedin ourexperiments,thattheheuristicconvergedto theglobal

optimumin muchlessertime thantheexhaustivesearch.

Randomdistribution :

For everyattribute (/6 , the
P � differentsub-intervalsareassignedrandomutilities between� and

P
, for both

the parties(the buyer andthe supplier). The resultsof the experimentsareshown in Figure2 andFigure

3. Theexperimentsshow thatasthenumberof attributesincreasethe time ratio of exhaustive searchver-

sussimulatedannealingincreasesrapidly. It canbe seenfrom Figure3 that the time ratio (Time takenby

Exhaustive search/Time takenby SimulatedAnnealing)increasesexponentially(linearly in the log scale).

Figure2 shows that the proposedheuristicis very muchahead,in termsof time, comparedto exhaustive

searchfor morethan þ attributes. In this case,all the cooling schedulesperformalmostequally. Among

them,logarithmicscheduleperformsbetterthantheothertwo.

Decaydistribution( r�6 X ø1Y�\�ÿ � û ) :

Theutility valuesfor oneparty(buyeror supplier)is assignedasfollows. For everyattribute (/6 , theutility

valuesfor thesub-intervalsareassignedaccordingto the function r�6 X ø-Y�\�ÿ � û , where
PiQ ø Q P � . The

fact that thebuyerandthesupplierwould have complementaryutilities imply that theutility valuesof the

otherpartyareassignedaccordingto thefunction
P � r�6 X ø-Y . Theobtainedresultsareshown in Fig. 4 and

Fig. 5. The exponentialcooling-scheduleperformsfar betterthanthe othertwo cooling schedulesin this
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case(we referto Fig. 4). Theexponentialincreaseof thetime ratio with thenumberof attributesis shown

in Fig. 5.
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Normaldistribution( r�6 X ø1Y�\�ÿ �$ô û ���bö
F
) :

As in thecaseof decaydistribution, for oneof theparties(buyeror supplier),utilities areassignedusinga

normaldistribution,andtheotheris assignedutilities basedon its complementarydistribution. That is, for

thebuyer(or thesupplier),theutility valuesfor thesub-intervalsof eachattribute (36 areassignedaccording
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to the function r�6 X ø1Y*\ ÿ �$ô û ���bö
F
, where

P¸Q ø Q P � . For the otherparty it is assignedaccordingto the

function
P �ãr�6 X ø1Y . Assigningutilities basedonthenormaldistributionwith meaný would imply at interval

ý theutility is high andutilities decreasesymmetricallyfor the intervals to the left andright of interval ý .
The resultsof this caseareshown in Figure6 andFigure7. As shown by theseresults,the exponential

coolingscheduleis thebestin termsof timeof convergence(wereferto Fig. 6). However, it is interestingto

notethatall thethreecoolingschedulesarenotvery farapartin termsof theirperformance.Figure7 shows

theexponentialincreaseof time ratio with thenumberof attributes,for this case.
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Skewed-normaldistribution( r�6 X ø-Y�\ V ¬�t X ø1Y�ÿ �$ô û ���bö
F
):

Similarto thelasttwo cases,oneof theparties(buyeror supplier)is assignedutilities usingaskewed-normal

distribution,andtheotherits complement.More precisely, for thebuyer(or thesupplier),theutility values

for the sub-intervals of eachattribute (/6 areassignedusingthe function r�6 X ø-Y \ V ¬�t X ø1Y�ÿ �$ô û ���bö
F
, where

PiQ ø Q P � . Theotherparty is assignedutilities usingthe function
P �Wr�6 X ø1Y . Eventhough,thehighest

utility valueis assignedat interval ý in boththenormalandtheskewed-normalcase,bothof themdiffer in
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termsof symmetry. That is in theskewed-normalcasetoo,utilities decreasefor theintervalsto theleft and

right of interval ý , but unsymmetrically. As is evident from the results(we refer to 8), the linear cooling

scheduleperformsnearlyasgoodasthe exponentialcooling schedule.The logarithmicscheduleis very

muchbehindthe exponentialandlinear. But, on the whole all thesecooling-schedulesperformbadly on

the solutionspacegeneratedin this casecomparedto the solutionspacegeneratedin othercases,that is,

random,decayandnormal.For this case,theexponentialincreaseof time ratio asthenumberof attributes

increaseis shown by Figure9.

C. Discussion

The crucial point to note in all our simulationresultsis that the proposedheuristic,which is basedon

simulatedannealing,gave similar resultsas the exhaustive searchin much lessertime. The resultshold

even if the numberof intervals with respectto eachattribute increase.In general,the time ratio, exhaus-

tive search/simulatedannealing,grows exponentiallyasthe numberof attributesor the numberof ranges

increase.Therefore,in negotiationswhich involve many attributesor attributeswith multiple ranges,the

proposedheuristicis highly recommended.
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It is quiteintuitiveto expectthatthebehaviour of theheuristicis notonly dependenton thecoolingschedule

chosen,but alsoon the natureof the solutionspacewhich is beingexplored. For instance,if the solution

spacebeingexploredis very smoothandhasvery few local optima,any fastconverging coolingschedule
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would convergeto anoptimalsolutionvery fast.On theotherhand,if thesolutionspacehasmany number

of localoptimathenafastconvergingcoolingschedulewill taketimeto convergeto aglobaloptimum,since

it would freezequickly to theselocal optimaandwould incur moretime to getoutof them.

Comparingthe cooling schedules- linear, exponentialandlogarithm,on which we have experimentedin

thispaper, theexponentialcoolingscheduleis thebestin termsof timeof convergenceto theglobaloptimal

solutionwhentherearevery few local optima. However, whenthesolutionspacehasmany local optima,

logarithmor linear schedulewould behave betteror atleastasgoodasthe exponentialschedule.Looking

closelyat the experimentsexactly this is what happens.In the caseof decaydistribution, the exponential

scheduleoutperformstheothertwo schedules,becausethereareveryfew localoptimain thesolutionspace.

Whereas,in thecaseof random,normalandskewed-normalatleastoneof thecoolingschedules,linearor

logarithmperformscloselyto theexponentialschedule,becausetherearemultiple local optimain thesolu-

tion spacefor thesecases.For therandomdistribution case,all thecoolingschedulesbehave equallywell,

becauseasaconsequenceof choosingtheutilities randomly, multiplehills andvalleysaregettingformedin

thesolutionspace.

VI. CONCLUSION

Electronicagentstradingin a marketplacewould have conflictinginterestsandalwaysactselfishlyto max-

imize their own gains. To resolve suchconflictsamongthe tradingagents,a trustedintermediarycould

interfereandproposebids thatareagreeableto all of them. In this paper, we have modelledthis problem

asa Max-Min Utility OptimizationProblem(MMUOP) for bilateraltrading. Recommendinga bid which

wouldbeagreeableandof highutility to boththetradingagentshadbeenprovedto bealgorithmicallyhard

in SectionIII. Therefore,weproposeanoptimizationheuristicbasedon themethodof simulatedannealing

to solve this problem.Furthermore,wevalidatethattheproposedheuristicbehaveswell in practicewith an

elaboratesetof experiments.In ourexperiments,we testedtheheuristiconvariousutility distributionswith
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differentcoolingschedules.Theheuristicis observedto behave well in all thesetestcases.Thesimulation

resultsrevealthattheheuristicgive thesimilar resultsastheexhaustivesearchin muchlessertime.
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