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Abstract

Decidingthewinnersin acombinatorialauctionwith multipleobjectives
is a notoriouslyharddecisionproblem. A supportsystemwhich would
assisttheauctioneerin makingsuchcomplex decisions,is ahighly desir-
abletool for herin thatscenario.Thiswork addressesthedesignof sucha
tool. Usingthedecisionsupportsystemtheauctioneercansetpreference
onthevariousobjectivesandevaluatethemultiplewinnersetscomputed
by thesystemto determinethewinnersetfor anauction.For computing
multiplewinnersetsthesystemusesanalgorithmbasedontheMetropo-
lis algorithm. Throughsimulationexperiments,the proposedsystemis
validatedto be, (i) consistent- the responseof the systemmatchesthe
preferencessetby theauctioneer, (ii) convergent- convergesto a setof
pareto-optimalsolution(winnerset)in a reasonableamountof time,and
(iii) robust - scalablefor largenumberof bids,biddersanditemsin the
auction.

1 Intr oduction

Electronicmarketplacesare becomingpopular, as they facilitate the businessesto trade
over a commonplatform usingmultitudeexchangemechanisms.The exchangeof items
usingauctionis gainingmomentumin thesemarketplaces,asthey enabletheparticipants
to discover thetruevaluesof the itemswhich areof interestto them. Combinatorialauc-
tions facilitatethe biddersto bid on combinationof multiple itemsby specifyinga value
for the combination. This mechanismallows the biddersto expresscomplementarities-
thebid for thecombinationof itemsis worth morethanthesumof theseparateitems,and�
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substitutabilities- the bid for the combinationis lessthanthe sumof the separateitems,
asopposedto othermulti-itemexchangemechanismslikesequentialauctionsandsimulta-
neousauctions.This providesa greatmotivationfor theresearchersto realizethis auction
typein practice[5][7][9] [13]. Theincreasedinterestin combinatorialauctionscouldalso
beaccreditedto thenaturaloccurrenceof thisauctiontypein governmentprivatizationand
rightsallocation(suchasFCCspectrumrightsauctions[2], frequency bandrights in geo-
graphicallyadjacentareas,etc. [12]), businessto business(B2B) auctionswherethevalues
of the itemsmayalsoturn out to bea functionof otheritemsobtaineddueto the internal
pricingmodelsof eachbusinessandin otherapplications[14].

The winner determinationof single objective combinatorialauctionshad beenstudied
extensively in the literature [1][2][9] [10][11][12][14][15][16]. In this work, we study
thewinnerdeterminationof multi-objectivecombinatorialauctionswhich hasn

�
t beenad-

dressedin the literatureasyet. More precisely, this work presentsa decisionsupportsys-
tem for the auctioneerto determinethe winner set. Using the systemthe auctioneercan
setpreferenceon the variousobjectivesandevaluatethe multiple winner setscomputed
by thesystemto determinethewinnersetfor anauction.For computingmultiple winner
setsthesystemusesanalgorithmbasedon theMetropolisalgorithm.Simulationstudyon
thebenchmarksof [3], revealthat thesystemis, (i) consistent- theresponseof thesystem
matchesthepreferencessetby theauctioneer, (ii) convergent- convergesto asetof pareto-
optimal solution (winner set) in a reasonableamountof time, and (iii) robust - scalable
for largenumberof bids, biddersanditemsin the auction. In this paper, eventhoughthe
proposedalgorithmis experimentedonly for linearcombinationof themultipleobjectives,
we notethat thealgorithmis applicableevenwhenthecombinationof theobjectivesis a
nonlinearfunction.

The paperis organizedasfollows. In Section2, we definethe problemandthenpresent
a supportsystemand an optimizationmodel for the same. An algorithm basedon the
Metropolisalgorithmis presentedin Section3. Simulationexperimentsvalidatingvarious
qualitativeparameters(consistency, convergenceandrobustness)of thesystemis presented
in Section4. We concludein Section5.

2 Problem definition and systemmodel

In this section,we definethewinnerdeterminationproblemof multi-objectivecombinato-
rial auctionsandthenpresentanoptimisationmodelanda decisionsupportsystemfor the
same.

For acombinatorialauctionthemulti-objectivewinnerdeterminationproblemis definedas
follows.Theauctioneerannouncesasetof itemsoncombinatorialauction.Thebiddersbid
on combinationof theseitemsquotinga singlebid valuefor thecombination.Themulti-
objective combinatorialauctionswinnerdeterminationproblemis to allocatethegoodsto
the biddersoptimisingmultiple objectivessuchasrevenue,profit, numberof biddersin
the winning set, etc., basedon the weightsassociatedby the systemto theseobjectives
accordingto thepreferencessetby theauctioneer.

In this paper, we considerthefollowing optimisationmodelfor our analysis.Consideran
auctionwith m items. Let

�����	�
��� � �� � ������������ � ������
� � �
, �������! , be the  bids of the

auction.Theterm
� �" � � , if the �$#&% bid bidsfor the '(#&% item and

� �" �*)
, otherwise.Let

� �
and+ � bethevalueandtheprofit1 correpondingto the �$#&% bid.

1Theprofit correspondingto thebid , , is definedas, -/.1032�.547698:<;>=(? :A@ .: where ? : is thecost
priceof item B .



The winner determinationproblemwith two objectives,namely, profit andrevenue,with
their respective weightsas C  and C � , could be modeledas the following optimisation
problem,

DFEHG �JIK�ML(NOC QPR �TS  + �UGV�VW C
�XPR �TS 

� �&GV� �
suchthat

�
PR �TS  �

�" G � �Q� for ' � � �ZY/��������� I � G � � � or
) �

for � � � �[Y\���������  
The processflow of the decisionsupportsystemis as follows . The auctioneersetsthe
preferencesto themultiple objectivesof a multi-objectivecombinatorialauction.Thesys-
temassociatesweightsto themultiple objectivesaccordingto theauctioneer

�
s preference,

fetchesthebidsof theauctionandmodelsthewinnerdeterminationproblemasdescribed
earlierin this section.After modeling,it computesoptimalor nearly-optimalwinnersets
usingthealgorithmwhich is to beproposedin Section4. Thesystemaftercomputingthe
winnersets,ranksandpresentsthemto theauctioneer. Thesystemranksthewinnersetsby
sortingthemin non-increasingorderof their objective value2. Thewinnersetspresented
to the auctioneerare feasiblesolutions3 which areparetooptimal4 or nearly-pareto5 op-
timal solutions.The nearly-paretooptimal (dominated)solutionscouldalsobe preferred
by theauctioneerif they have somenon-quantifiablepreferencesamongthebidders,such
as,bidderA couldbepreferredover bidderB becauseA is morereliableto B in termsof
deliveringtheitemswithin thespecifieddeadline.

3 The Algorithm

In thissection,wepresentanalgorithmfor thewinnerdeterminationproblemof acombina-
torial auctionwith multipleobjectives.Theproposedalgorithmis basedon theMetropolis
algorithm[4][6][8].

Themulti-objectivecombinatorialauctionwinnerdeterminationalgorithmproceedsasfol-
lows. Initially, the algorithmby randomsamplingchoosesa setof solutions

D
from the

solutionspace,] . On thesesampledsolutionsthealgorithmiteratesfor ^ steps.For every
iteration, the algorithmprobabilisticallydecideseitherto stayin the samestatethat it is
examining,or migrateto any of the neighborsof the examiningstate. After the T steps
thealgorithmoutputsa setof solutions,which arepareto-optimalor nearlypareto-optimal
solutionsfor theoptimisationproblem.

In the algorithm, the statespace(solutionspace),the neighborsof a state(solution),
G
,

and the transitionsaredefinedas follows. The statespace] �`_�G�a!_b) � �dc P c , is the
setof all allocations(feasibleand infeasible)of bids to the goods. For a solution

GF��UG  � G � �������A� G P � a ] , its neighborsare e �XG
and e �f�UG  �������A�dgGh� ��������� G P � a ] , where�i�3�j�* and

gGh�O�F)
or � , if

Gh�k� � or
)
, respectively. Transitionfrom a state

Gla ] to
its neighboringstatee a ] is definedas,

Transition A : with probability

�
stayin thesamestate

G
, thatis e �mG

; otherwise,
2Thesolutionswhich have sameobjective valuearesortedbasedon thepreferencesof theauc-

tioneer.
3A solutionto anoptimisationproblemis calleda feasiblesolutionif it satisfiesall theconstraints

of theproblem.
4In amulti-objectiveoptimizationproblem,afeasiblesolutionn is calledaparetooptimalsolution

if it dominatestheotherfeasiblesolutionsin at leastoneobjective (thatis optimalin termsof at least
oneobjective). Thesetof paretooptimalsolutionsis calledtheparetooptimalfrontier.

5Solutionsthatarecloseto theparetooptimalfrontier.



Transition B : with probabilityIo�J _ � � NqpdrtsAuMv5pdrtwbuMc , go to e�x�mG
.

In TransitionB, the function y �UG � is definedastheobjective valueof
G
, if

G
is a feasible

solution.If
G

is infeasible,it is definedastheobjectivevalueof
G �

, where
G �

is thefeasible
solutionoutputby thefollowing GreedyAlgorithm for theinput

G
.

Greedy Algorithm :

Input : An infeasibleallocation,
G
.

I. Initialise, thewinnerset, z �9{
.

II. Sort the bids of
G

in decreasing(or non-increasing)orderof their bid values.Let the
sortedlist be

G  � G � ��������� GV|
.

III. Traversethesortedlist from
G 

to
G5|

andinclude
Gh�

in thewinnerset,if all thegoods
requestedby thebid

G �
canbeallocatedto it. Mark theallocatedgoodsto

G �
so

thatthey can’t beallocatedto any otherbid.

IV.
G �

is setto W.

Output : Thesolution
G �

.

Thefollowing algorithmoutputsa setof pareto-optimalor nearlypareto-optimalsolutions
for thewinnerdeterminationproblem.

Multi-Objective Combinatorial Auction Winner Determination
Algorithm :

1. Fix thenumberof iterations,T, for simulation.

2. A setof M solutionsarechoosenat randomfrom the solutionspace] . Thesearethe
initial solutionsfor thesimulation.

3. With respectto eachof theM initial solutions,do Steps4 to 6.

4. Set
G

to betheinitial solution.

5. For eachof the T iterations,update
G

to the solutionobtainedby migratingfrom
G

to
oneof its neighbors,usingTransitionA or B.

6. At the endof T iterationsoutput,
G
, if

G
is feasible,otherwise,output

G �
, thesolution

outputby theGreedyAlgorithm for theinput
G
.

4 Simulation Experiments

Thealgorithmproposedin Section4 wasexperimentedon thecombinatorialauctionsdata
sets: Random,weightedrandom,uniform,anddecay[3] [15], whicharedescribedbelow.

(a) Random : For eachbid, the numberof itemsis pickedrandomlyfrom � �[Y\��������� I .
Thatmany itemsarechosenwithout replacement.Theprice is pickedrandomly
from [0,1].

(b) Weighted random : As above, exceptfor that the price is pickedrandomlybe-
tween0 andthenumberof itemsin thebid.

(c) Uniform : Theitemsarechosenrandomly. But, samenumberof itemsarechosen
in everydraw. Thepricesarepickedfrom [0,1].



(d) Decay : Initially, onerandomitem is chosenfor thebid. Then,with probability }
a new randomitem is added,until, it is not possibleto addthechosenitem or no
item is left for choosing.

In our study, we classifiedthe dataasthe auctionswith small numberof bids and large
numberof bids. Theauctionswith smallnumberof bidsconsistof 50, 100,150and200
bids. The numberof bids were 500, 600, 700, 750, 800, 850, 900, 950 and 1000, for
auctionswith largenumberof bids. In someexperimentswe furtherclassifedthedataset
assparseanddensebids. Sparsebids bid on small numberof itemsanddensebids bid
on large numberof items. We denotethe subclassof small bids with sparseanddense
propertiesassmall-sparseandsmall-densebids, respectively. Similarly, large-sparseand
large-densebidsarethelargebidswith sparseanddenseproperties,respectively.

4.1 Consistency

For this study, in all the experiments,the numberof iterations(T) wereset to � )d~ . The
numberof initial sampleschosenfor the datasetswith small and large numberof bids
were50 and10, respectively. In both thedatasets,thealgorithmbehavesasexpectedfor
the variouspreferentialvaluessetby the auctioneer(Figures1 to 6). The plots shown in
Figures1 to 6 arefor thecaseswherethesmallandlargenumberof bidsare50
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Figure 1: Consistentfor small bids : Revenue=0.25and
Profit=0.75

Figure 2: Consistentfor small bids : Revenue=0.5and
Profit=0.5
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Figure 3: Consistentfor small bids : Revenue=0.75and
Profit=0.25

Figure 4: Consistentfor large bids : Revenue=0.25and
Profit=0.75

0

0.05

0.1

0.15

0.2

0.25

0 0.05 0.1 0.15 0.2 0.25

P
ro

fit
 (

sc
al

ed
)

�

Revenue (scaled)

Obtained solution
Revenue=Profit

0

0.05

0.1

0.15

0.2

0.25

0 0.05 0.1 0.15 0.2 0.25

P
ro

fit
 (

sc
al

ed
)

�

Revenue (scaled)

Obtained solution
Revenue=Profit

Figure 5: Consistentfor large bids : Revenue=0.5and
Profit=0.5

Figure 6: Consistentfor large bids : Revenue=0.75and
Profit=0.25

and1000,respectively. Weobservedsimilarbehaviour for theremainingcasestoodepend-
ing on their classlabels.For thecasewith smallnumberof bidders,from Figures1 to 3 it



canseenthat, (i) all thesolutionsarein theregion ���q��yV�J���Q��N � Nb >�VN , whenWeightage
for revenue=0.25andWeightagefor profit=0.75,(ii) the solutionsareequallydistributed
with respectto theline ��N � Nb >�5N � ���q��yV�J� , whenbothWeightagefor revenueandWeigh-
tagefor Profitare0.5,and(iii) all thesolutionsarein theregion ���q��yV�J������N � Nb >�5N , when
Weightagefor revenue=0.75andWeightagefor Profit=0.25.Theseimply thatthesolutions
outputby thealgorithmareaccordingto theweightssetby theauctioneerontheobjectives
revenueandprofit. TheFigures4 to 6 show that,thesameis truefor thecaseof auctions
with largenumberof bidstoo.

4.2 Convergence

The studyof convergenceof the proposedalgorithmweredoneon the bid classessmall-
sparse,small-dense,large-sparseandlarge-dense.

For small-sparseandsmall-densestructureswe ranthealgorithmupto � )d� iterations.For
theexperiments,thenumberof bidschosenwere50,100,150and200for small-denseclass
and50,100and150 for small-sparseclass. The numberof initial sampleschosenwere
10, for this study. After every � ) � iterations � � Y

to 7, the bestof the 10 solutions
wascomparedagainstthe optimumvalueobtainedusing the LP-Solve6 and the ratio of
Metropolis solution to LP-Solve solution is plotted7 in the Figures7-8. It can be seen
from the plots that after � )d~ iterationsthat the proposedalgorithmattainsthe optimum,
for thecasesof 50 bidsand100bids in small-densestructureand50 bids in small-sparse
structure. It is dueto the denseneighborhoodstructureformedin the solutionspacethe
algorithmattainsoptimumfor mostof the casesin small-densestructure. In the caseof
auctionswith smallnumberof bidsfrom theplotsit canbeinferredthatafter � )d~ iterations
thebestsolutionobtainedis about95 % of theoptimalvalue.

Similar studywasdonefor the caseof large-denseandlarge-sparsestructures.For this,
the algorithm was run on � )(~ iterations. In this casethe optimal valueobtainedby the
algorithm is comparedwith optimal valueobtainedby LP-Solve for the relaxed integer
linearprogramratherthantheintegerversion.In thesecases,thenumberof initial samples
chosenwas50. The intution for choosingmoreinitial samplesthanin the caseof small
structuresis that the numberof solutionsin the solutionspaceis very high in this case
ascomparedto the small structures.Theplots (Figure9 and10) show that thealgorithm
wouldconvergeto theoptimumaftera reasonablenumberof iterations.
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Figure7: Convergenceof small-sparsestructure Figure8: Convergenceof small-densestructure

6OptimisationLibrary availablefor downloadat �(�T-��\���b�(��-h� ���b� �A�T�V� �J�/��� �����
-H� @ ��� -/�Z���T2�� . This
is anon-commercialversion.

7Thex-axisin theseplotsis in log-scale.
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4.3 Robustness

In the simulationsfor convergencewe observed that the convergenceof the algorithm
stronglydependson the numberof iterationsratherthe parameterslike numberof bids,
numberof biddersandnumberof itemsin auction. Hence,thesystemwould be scalable
andbestablewith respectto theseparameters.

5 Conclusion

In thispaperwepresentedadecisionsupportsystemfor thewinnerdeterminationproblem
in multi-objective combinatorialauctions.Using this, the auctioneercanstudythe sensi-
tivity of thevariousobjectivesanddecidethewinning set.A randomizedalgorithmbased
on the Metropolisalgorithmwaspresented.The presentedalgorithmcomputesmultiple
winner setswhich would be optimal or nearly-optimalwith respectto the variousobjec-
tives. By simulationexperiments,the proposedsystemwasshown to be (i) consistent-
theresponseof thesystemmatchesthepreferencessetby theauctioneer, (ii) convergent-
convergesto a setof pareto-optimalsolution(winnerset)in a reasonableamountof time,
and(iii) robust- scalablefor largenumberof bids,biddersanditemsin theauction.
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