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Abstract

Thispaperinvestigats theperformanceandbiddingbe-
havior in a multi-unit option allocation auction protocd,
emplging laboratory experimentsin the protocol, truth-
telling is a weaklydominant strategy, evenif the marginal
values of eath agent can increaseand agentscan submit
“false-namebids’ However, sud new protocds havenot
beenwidelyusedsofar. Onemajorreasonis that pemle do
not trust howwell a new protocol mightperformin a real-
world setting In thereal-world setting there exist not only
comptationd agents,but alsorealhumans.To Il thegap
betweertheoryandthe real-world, we focuson laboratory
experiment#ion usingreal humars to observenowbidde's
will behare in an ervironmentthat includesboth real hu-
mars and computationd agerts. Our experimentalresults
propcse a sgmentdéion which givesa seller a clue as to
which protocd he shouldchocse and also showthat there
is someover-bidding behavia in our protocd, andthe ex-
istenceof this behavie malesthe earningsand efciency
of our protocol worsethanthe predictedvalues.Neverthe-
less,individud dataindicate that our protocd leadsa con-
siderably larger biddersto take a truth-telling strategy con-
sistentlythandoesa uniform-frice auction.

1. Intr oduction

The Interret hasrecentlyprovided an excellentinfras-
tructure for execuing much cheagr auctiors with huge
nunberof buyersandsellersfrom all overtheworld. More
and more commniesand consuners buy and sell various
goadsonlnternetauctiors;therebre, Interretauctioshave
becane a popular part of Electroric Commece [14, 13].
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In particdar, compuationalmechaism designhasbecome
very popuar amorg compuer scientist§7, 4, 5]. Someof
theseworks developedbidding agentso helphumans par
ticipantin auctions.g.,[11], while othess designa robust
auctionprotacol aganst frauds that canoccurin the Inter-
net,e.g.,[15].

However, virtually none of thesenew protocds' has
beenwidely usedso far, including the more traditiond
Vickrey auction pratocol and the Vickrey-Clarke-Groves
(VCG) mechaism.

Onemajorreasorwhy thesenew protomlshavenotbeen
usedsofaris thatpemle do nottrusthow well anew proto-
col might perfam in areal-world setting.In the real-world
setting,thereexist not only compuationalagentsput also
realhumars. Thesereal humars candirectly participatein
theauctionaswell asindirectly participatevia proxy agerts.

Thesehumansand computational agerts contolled by
humansdo notnecessarilyctasanticipatecby thedesigner
of a protacol. Whendesignimg a mechaism, we often as-
sumethat they take an equilibium stratgyy. On the other
hand the behavior of them canbe rathercomplicatedand
dif cult to predct. For exanple, humanwith wrong valua-
tionsandagenswith a wedcodewould make mistale, i.e.,
non-equilibium strateyies. It may be to the advantagesof
other participans (experts or sophisticatedagens) to play
by nonequilibrium stratgies. The factthatwe don't know
how a new pratocol would perfamsin suchsituationscan
preventpemle from usingit andencouagethemto stick to
more traditiorally familiar protocols, althowgh new proto-
colspotentiallyhave variousadvartages.

To Il the gap betweentheory and the real-world, we
needto examire the performarce of a new protocd when
it is usedamongreal humars and/orcompuationalagents
sothatwe canusethe obtainel knonledgeto designa bet-
ter protacol thatcanachieve desirableproperties.

1 FCC's simultan®us multi-round aucton might be a notable excep-
tion.



False-namdids

n/a available
Marginal | decreasing| VCG/Ausubel | VCG/Ausubel
values general VCG OptionAllocation

Table 1. Auction protocols where truth-telling
or sincere bidding is an equilibrium strategy .

In this pape, we focus onlaboratoryexpeimentationus-
ing real humansto obsene how biddes will behae in an
ervironment thatincludes both real humans and computa-
tional agents Alternatively, we canusesimulatiors to ex-
amine off-equilibrium behaiors. However, this doesnot
meetour currert goal of observirg what kinds of beha-
iors appea in suchan ervironmer. As Roth [12] pointed
out, we believe that meclanismdesign,labormatory experi-
merts, and simulationmustconplementeachotherin de-
signirg protacolsthatcanbewidely acceptedin fact,mary
auctian experimentshave alreadybeencondicted[9, 10, 3].
Bichler [3] analyzedmulti-attribute auctionsto implemert
hisauctio in areal-world setting KagelandLevine[10] in-
vestigaedbiddingbehaior in multi-unit uniform-priceand
Ausutel auctiors.

More speci cally, we examire the performarce andbe-
havior of anauctionproto®l for multi-unit auctiors, called
the OPtion allocation (OP) protccol [8]. In this pratocol,
truth-telling is a weakly domirant strategy, even if the
mauginal values of each agentcan increaseand agents
can submit “f alse-namebids’ 2 Table 1 summarizesauc-
tion pratocols whetre truth-telling or sincerebidding is an
equlibrium stratgy. This protocol is the rst nondtrivial
open ascendig-price auctionprotocol that gereralizesthe
Ausukel auction[1] bothin termsof thetypesof valuefunc-
tionsandin termsof therobustnessagairstfalse-nare bids.
However, this papemainly explainstheresultson asealed-
bid versionof theOPbecawsethey weretheoreticallyequiv-
alentto thoseon anopenascendingpriceversionof the OR
Furthermore we comparethe OPwith a uniform-price auc-
tion, whichis arepresetative corventioral auctionandac-
tually used[6]. Our expeiimentalresultsshow thatindivid-
ual bidding indicaesthe closerconfamity to truth-telling
in the OP thanthe UPR, althoughthe aggegate dataindi-
catesthat the theoetical predidions of the OP fails more
thanthoseof the UP becausef a certainnunber of over
bidding bidders.

This parer is organizedasfollows. Section2 introduces

2 False-nanebidsinvolve a new type of cheatingtha canbe doneeas-
ily onthe Internet. Speci cally, theremay be someagens with cti-
tiousnamessuchasmultiple e-mailaddressesyho candecrasetheir
paymentdy usingfalse-ramebids[16]. However, we excludedfalse-
namebidsto make experimentstradablebecaiseit is dif ¢ ult for sub-
jectsto undersandthe procedureitself of the OP

the valuatian settingin our experimentsand explains the
uniform-price andoptionallocationauctians. Section3 out-
lines our expelimentaldesign Section4 repats the results
of theexperiments.Sections discussesurresultsandmen-
tionsthe experimentalresultsof open ascendingprice auc-
tions. Section6 conclulesthe paper

2. Uniform-price Auction and Option Alloca-
tion Auction

This section discussesour valuation setting and two
multi-unit auctionpratocols, the sealed-biduniform-price
(SUP)andthe sealed-in optionallocation(SOP)auctiors,
aswell asthegametheoetical predctions.

2.1. Valuation Setting

AusubelandCramton[2] introduceda at demarlsset-
ting wherebidder hasaconstabhmaminal value for the
godd up to the availablesupply KagelandLevine [10] em-
ployed the at demand settingandcondictedtheir exper
imentson the uniform-price and Ausubelauctionswith a
supplyof two units.

We exterd this settingto estimatea situationwherethe
mauginal valuesof biddess canincreaselLet usconsidetthe
following example “Y ouarepurchasingticketsfor youand
your child. Youdemanl atleasttwo tickets,thusnotsettling
for oneticket.If thepriceis cheapenowgh,youmaydemand
threetickets, with the third for your husban or wife.” In
geneal, we canassumehatthe maminal valuestendto di-
minishif the quarity of units becomesrery large. On the
otherhand if thequartity of unitsis relatively small,we as-
sumethatthe mamginal values of biddess canincrease.

We investigae bidding in independeniprivate valueauc-
tions with biddersandthreeidenticalgoods. Bid-
ders , , , deman onlyoneunit,valuingitat ,

, ,respectiely. The thbidder, , demandsthree
unitsof thegood valuingthemat , , respec-
tively ( ). Bidders'values,
aredrawn iid from a uniform distribution on the interva

2.2. Sealed-bidUniform-price Auction

In the sealed-ldl uniform-price auction[6] (alsocalled
a multi-unit English auctian), eachbidder simultaneasly
submitsa sealedbid vecta ,in
which representsavaluefor unitsof anitem. However,
abidderis constrairdto submit . Thevaluevec-
tor may or may not be true. The auctioneeiinverts the bid
vecta to obtainademam curve accordig to Eq. 1.

(1)



The dermand curve represets the demail of the bidder
ata price perunit of . Thentheauctionee aggregjatesall
bidders' demandsat eachprice perunit. All unitsaresold
atthe marketclearingprice at which the aggreyatedemand
exactly meetshe availablesupply

For biddess demanding a singleunit, the optimal strat-
egy is bidding theirvalue  ononeunit. The optimal strat-
egy of thebidderwhodemandthreeunitsaganst bidders
with single-wnit demam is to bid  on oneunit, truth-
fully on two units and on threeunits. Notice that the
mauginal value betweenthe bid on two units and on three
unitsis zero.AusubelandCramton[2] de ne suchbidding
as“demand reductio” in the SUR Accordingly, a truth-
telling strat@y is notanequilibrium strateyy in the SUR For
bidder , thedemandrediction (DR-) strateyy is a weakly
dominantstratey in our setting.

2.3. Sealed-bidOption Allocation Auction

The procedureof the sealed-bidoption allocationauc-
tion [8] is similar to thatof the SUR However, the auction-
eerallocatesoptiors to biddersoncein the SOR according
to “clinching rule” developedby Ausubel[1]. Eachoption
includesa pair of the number of units a bidde can obtain
andthe price perunit shepays.Shethenchooseghe num-
berof unitsper price biddess actuallyobtairs from their al-
locatedoptiors.

Eachbidder simultaneosly submitsa bid vector The
auctimeertheninverts the bid vecta's to obtan a demand
cune accordng to Eq. 1. Theauctioreerthencalculatesall
bidders' demang at eachprice perunit. Next, the auction-
eerconsicrsapricevector

for all (2)

Noticethat satis es .
Let usde ne the maximum quantity of unitsthata bid-
der canbuyatprice as

®3)

where represets theresidualsupplyfacingbidder
atprice de nedasEkq.4.

(4)

The residual supply is always nonnegdive and a non-
deceasingfunction at the price . It also indicatesthe
amaunt of the item that otherbiddess no longer demau at
thatprice.

The auctioreerallocatesoptionsrepresentedy the fol-
lowing orderedpairs,

where meansthat bidder can buy

units of theitem at price . Fromthede nition, is non-
decrasing.Therdore,whenbidder purchases units,the
optimd priceperunitis given by

(5)

Finally, eachbidde choose®neof theoptionssheclinched
andexecutesit.
However, whenbidder executesanoptionthatsatis es
, the following restrictionsareimposedon the
bidderto increaseherisk of a stay-highbiddingstrateyy, in
which abidde maintairs a high corstantdemal.

Thebidder is notallowedto chooseo buy nothing.

If the bidder chomsesto buy unitsatprice , thenshe

needgo buy the maximum numter of units

For biddersdemanéhg a single-unit thereis a dominant
stratgy to bid their valug  asin the uniform-price auc-
tion. Forbiddea thetruth-telling (TT-) stratey is aweakly
dominantstratey in our setting.

3. Experimental Designand Informal Conjec-
tures

Therearethreeunitsfor saleandonesubjectcompeting
agairstthreecompuer agentsn eachexperimentalauction
( ). Valuatiors aredrawn iid from
auniform distributionwith support and

. Compute agents , and demamn only one
unit, andthey areprogrammel to follow thedominantstrat-
egy. Each sknow they arebidding agairst compuers,the
nunmberof computers,andthe computer's bidding strateyy.
This use of computer ageris may seemto be unrealistic.
However, this paperis mainly interestedn subjectsbeha-
ior in the differentauctions.Introducing computer agents
malkes simpli es the stratgjic ervironment that a subject
faces.Thus, we canconcettrate on how subjectsrespand
to auctionprotomls.

Table2 showvstheresultsof numeical calculatiors when
bidder is assumedo take eitherof two strat@ies:the TT-
stratgyy or the DR-stratgy. Theseexpeded valuesarecal-
culatedwith 500setsof simulationgn eachcombiration of

Protocd Uniform-price | OptionAllocation
Stratgy TT DR TT DR
Earnirgs 72.32 12296 | 124.88 122.%
Efciency (%) | 96.15 9557 | 93.19 95.57
Revente 48314 39872 | 405.3® 398.722

Table 2. Earnings, Efcienc y, and Revenue of
the TT- or DR-strategy in each protocol. de-
notes a dominant strategy in each protocol.




aprotocol andastratayy. It alsosuggestshefollowing con-
jectures:

Conjecure1l: The expeded earnirgs in the SOP are
higherthanthosein the SUR

Conjecure2: The expected efciency in the SUP is
higherthanthatin the SOP

Conjecur e 3: The expectedrevenuein the SOPis higher
thanthatin the SUR

Bidders were dravn from a wide cross-sectiorby a
tempaary staf agerry. Almost all of them were under
gracuate studerts at universities around Kyoto.2 Instruc-
tions were read out loud with subjectshaving coges to
readaswell. In the sealed- auctiors, subjectssubmitted
threebids , and onunitl,unit2 andunit 3, respec-
tively. Note that they bid the valueitself on eachunit, not
the maminal value.After submittingbids, the auctionout-
come immedately appeagd on the compuer screenOnly
in the SOR eachsubjectthenchoseoneof the optiors she
obtaned. At the end of eachauction,the nunber of units
sheobtaned wasidenti ed, paymers were posted,pro t
wascalculatedandcashbalarceswasupdatel.

Our sessionshegan with 3 or 5 dry runs to familiar-
ize subjectswith the procedires,followed by 27 auctians
playedfor cash At thestartof eachauctionboth andcom-
pute's receved new valuatiors. Subjectswere given start-
ing cashbalarcesof 300 Positive prots wereaddel to
thisbalanceandnegative prots subtractedrom it. End-of-
experimentbalanceswere later paid in subjects'bank ac-
cownts. Our sessiondastedbetweenl.5 and 2 houss. The
SUPwas condicted in two sessiong20+2=42 subjects)
andthe SOPusedthreesession§22+22+18-=62 subjects).

4. Experimental Results
4.1. Sealed-bidUniform-price Auctions

Figurel providesscatterdiagransof unit 2 bidsandunit
3 bids over the last 12 auctiors after subjectshave learned
theauctionrule. Figure 1(a)represents relative
to ,while Figurel(b)represents relativeto

Figurel(a)shavsalargenumbe of bidsatvalue for unit
2. Catgorizing bidswithin 5 of valueasequa to value
abaut 40% of unit 2 bids were on value and above value
However, bidders do not lose money asa consegenceof
bidding above value: 82.81% of all unit 2 bids greaterthan
value earnechonregative prots.

3 We have no datawhich discigines subjeds arestudens of. A referee
pointsout that the disciplinesof subjecs is important becaisesome
studiesreportthatwhethe they studyeconomes may affect their be-
havior. However, sincethere is nointeraction betwe& subjecs in our
experiment,we do nothave to consicer the effect much.

Value

(a) Unit 2 bids

Value

(b) Unit 3 bids

Figure 1. Scatter diagrams of bids relative to
value for bidder in last 12 auctions of the
SUP.

Figure1(b) shawvs thatthereis a clearshift in the distri-
bution of unit 3 bidsto unit 2 bidsin thepredcteddirection
38.9% of all unit 3 bidsweremorethan 5 below valuever-
sus20.4% of all unit 2 bids.However, 1.79% (9/504) of all
unit 3 bidsareequalto zeroasthe DR-equilitrium requires.
There are still lots of unit 3 bids above value (33.53%,
169504). This might be becauseve did not explicitly ad-
viseaganstbiddingabove value.KagelandLevine [10] ex-
plicitly advisedagairst bidding above value and success-
fully led subjectsnotto bid above value.

Table 3 summarizeghe datacontaired in Figure 1 and
our analysisof 's bids comparedto the DR-equilibium
predctions.

Table 4 calculatesactual and predictedearning, ef -



Unit 1 bids Unit 2 bids Unit 3 bids

n/a 20.4% 3889%

(103504) (196/504)

97.620 39.0% 2758%

(492/5049 (197/504) (139504)

2.3 40.88% 3353%

(12/501) (204/504) (169504)

Equilibrium Outcore
(DR-equlibrium)
Table 3. Bidding in SUP (last 12 auctions)
Actual Predicted Differerce
Earnirgs ratio
5267 114.1 -61517 o
(6.55) (7.43 (5.9) o
Ef ciency (Percetage) 03
9262 94.% -2.30 04
(6.3) (3.98 (0.60) e
Revenie Z:
45374  379.3 74.38 08
(1317) (11.@) (8.71) 09
10
a Signi cantly differentfrom zeroat the 0.01%level, 2- 0 5 0 5 20 25 a0
tailedWilcoxon signedranktest. frequency

Sigﬂni cantly different from zero at the 0.2% level, 2-
tailed Wilcoxon signedranktest.

Table 4. Earnings, Efcienc y and Revenue in
the SUP (mean values with standar d error of
the mean in parentheses)

Figure 2. Distrib ution of the individual ratio
of actual earnings relative to predicted earn-
ings of the DR-strategy in the SUP.

cieng/ andreverueover thelast12 auctiors. Predictedval-
uesare basedon the DR-equilitrium predctions. Actual
earnngsareabou half of predcted earning. The earnirgs
arecloserto the TT-equilibrium predctions( 68.7) than
to the DR-equilibium predictins.

As Table3 shavs, mostsubjectdid onvalue.Thus, they
seemedo bid accordng to the TT-strateyy. However, since
the aggreyate datadoesnot always captureindividual bid
patterrs, we focusontheindividualratio of theactualearn-
ingsrelative to thepredictedearnirgsaveragedover thelast
12 auctionsFigure2 representghedistribution of theratio.
We classifythe bid patterndgnto the following threetypes.

1. A small percentag of all bidders (14.2%; 6/42) bid
sub-@timally, bidding closeto valueonunit 1 andunit
2. The biddess often bid below value on unit 3, and
thereis no bids above value. They obtainedearnirgs
of 95% or more of maximum possibleearning over
thelast12 auctiors.

2. Over half of the biddes (59.%%; 25/42 corsistently

bid closeto their values on unit 2 and unit 3. How-
ever, bids above or below value on unit 3 wereocca-
sionallyobsened. Therebre,theirbidsarewidely dis-
persedandthe biddersobtainedthe 35-8% of maxi-
mum predictedearnirgs.

3. Theremairing bidde's (11/42; 26 3%) bid above value
onbothunit 2 andunit 3, with vely little or nodemand
rediction on unit 3. They earred at most30% of max-
imum possibleearning or nonpositive earnirgs.

Conseqantly, the distribution of the ratio of the earning
suggsts that biddess try to manipdate auctionoutcones
andthey may chargetheir bidding policy in eachauction.
Ef ciency is de ned as the averageratio of the social
surplws to the Pareto ef cient social surplws. Actual ef -
cieng is vely closeto the predictedefciency. The ef -
cieng lossesresultingfrom bidding above value on both
unit 2 andunit 3 only offsetthe ef ciency gairs resulting
from over-revelation (vety little demandrediction) of unit
3. Droppng subjectswho often bid above value on both



(a) Unit 2 bids

(b) Unit 3 bids

Figure 3. Scatter diagrams of bids relative to
value for bidder in last 12 auctions of the
SOP.

units(11/42subjects)theef ciency improvesupto 94.4%%
andtheef ciency lossegdecrease.

Actual revenue is consistentlyabove the predictedrev-
ente. By dropping subjectswho often bid above value, al-
thouwgh the actualrevenue ( 421.®) comes closeto the
predcted reverue ( 379.36), the differenceis still large
This resultsfrom over-reveldion (truth-telling) of demand
onunit 3 in addition to mary bidsabove value

Theseresultsfor ef ciency and reverue are consistent
with the earlierexperimentsby KagelandLevine [10].

4.2. Sealed-bidOption Allocation Auctions

Figure3 providesscattediagrans of unit 2 bidsandunit
3 bidsoverthelast12 auctionslt shovsthatbidsaremore
widespradthanthosein the SUR As obsevedin the SUR
thereis a smallshift in the distribution of unit 3 bidsto unit
2 bidsin anunpredicteddirection abou 30% (225/744) of
all unit 2 bids and abou 38% (284/744) of all unit 3 bids
below valuearedistributedoverawide rang of value.

However, it is naturd thatthereis little incertive to avoid
redwcing demandon unit 3 in the SOP This demard reduc-
tion of unit 3 doesnot alwayshurt thebiddes' earnirgs. If
they bid truthfully andobtainoptions with which they can
buy a certainnumter of units, they would only redice the
nunberof unitsthatthey actuallybuy to increaseheir prof-
its.

Thereis alargenumter of biddess who bid above value
abou 40% of all bidson unit 2 andunit 3 aregreaterthan
value However, biddes do not lose mone/ as a conse-
guerce of bidding above value: 76.04% of all unit 2 bids
greatethanvalueearnechomegative pro ts, while 80.68%
of all unit 3 bidsgreatetthanvalueearnechomegative prof-
its. Table5 summaizesthe datacontainedn Figure 3 and
ouranalysiof 'sbidscomparedtotheTT-equlibrium pre-
dictions.

Table 6 calculatesactual and predictedearning, ef -
cieng/ andrevenueoverthelast12 auctiors. Predictedval-
uesarebasedn the TT-equlibrium predctions.

Actualearning aresigni cantly lowerthanthepredcted
earnirgs. This resultsfrom widespreadids above or be-
low value.However, whencateyarizing theindividual data
by theratio of actualearning relative to predidedearning
averaged over the last 12 auctions the consisteng of bid-
ders'stratgyiesis more apparatin theSOPthanin theSUR
Let usexplain thebid patterrs in the SOR

1. Over the half of all bidders (58.06%; 36/62 consis-
tently bid on value on unit 2 andbid on or occasion-
ally below valueon unit 3. They earred 95% or more
of maximum possibleearning.

2. A third of bidde's (30.64%;19/62) consistentlybid on
value on unit 2 but bid occasionallyabove or belov
value on unit 3. They obtaired 45-8% of maxinum
predctedearning.

3. The remainingsmall percemage of bidders (11.29%;
7162 corsistentlybid above or on valueon unit 2 and
bid often above value on unit 3. All of themobtaired
nonpositive earning.

Figure 4 shows that the distribution of the individual
earnirgsratio of the SOPappeas to bebimodd andhastwo
peals, oneat0 andthe otherat 1, althowgh the frequeng at
0 mightbe outliers.In contast,the distribution of the SUP



Unit 1 bids Unit 2 bids Unit 3 bids

n/a 30.24% 3817%
(225744) (284744)

92.3%% 27.0% 2218%
(687/744 (206'744) (165744)

7.668% 40.07% 3965%
(57/74) (313744) (295744)

Equilibrium Outcore
(TT-equilibrium)

Table 5. Bidding in the SOP (last 12 auctions)

Actual Predicted Differerce
Earnirgs

9185 120.9 -29.142
(7.08) (6.50 (3.42
Ef ciency (Percetage)

8759 93.57 -5.98
(6.3) (0.38 (0.75
Revente

40026 398.19 2.07
(8.86) (8.55 (6.17

a Signi cantly differentfrom zeroat the 0.01%level, 2-
tailed Wilcoxon signedranktest.

Table 6. Earnings, Efcienc y and Revenue in
the SOP (mean values with standar d error of
the mean in parentheses)

in Figure 2 is unimadal and hasone peakat 0.5. The dif-
fererce betweernthesedistributionssuggestshatthe larger
nunber of bidders acquirethe TT-stratay consistentlyin
the SOPthanthosein the SUR

Actual ef ciency is fartherfrom the predcted ef ciency
thanin the SUR The ef ciency lossesresultfrom bidding
above value on both unit 2 and unit 3. Dropping subjects
who never earnedpositive prots (7/62 subjects)the ef -
cieng/ improvesupto 91.12%.

Actual reverue is very closeto the predcted reverue.
Here,reverue gairs resultingfrom bidding above valueon
both units offset revenuelossesresultingfrom bidding be-
low valueor choosimg the smalleroption

Bidderswho do not chaosetheir optimd option mayex-
plain the differencesbetweenactualand predcted values.
However, therewerefew bidderswho did not chocsetheir
optimal optiors (6.9%%; 52/744. On the otherhand,when
bidders chosetheir optimd optiors (9301%; 692/74), a
third of them(33.2%;247/74) chosehesmalleroptionand
bought fewer units thanthey could have bought. This in-
cludesthefollowing two casesbiddes who obtainoptions
with which they canbuy threeunits at maxinum chooseo

Figure 4. Distrib ution of the individual ratio
of actual earnings relative to predicted earn-
ings of the TT-strategy in the SOP.

buy two unitsto maxinize their pro ts (31.72%; 236744},
the otherbiddeis who obtain options with which they can
buy two units at maxinum choaseto buy nothng becase
thepriceof theoptionis sohighthatthey facealoss(1.48%;
11/744).As aresult,in thethird of the SOR oneor two units
remainunsold.Theseunsoldunitstheoréically andexperi-
mentallyreduesef ciency of the SOPevenmorethanthat
of theSUR

5. Discussions
5.1. Segmentation

Tables4 and6 show thatConjectues1 and2 hold. The
differencesare signi cant; = for
Conjectue 1, and = , for Con-
jecture 2. However, they also indicate that Conjectue 3
is rejectedandthe differenceis signi cant; = ,



A possiblereasonwhy Conjecture3 is rejectedis that
the outconesin the SUP are closerto the TT-equilibrium
thanto the DR-equilibium. Table 2 shavs the reverue in
theSUPwith the TT-strateyy is evengreatethanthatin the
SOR Furthemore,bidsaborve valueon bothunit 2 andunit
3 increasebidders' payment easilybecause bidder's out-
come depermisdirectly onherown bid in the SUR After all,
only few subjectscodd nd thatthe DR-stratgy is opti-
malin the SUR Thus,theresultsin the SUPcomescloseto
the predctedresultsfrom the TT-strateyy.

Theseresultssuggestthat a seller would usethe SUP
to increaseef ciency andreverue, while usingthe SOPto
increasebuyers' earning, say customersatisaction. This
segmentation gives the seller a clue as to which proto-
col he should chose. However, we shoud note that the
higher revenue in the SUP might not always realize con-
siderirg agent-nediatedmarkets. In otherwords, sophisti-
catedagentswould easily nd the DR-stratgy to increase
their earringsthouwgh subjectdn our experimentscouldnot
nd it.

5.2. Stability of the TT-strategy in the SOP

Bids in the SOP are dispersednuch more thanin the
SUR In particular over-bidding betavior preventsthe the-
ory from predictingresultscorrectly. Therefae, the earn-
ings and ef ciency becone muchworsethan predided in
the SOPbecasesomeof the biddes tendto over-bid.

Nevertheless,the revenue is more consistentwith the
theaetical predictins in the SOPthanin the SUR Thus,
we can say that the SOP would lead sellersto predct
their revenuemorecorrectly. In addition asthetheay pre-
dicts, unde-bidding behaior doesnot make the perfor
marce worse so much andit is dif cult for agentsto in-
creasetheir earnirgs by deviating from the stratay, since
the TT-stratayy is optimal in the SOR

Alternatively, the ratio of earnirgsto the predcted ones
revealsthattherearebidde's who earnappioximatelypre-
dictedpro ts in the SOPmore consistentlythanin the SUR
In contrast, the ratio in the SUP is uniformly distributed
soeachof the bidderschangsbetweerthe variousbidding
policies. Accordirgly, we cansaythatthe TT-strateyy in the
SOPis more stablethanthe DR-stratgy in the SUR though
thereare a certainnunber of bidderswho could not earn
non-negative prots in the SOP

5.3. OpenAscending-priceAuctions

It is more importart to explore bidding behaior in an
open ascendig-priceversionof the OP (AOP),sinceit has
developedasthe rst nondrivial openauctionin which sin-
cerebidding by all biddersis anex postperfectequilibrium,
even if the marminal values of bidde's canincreae. Thisis

oneof the mostsalienttheoreical charateristic of the OR
Thus, we alsocondictedthe experimentsonthe AOR In the
auctiors, biddersobtainfeedtackregardingrivals' drop-out
pricesothatthey canchang their bidding stratejies.

In the AOR, bidders corceal their demarls on unit 3
morte likely thanthosein the SOR althoughthey alsotendto
bid above valueon unit 2. At the sametime, thereis a sig-
ni cant numter of bids extremely above value on unit 3,
i.e., declaringthreeunits until the endof the auction.This
bidding behaior may be obsened becausehereis a strat-
egy thatprovidesthe sameoutcaneasthe TT-strateyy, e.g.,
adapive bidding stratgiesin which a bidder chargesher
bidding strateyy during anauction.Shecanobsene theag-
gregatedemand, whichtells hertheoptiors shegets.Then,
if sheobsenesthatshecanna further improve her utility,
shemay maintainhercurrert bid dueto lazinessor the de-
sireto hidehertruevaluatians.

Actual earning andef ciency becone worsethanin the
SOR while reverue remairs appoximatelythe same Nev-
erthelesstheTT-stratgy in the AOPis still more stablethan
theopenascendingprice versionof the UP.

6. Conclusions

We examine multi-unit option allocationauctionproto-
col emplgying laboratoy expelimentationandexploredthe
performan@s and behaior in the auctiors when biddeis
have their maminal values that can increase for identicd
units. We do not assertthat the sameresultswould be ob-
senedin ernvironmentswheresomebiddes arehumanand
othess are more sophisticatecagents.We believe that our
dataprovide animportant rst stepand are suggestie of
whatmightbe obsevedin real-world settings.

The experimentalresults rst proposea cluefor a seller
to choosea pratocol in his businessSecondthe resultsin
theSUPIs closerto theoneswith the TT-strateyy thanthose
with theDR-stratgy. Theaggegatedataseemso indicated
thatthe performane in the SUP arebetterthanthatin the
SOP Theindividual bidding tells usthatthe stability of the
revenueandthe TT-stratgyy in the SORP

Alternatively, the aggegatedataindicatethat the theo-
retical predctionsrelatively fail dueto slightly few biddeis
in the SOP Therdore, theseresultssuggestthat the out-
comesof the SOParesensitve to bidsabove value andthat
preventingbidde's from suchover-bidding is animportant
issuein implementing the OP in areal-world setting.

We would lik e to addananalysisof the AOPin order to
further clarify thepoterial advartagesanddisadarntageof
the OP compredto otherprotocolsin future works. More-
over, we would like to corstruct bourded rational agents
to repraduceexpeaimentalresults We believe thatdevelap-
ing suchagentswvould acceleratéhe designandevaluation
of bidding agentsaandfeasiblemectanisms.
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