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Abstract

Thispaperinvestigates theperformanceandbiddingbe-
havior in a multi-unit option allocation auction protocol,
employing laboratory experiments.In the protocol, truth-
telling is a weaklydominant strategy, evenif the marginal
values of each agent can increaseand agentscan submit
“false-namebids.” However, such new protocols havenot
beenwidelyusedsofar. Onemajorreasonis thatpeopledo
not trust howwell a new protocolmightperformin a real-
world setting. In thereal-worldsetting, there exist not only
computational agents,but alsoreal humans.To �ll thegap
betweentheoryandthereal-world,wefocuson laboratory
experimentation usingreal humans to observehowbidders
will behave in an environmentthat includesboth real hu-
mans and computational agents. Our experimentalresults
propose a segmentation which givesa seller a clue as to
which protocol he shouldchooseandalso showthat there
is someover-bidding behavior in our protocol, and theex-
istenceof this behavior makesthe earningsand ef�ciency
of our protocolworsethan thepredictedvalues.Neverthe-
less,individual dataindicate thatour protocol leadsa con-
siderably larger bidders to takea truth-tellingstrategycon-
sistentlythandoesa uniform-price auction.

1. Intr oduction

The Internet hasrecentlyprovided an excellent infras-
tructure for executing much cheaper auctions with huge
numberof buyersandsellersfrom all over theworld. More
andmore companiesand consumers buy and sell various
goodsonInternetauctions; therefore,Internetauctionshave
become a popular part of Electronic Commerce [14, 13].

� This research wasconductedwhenthe authors (AtsushiIwasakiand
Makoto Yokoo) belongedto NTT Corporation, NTT Communication
ScienceLaboratories.

In particular, computationalmechanism designhasbecome
very popular among computer scientists[7, 4, 5]. Someof
theseworks developedbidding agentsto helphumanspar-
ticipant in auctions,e.g.,[11], while others designa robust
auctionprotocol against frauds that canoccurin the Inter-
net,e.g.,[15].

However, virtually none of thesenew protocols1 has
been widely used so far, including the more traditional
Vickrey auction protocol and the Vickrey-Clarke-Groves
(VCG) mechanism.

Onemajorreasonwhythesenew protocolshavenotbeen
usedsofar is thatpeopledonot trusthow well anew proto-
col might perform in a real-world setting.In thereal-world
setting,thereexist not only computationalagents,but also
realhumans. Theserealhumans candirectly participatein
theauctionaswell asindirectlyparticipatevia proxy agents.

Thesehumansand computationalagents controlled by
humansdonotnecessarilyactasanticipatedby thedesigner
of a protocol. Whendesigning a mechanism, we often as-
sumethat they take an equilibrium strategy. On the other
hand, the behavior of themcanbe rathercomplicatedand
dif�cu lt to predict. For example, humanwith wrong valua-
tionsandagentswith �a wedcodewouldmakemistake,i.e.,
non-equilibrium strategies.It may be to the advantagesof
otherparticipants (experts or sophisticatedagents) to play
by non-equilibrium strategies.Thefactthatwe don't know
how a new protocol would performs in suchsituationscan
preventpeople from usingit andencouragethemto stick to
more traditionally familiar protocols,although new proto-
colspotentiallyhavevariousadvantages.

To �ll the gap betweentheory and the real-world, we
needto examine the performance of a new protocol when
it is usedamongrealhumans and/orcomputationalagents
sothatwe canusetheobtained knowledgeto designa bet-
terprotocol thatcanachieve desirableproperties.

1 FCC's simultaneous multi-round auction might be a notable excep-
tion.



False-namebids
n/a available

Marginal decreasing VCG/Ausubel VCG/Ausubel
values general VCG OptionAllocation

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

In thispaper, wefocusonlaboratoryexperimentationus-
ing real humansto observe how bidders will behave in an
environment that includesboth real humans andcomputa-
tional agents.Alternatively, we canusesimulations to ex-
amine off-equilibrium behaviors. However, this doesnot
meetour current goal of observing what kinds of behav-
iors appear in suchan environment. As Roth [12] pointed
out, we believe that mechanismdesign,laboratory experi-
ments, andsimulationmustcomplementeachotherin de-
signing protocolsthatcanbewidely accepted. In fact,many
auction experimentshavealreadybeenconducted[9, 10, 3].
Bichler [3] analyzedmulti-attribute auctionsto implement
hisauction in areal-world setting.KagelandLevine[10] in-
vestigatedbiddingbehavior in multi-unit uniform-priceand
Ausubel auctions.

More speci�cally, we examine theperformanceandbe-
havior of anauctionprotocol for multi-unit auctions,called
the OPtion allocation(OP) protocol [8]. In this protocol,
truth-telling is a weakly dominant strategy, even if the
marginal values of each agent can increaseand agents
can submit “f alse-namebids.” 2 Table 1 summarizesauc-
tion protocols where truth-telling or sincerebidding is an
equilibrium strategy. This protocol is the �rst non-trivial
open ascending-priceauctionprotocol that generalizesthe
Ausubel auction[1] bothin termsof thetypesof valuefunc-
tionsandin termsof therobustnessagainst false-namebids.
However, thispapermainlyexplainstheresultsonasealed-
bidversionof theOPbecausethey weretheoreticallyequiv-
alentto thoseonanopenascending-priceversionof theOP.
Furthermore,wecomparetheOPwith auniform-priceauc-
tion, which is a representative conventional auctionandac-
tually used[6]. Our experimentalresultsshow thatindivid-
ual bidding indicatesthe closerconformity to truth-telling
in the OP than the UP, althoughthe aggregatedata indi-
catesthat the theoretical predictions of the OP fails more
thanthoseof theUP becauseof a certainnumber of over-
bidding bidders.

This paper is organizedasfollows.Section2 introduces

2 False-namebidsinvolve a new typeof cheatingthat canbedoneeas-
ily on the Internet.Speci�cally, theremay besomeagents with �cti-
tiousnames,suchasmultiplee-mailaddresses,whocandecreasetheir
paymentsby usingfalse-namebids[16]. However, weexcludedfalse-
namebidsto makeexperimentstractablebecauseit is dif�c ult for sub-
jects to understandtheprocedureitself of theOP.

the valuation setting in our experimentsand explains the
uniform-priceandoptionallocationauctions.Section3 out-
linesour experimentaldesign. Section4 reports the results
of theexperiments.Section5 discussesourresultsandmen-
tionstheexperimentalresultsof open ascending-priceauc-
tions.Section6 concludesthepaper.

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

This section discussesour valuation setting and two
multi-unit auctionprotocols, the sealed-biduniform-price
(SUP)andthesealed-bid optionallocation(SOP)auctions,
aswell asthegametheoreticalpredictions.

2.1. Valuation Setting

AusubelandCramton[2] introduceda �at demandsset-
ting wherebidder � hasa constant marginal value ��� for the
good up to theavailablesupply. KagelandLevine [10] em-
ployed the �at demands settingandconductedtheir exper-
imentson the uniform-price andAusubelauctionswith a
supplyof two units.

We extend this settingto estimatea situationwherethe
marginal valuesof bidderscanincrease.Let usconsiderthe
following example: “Youarepurchasingticketsfor youand
your child.Youdemand atleasttwo tickets,thusnotsettling
for oneticket.If thepriceis cheapenough,youmaydemand
threetickets,with the third for your husband or wife.” In
general, we canassumethatthemarginal valuestendto di-
minish if the quantity of unitsbecomesvery large. On the
otherhand, if thequantity of unitsis relatively small,weas-
sumethatthemarginal valuesof bidders canincrease.

We investigatebidding in independentprivatevalueauc-
tions with �����
	�� biddersandthreeidenticalgoods. Bid-
ders 	 , 
 , ����� , � demand only oneunit, valuing it at ��� , ��� ,

����� , ��� , respectively. The ������	�� th bidder, � , demandsthree
unitsof thegood, valuing themat � , 
���� , ��
������ �!� , respec-
tively ( �#"$���&%�	�� ). Bidders'values,�

�
���'")(!	*%+
,%������-%.��%/�10��

are drawn iid from a uniform distribution on the interval
2

�&%/354 .

2.2. Sealed-bidUniform-price Auction

In the sealed-bid uniform-price auction[6] (alsocalled
a multi-unit English auction), eachbidder simultaneously
submitsa sealedbid vector 6�7�89(�:
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The demandcurve represents the demand of the bidder
at a price per unit of A . Thentheauctioneer aggregatesall
bidders' demandsat eachprice per unit. All unitsaresold
at themarket-clearingpriceat which theaggregatedemand
exactly meetstheavailablesupply.

For bidders demanding a single-unit, the optimal strat-
egy is bidding their value � � on oneunit. Theoptimalstrat-
egyof thebidderwhodemandsthreeunitsagainst � bidders
with single-unit demand is to bid � on oneunit, 
���� truth-
fully on two units and 
L��� on threeunits. Notice that the
marginal valuebetweenthe bid on two units andon three
unitsis zero.AusubelandCramton[2] de�ne suchbidding
as “demand reduction” in the SUP. Accordingly, a truth-
tellingstrategy isnotanequilibrium strategy in theSUP. For
bidder � , thedemandreduction (DR-) strategy is a weakly
dominantstrategy in oursetting.

2.3. Sealed-bidOption Allocation Auction

The procedureof the sealed-bidoption allocationauc-
tion [8] is similar to thatof theSUP. However, theauction-
eerallocatesoptions to biddersoncein theSOP, according
to “clinching rule” developedby Ausubel[1]. Eachoption
includesa pair of the number of units a bidder canobtain
andthepriceperunit shepays.Shethenchoosesthenum-
berof unitsperpricebidders actuallyobtains from their al-
locatedoptions.

Eachbidder simultaneously submitsa bid vector. The
auctioneertheninverts the bid vectors to obtain a demand
curve according to Eq.1. Theauctioneerthencalculatesall
bidders' demands at eachpriceperunit. Next, theauction-
eerconsidersa pricevector
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Let usde�ne themaximum quantity of units thata bid-

der � canbuy at price A
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where �
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� �BAC� represents theresidualsupplyfacingbidder �

atprice A de�ned asEq.4.
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The residual supply is always non-negative and a non-
decreasingfunction at the price A . It also indicatesthe
amount of the item thatotherbidders no longer demand at
thatprice.

Theauctioneerallocatesoptionsrepresentedby the fol-
lowing orderedpairs,
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unitsof the item at price A

�

. Fromthede�nition, 	

�

�

is non-
decreasing.Therefore,whenbidder � purchases� � units,the
optimal priceperunit is given by
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Finally, eachbidder choosesoneof theoptionssheclinched
andexecutes it.

However, whenbidder � executesanoptionthatsatis�es
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� , the following restrictionsare imposedon the
bidder to increasetherisk of astay-highbiddingstrategy, in
whicha bidder maintains ahigh constantdemand.

" Thebidder is notallowedto chooseto buy nothing.
" If thebidder choosesto buy unitsat price A

�

, thenshe
needsto buy themaximumnumber of units 	

�

�

.

For biddersdemanding a single-unit thereis a dominant
strategy to bid their value, � � asin the uniform-price auc-
tion.For bidder � thetruth-telling (TT-) strategy is aweakly
dominantstrategy in oursetting.

3. Experimental Designand Inf ormal Conjec-
tures

Therearethreeunitsfor saleandonesubjectcompeting
against threecomputer agentsin eachexperimentalauction
( ��8$# ). Valuations ��� ��� " (!	!%/
 %�# %+� 0�� aredrawn iid from
auniform distributionwith support

2

� %&%('��*� �*),+-# � .*��� 4 and
� 8 �&� / . Computer agents 	 , 
 and # demand only one
unit, andthey areprogrammed to follow thedominantstrat-
egy. Each � s know they arebidding against computers,the
numberof computers,andthecomputer's bidding strategy.
This useof computer agents may seemto be unrealistic.
However, thispaperis mainly interestedin subjects'behav-
ior in the differentauctions.Introducing computer agents
makes simpli�es the strategic environment that a subject
faces.Thus, we canconcentrate on how subjectsrespond
to auctionprotocols.

Table2 showstheresultsof numerical calculationswhen
bidder � is assumedto takeeitherof two strategies:theTT-
strategy or theDR-strategy. Theseexpectedvaluesarecal-
culatedwith 500setsof simulationsin eachcombinationof

Protocol Uniform-price OptionAllocation
Strategy TT DR0 TT 0 DR
Earnings 72.32 122.96 124.84 122.96

Ef�ciency (%) 96.15 95.57 93.19 95.57
Revenue 483.14 398.72 405.39 398.72

Table 2. Earnings, Ef�cienc y, and Revenue of
the TT- or DR-strategy in each protocol. 1 de-
notes a dominant strategy in each protocol.



aprotocol andastrategy. It alsosuggeststhefollowing con-
jectures:

Conjectur e1: The expected earnings in the SOP are
higher thanthosein theSUP.

Conjectur e2: The expected ef�ciency in the SUP is
higher thanthatin theSOP.

Conjectur e3: Theexpectedrevenuein theSOPis higher
thanthatin theSUP.

Bidders � were drawn from a wide cross-sectionby a
temporary staff agency. Almost all of them were under-
graduate students at universities around Kyoto.3 Instruc-
tions were read out loud with subjectshaving copies to
readaswell. In thesealed-bid auctions, subjectssubmitted
threebids : � , : � and :�� on unit 1, unit 2 andunit 3, respec-
tively. Note that they bid the valueitself on eachunit, not
themarginal value.After submittingbids, theauctionout-
come immediately appeared on thecomputer screen.Only
in theSOP, eachsubjectthenchoseoneof theoptions she
obtained. At the endof eachauction,the number of units
sheobtained was identi�ed, payments wereposted,pro�t
wascalculated, andcashbalanceswasupdated.

Our sessionsbegan with 3 or 5 dry runs to familiar-
ize subjectswith the procedures,followed by 27 auctions
playedfor cash.At thestartof eachauctionboth � andcom-
puters received new valuations. Subjectsweregiven start-
ing cashbalancesof % 300. Positive pro�ts wereadded to
thisbalanceandnegativepro�ts subtractedfrom it. End-of-
experimentbalanceswere later paid in subjects'bankac-
counts. Our sessionslastedbetween1.5 and2 hours. The
SUP was conducted in two sessions(20+22=42 subjects)
andtheSOPusedthreesessions(22+22+18=62subjects).

4. Experimental Results

4.1. Sealed-bidUniform-price Auctions

Figure1 providesscatterdiagramsof unit 2 bidsandunit
3 bidsover the last12 auctions aftersubjectshave learned
theauctionrule.Figure 1(a)represents� :

�

S

:
�

�

�


 relative
to �

� , while Figure1(b) represents:
�

S

:-� relative to ���
� .

Figure1(a)showsalargenumber of bidsatvaluefor unit
2. Categorizing bids within % 5 of valueasequal to value,
about 40% of unit 2 bids wereon valueandabove value.
However, biddersdo not losemoney asa consequenceof
bidding above value: 82.84% of all unit 2 bidsgreaterthan
value earnednonnegative pro�ts.

3 We have no datawhich disciplinessubjects arestudents of. A referee
pointsout that the disciplinesof subjects is important becausesome
studiesreportthatwhether they studyeconomicsmayaffect their be-
havior. However, sincethere is no interaction between subjects in our
experiment,wedonothave to consider theeffect much.

(a) Unit 2 bids

(b) Unit 3 bids

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

Figure1(b) shows thatthereis a clearshift in thedistri-
butionof unit 3 bidsto unit 2 bidsin thepredicteddirection:
38.9% of all unit 3 bidsweremorethan% 5 below valuever-
sus20.44%of all unit 2 bids.However, 1.79%(9/504) of all
unit 3 bidsareequalto zeroastheDR-equilibrium requires.
There are still lots of unit 3 bids above value (33.53%,
169/504).This might be becausewe did not explicitly ad-
viseagainstbiddingabovevalue.KagelandLevine[10] ex-
plicitly advisedagainst bidding above value and success-
fully led subjectsnot to bid abovevalue.

Table3 summarizesthe datacontained in Figure1 and
our analysisof � 's bids comparedto the DR-equilibrium
predictions.

Table 4 calculatesactual and predictedearnings, ef�-



Unit 1 bids Unit 2 bids Unit 3 bids
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:�� 40.48% ��� �

�

: �

S

:-� 33.53%
(12/504) (204/504) (169/504)

Equilibrium Outcome : � 8E� : �

S

: � 8 
L�!� : �

S

: � 8 �

(DR-equilibrium)

Table 3. Bid ding in SUP (last 12 auctions)

Actual Predicted Difference
Earnings
52.67 114.19 -61.51a

(6.55) (7.43) (5.94)
Ef�ciency (Percentage)
92.62 94.93 -2.30b

(6.35) (3.98) (0.60)
Revenue
453.74 379.36 74.38

�

(13.17) (11.02) (8.71)

a Signi�cantly different from zeroat the 0.01%level, 2-
tailedWilcoxon signedranktest.

b Signi�cantly different from zero at the 0.2% level, 2-
tailedWilcoxon signedranktest.

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

ciency andrevenueover thelast12 auctions.Predictedval-
uesare basedon the DR-equilibrium predictions. Actual
earningsareabout half of predictedearnings.Theearnings
arecloserto theTT-equilibrium predictions ( % 68.70) than
to theDR-equilibrium predictions.

As Table3 shows,mostsubjectsbid onvalue.Thus,they
seemedto bid according to theTT-strategy. However, since
the aggregatedatadoesnot alwayscaptureindividual bid
patterns,wefocuson theindividual ratioof theactualearn-
ingsrelativeto thepredictedearningsaveragedover thelast
12auctions.Figure2 representsthedistribution of theratio.
We classifythebid patternsinto thefollowing threetypes.

1. A small percentage of all bidders (14.2%; 6/42) bid
sub-optimally, bidding closeto valueonunit 1 andunit
2. The bidders often bid below value on unit 3, and
thereis no bids above value.They obtainedearnings
of 95% or moreof maximum possibleearnings over
thelast12auctions.

2. Over half of the bidders (59.5%; 25/42) consistently

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

bid closeto their values on unit 2 and unit 3. How-
ever, bids above or below valueon unit 3 wereocca-
sionallyobserved. Therefore,theirbidsarewidely dis-
persed, andthebiddersobtainedthe35-85% of maxi-
mumpredictedearnings.

3. Theremaining bidders(11/42; 26.3%)bid abovevalue
onbothunit 2 andunit 3, with very little or nodemand
reductionon unit 3. They earnedat most30%of max-
imumpossibleearningsor non-positiveearnings.

Consequently, the distribution of the ratio of the earnings
suggests that bidders try to manipulate auctionoutcomes
andthey maychangetheir biddingpolicy in eachauction.

Ef�ciency is de�ned as the averageratio of the social
surplus to the Paretoef�cien t social surplus. Actual ef�-
ciency is very close to the predictedef�ciency. The ef�-
ciency lossesresultingfrom bidding above valueon both
unit 2 andunit 3 only offset the ef�ciency gains resulting
from over-revelation (very little demandreduction) of unit
3. Dropping 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 bid der � in last 12 auctions of the
SOP.

units(11/42subjects),theef�ciency improvesupto 94.41%
andtheef�ciency lossesdecrease.

Actual revenue is consistentlyabove the predictedrev-
enue. By dropping subjectswho oftenbid above value,al-
though the actual revenue ( % 421.00) comes close to the
predicted revenue ( % 379.36), the differenceis still large.
This resultsfrom over-revelation (truth-telling) of demand
onunit 3 in addition to many bidsabove value.

Theseresultsfor ef�ciency and revenue are consistent
with theearlierexperimentsby KagelandLevine [10].

4.2. Sealed-bidOption Allocation Auctions

Figure3 providesscatterdiagramsof unit 2 bidsandunit
3 bidsover thelast12auctions.It shows thatbidsaremore
widespreadthanthosein theSUP. As observedin theSUP,
thereis asmallshift in thedistribution of unit 3 bidsto unit
2 bidsin anunpredicteddirection: about 30%(225/744) of
all unit 2 bids andabout 38% (284/744)of all unit 3 bids
below valuearedistributedovera wide range of value.

However, it is natural thatthereis little incentiveto avoid
reducingdemandonunit 3 in theSOP. This demand reduc-
tion of unit 3 doesnot alwayshurt thebidders' earnings.If
they bid truthfully andobtainoptions with which they can
buy a certainnumber of units, they would only reduce the
numberof unitsthatthey actuallybuy to increasetheirprof-
its.

Thereis a largenumberof bidderswhobid above value:
about 40%of all bidson unit 2 andunit 3 aregreaterthan
value. However, bidders do not lose money as a conse-
quence of bidding above value:76.04% of all unit 2 bids
greaterthanvalueearnednonnegativepro�ts, while 80.68%
of all unit 3 bidsgreaterthanvalueearnednonnegativeprof-
its. Table5 summarizesthedatacontainedin Figure 3 and
ouranalysisof � 'sbidscomparedto theTT-equilibrium pre-
dictions.

Table 6 calculatesactual and predictedearnings, ef�-
ciency andrevenueover thelast12auctions.Predictedval-
uesarebasedon theTT-equilibrium predictions.

Actualearningsaresigni�cantly lowerthanthepredicted
earnings. This resultsfrom widespreadbids above or be-
low value.However, whencategorizing the individual data
by theratioof actualearnings relative to predictedearnings
averaged over the last 12 auctions,the consistency of bid-
ders'strategiesis moreapparent in theSOPthanin theSUP.
Let usexplain thebid patterns in theSOP.

1. Over the half of all bidders (58.06%; 36/62) consis-
tently bid on valueon unit 2 andbid on or occasion-
ally below valueon unit 3. They earned95%or more
of maximumpossibleearnings.

2. A third of bidders (30.64%;19/62) consistentlybid on
value on unit 2 but bid occasionallyabove or below
valueon unit 3. They obtained 45-85% of maximum
predictedearnings.

3. The remainingsmall percentageof bidders (11.29%;
7/62) consistentlybid above or on valueon unit 2 and
bid oftenabove value on unit 3. All of themobtained
non-positiveearnings.

Figure 4 shows that the distribution of the individual
earningsratioof theSOPappearsto bebimodal andhastwo
peaks,oneat0 andtheotherat1, although thefrequency at
0 might beoutliers.In contrast,thedistribution of theSUP
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(TT-equilibrium)

Table 5. Bid ding in the SOP (last 12 auctions)

Actual Predicted Difference
Earnings
91.85 120.99 -29.14a

(7.08) (6.50) (3.42)
Ef�ciency (Percentage)
87.59 93.57 -5.98

�

(6.35) (0.38) (0.75)
Revenue
400.26 398.19 2.07
(8.86) (8.55) (6.17)

a Signi�cantly different from zeroat the 0.01%level, 2-
tailedWilcoxon signedranktest.

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

in Figure2 is unimodal andhasonepeakat 0.5. The dif-
ferencebetweenthesedistributionssuggeststhat the larger
number of bidders acquirethe TT-strategy consistentlyin
theSOPthanthosein theSUP.

Actual ef�ciency is fartherfrom thepredictedef�ciency
thanin the SUP. The ef�ciency lossesresult from bidding
above valueon both unit 2 andunit 3. Dropping subjects
who never earnedpositive pro�ts (7/62 subjects),the ef�-
ciency improvesup to 91.12%.

Actual revenue is very closeto the predicted revenue.
Here,revenuegains resultingfrom bidding above valueon
bothunitsoffset revenuelossesresultingfrom bidding be-
low valueor choosing thesmalleroption.

Bidderswhodonot choosetheir optimal option mayex-
plain the differencesbetweenactualandpredicted values.
However, therewerefew bidderswho did not choosetheir
optimal options (6.99%; 52/744). On theotherhand,when
bidders chosetheir optimal options (93.01%; 692/744), a
thirdof them(33.2%;247/744)chosethesmalleroptionand
bought fewer units than they could have bought. This in-
cludesthefollowing two cases:bidders who obtainoptions
with which they canbuy threeunitsat maximum chooseto

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 maximize their pro�ts (31.72%; 236/744);
the otherbidders who obtainoptions with which they can
buy two unitsat maximum chooseto buy nothing because
thepriceof theoptionissohighthatthey facealoss(1.48%;
11/744).As aresult,in thethird of theSOP, oneor two units
remainunsold.Theseunsoldunitstheoretically andexperi-
mentallyreducesef�ciency of theSOPevenmorethanthat
of theSUP.

5. Discussions

5.1. Segmentation

Tables4 and6 show thatConjectures1 and2 hold. The
differencesaresigni�cant;
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jecture 2. However, they also indicate that Conjecture 3
is rejectedandthedifferenceis signi�cant;
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A possiblereasonwhy Conjecture3 is rejectedis that
the outcomes in the SUParecloserto the TT-equilibrium
thanto the DR-equilibrium. Table2 shows the revenue in
theSUPwith theTT-strategy is evengreaterthanthatin the
SOP. Furthermore,bidsabovevalueonbothunit 2 andunit
3 increasebidders' payment easilybecausea bidder's out-
comedependsdirectlyonherown bid in theSUP. After all,
only few subjectscould �nd that the DR-strategy is opti-
mal in theSUP. Thus,theresultsin theSUPcomescloseto
thepredictedresultsfrom theTT-strategy.

Theseresultssuggestthat a seller would usethe SUP
to increaseef�ciency andrevenue,while usingtheSOPto
increasebuyers' earnings, say customersatisfaction.This
segmentation gives the seller a clue as to which proto-
col he shouldchoose. However, we should note that the
higher revenue in the SUP might not always realizecon-
sidering agent-mediatedmarkets.In otherwords,sophisti-
catedagentswould easily�nd the DR-strategy to increase
their earningsthoughsubjectsin ourexperimentscouldnot
�nd it.

5.2. Stability of the TT-strategy in the SOP

Bids in the SOPare dispersedmuch more than in the
SUP. In particular, over-bidding behavior preventsthe the-
ory from predictingresultscorrectly. Therefore, the earn-
ings andef�ciency become muchworsethanpredicted in
theSOPbecausesomeof thebidders tendto over-bid.

Nevertheless,the revenue is more consistentwith the
theoretical predictions in the SOPthan in the SUP. Thus,
we can say that the SOP would lead sellers to predict
their revenuemorecorrectly. In addition, asthetheory pre-
dicts, under-bidding behavior doesnot make the perfor-
mance worseso much and it is dif�cult for agentsto in-
creasetheir earnings by deviating from the strategy, since
theTT-strategy is optimal in theSOP.

Alternatively, theratio of earnings to thepredictedones
revealsthat therearebidders who earnapproximatelypre-
dictedpro�ts in theSOPmoreconsistentlythanin theSUP.
In contrast, the ratio in the SUP is uniformly distributed,
soeachof thebidderschangesbetweenthevariousbidding
policies.Accordingly, wecansaythattheTT-strategy in the
SOPis morestablethantheDR-strategy in theSUP, though
therearea certainnumber of bidderswho could not earn
non-negativepro�ts in theSOP.

5.3. OpenAscending-priceAuctions

It is more important to explore bidding behavior in an
open ascending-priceversionof theOP(AOP),sinceit has
developedasthe�rst non-trivial openauctionin whichsin-
cerebidding by all biddersis anex postperfectequilibrium,
even if themarginal values of bidders canincrease.This is

oneof themostsalienttheoretical characteristicof theOP.
Thus,wealsoconductedtheexperimentsontheAOP. In the
auctions,biddersobtainfeedbackregardingrivals' drop-out
pricesothatthey canchange their bidding strategies.

In the AOP, bidders conceal their demands on unit 3
morelikely thanthosein theSOP, althoughthey alsotendto
bid above valueon unit 2. At thesametime, thereis a sig-
ni�cant number of bids extremely above value on unit 3,
i.e., declaringthreeunitsuntil theendof theauction.This
bidding behavior maybeobservedbecausethereis a strat-
egy thatprovidesthesameoutcomeastheTT-strategy, e.g.,
adaptive bidding strategies in which a bidderchangesher
bidding strategy during anauction.Shecanobserve theag-
gregatedemands,whichtellshertheoptionsshegets.Then,
if sheobservesthat shecannot further improve her utility,
shemaymaintainhercurrent bid dueto lazinessor thede-
sireto hidehertruevaluations.

Actualearningsandef�ciency becomeworsethanin the
SOP, while revenueremains approximatelythesame.Nev-
ertheless,theTT-strategy in theAOPisstill morestablethan
theopenascending-priceversionof theUP.

6. Conclusions

We examine multi-unit option allocationauctionproto-
col employing laboratory experimentationandexploredthe
performances and behavior in the auctions when bidders
have their marginal values that can increase for identical
units.We do not assertthat the sameresultswould be ob-
servedin environmentswheresomebidders arehumanand
others are more sophisticatedagents.We believe that our
dataprovide an important �rst stepandare suggestive of
whatmightbeobservedin real-world settings.

Theexperimentalresults�rst proposea cluefor a seller
to choosea protocol in his business.Second,the resultsin
theSUPis closerto theoneswith theTT-strategy thanthose
with theDR-strategy. Theaggregatedataseemsto indicated
that theperformance in theSUParebetterthanthat in the
SOP. Theindividual bidding tells usthatthestability of the
revenueandtheTT-strategy in theSOP.

Alternatively, the aggregatedataindicatethat the theo-
reticalpredictionsrelatively fail dueto slightly few bidders
in the SOP. Therefore, theseresultssuggestthat the out-
comesof theSOParesensitive to bidsabovevalue andthat
preventingbidders from suchover-bidding is an important
issuein implementing theOPin a real-world setting.

We would like to addananalysisof theAOPin order to
furtherclarify thepotential advantagesanddisadvantagesof
theOPcomparedto otherprotocols in futureworks.More-
over, we would like to construct bounded rational agents
to reproduceexperimentalresults.We believethatdevelop-
ing suchagentswould acceleratethedesignandevaluation
of bidding agentsandfeasiblemechanisms.
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