
Stability of the Truth-telling Strategy in Multi-unit Option Allocation Auctions:
Laboratory Experimentation

�

Atsushi Iwasaki and Makoto Yokoo
Graduate School of Information Science

and Electrical Engineering, Kyushu University,
Fukuoka 812-8581, JAPAN,�

iwasaki,yokoo � @is.kyushu-u.ac.jp

Masafumi Matsuda
NTT Corporation,

NTT Communication Science Laboratories,
Kyoto 619-0237, JAPAN,

masafumi@cslab.kecl.ntt.co.jp

Abstract

This paper investigates the performance and bidding be-
havior in a multi-unit option allocation auction protocol,
employing laboratory experiments. In the protocol, truth-
telling is a weakly dominant strategy, even if the marginal
values of each agent can increase and agents can submit
“false-name bids.” However, such new protocols have not
been widely used so far. One major reason is that people do
not trust how well a new protocol might perform in a real-
world setting. In the real-world setting, there exist not only
computational agents, but also real humans. To fill the gap
between theory and the real-world, we focus on laboratory
experimentation using real humans to observe how bidders
will behave in an environment that includes both real hu-
mans and computational agents. Our experimental results
propose a segmentation which gives a seller a clue as to
which protocol he should choose and also show that there
is some over-bidding behavior in our protocol, and the ex-
istence of this behavior makes the earnings and efficiency
of our protocol worse than the predicted values. Neverthe-
less, individual data indicate that our protocol leads a con-
siderably larger bidders to take a truth-telling strategy con-
sistently than does a uniform-price auction.

1. Introduction

The Internet has recently provided an excellent infras-
tructure for executing much cheaper auctions with huge
number of buyers and sellers from all over the world. More
and more companies and consumers buy and sell various
goods on Internet auctions; therefore, Internet auctions have
become a popular part of Electronic Commerce [14, 13].

� This research was conducted when the authors (Atsushi Iwasaki and
Makoto Yokoo) belonged to NTT Corporation, NTT Communication
Science Laboratories.

In particular, computational mechanism design has become
very popular among computer scientists [7, 4, 5]. Some of
these works developed bidding agents to help humans par-
ticipant in auctions, e.g., [11], while others design a robust
auction protocol against frauds that can occur in the Inter-
net, e.g., [15].

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

One major reason why these new protocols have not been
used so far is that people do not trust how well a new proto-
col might perform in a real-world setting. In the real-world
setting, there exist not only computational agents, but also
real humans. These real humans can directly participate in
the auction as well as indirectly participate via proxy agents.

These humans and computational agents controlled by
humans do not necessarily act as anticipated by the designer
of a protocol. When designing a mechanism, we often as-
sume that they take an equilibrium strategy. On the other
hand, the behavior of them can be rather complicated and
difficult to predict. For example, human with wrong valua-
tions and agents with flawed code would make mistake, i.e.,
non-equilibrium strategies. It may be to the advantages of
other participants (experts or sophisticated agents) to play
by non-equilibrium strategies. The fact that we don’t know
how a new protocol would performs in such situations can
prevent people from using it and encourage them to stick to
more traditionally familiar protocols, although new proto-
cols potentially have various advantages.

To fill the gap between theory and the real-world, we
need to examine the performance of a new protocol when
it is used among real humans and/or computational agents
so that we can use the obtained knowledge to design a bet-
ter protocol that can achieve desirable properties.

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



False-name bids
n/a available

Marginal decreasing VCG/Ausubel VCG/Ausubel
values general VCG Option Allocation

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

In this paper, we focus on laboratory experimentation us-
ing real humans to observe how bidders will behave in an
environment that includes both real humans and computa-
tional agents. Alternatively, we can use simulations to ex-
amine off-equilibrium behaviors. However, this does not
meet our current goal of observing what kinds of behav-
iors appear in such an environment. As Roth [12] pointed
out, we believe that mechanism design, laboratory experi-
ments, and simulation must complement each other in de-
signing protocols that can be widely accepted. In fact, many
auction experiments have already been conducted [9, 10, 3].
Bichler [3] analyzed multi-attribute auctions to implement
his auction in a real-world setting. Kagel and Levine [10] in-
vestigated bidding behavior in multi-unit uniform-price and
Ausubel auctions.

More specifically, we examine the performance and be-
havior of an auction protocol 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 increase and agents
can submit “false-name bids.”2 Table 1 summarizes auc-
tion protocols where truth-telling or sincere bidding is an
equilibrium strategy. This protocol is the first non-trivial
open ascending-price auction protocol that generalizes the
Ausubel auction [1] both in terms of the types of value func-
tions and in terms of the robustness against false-name bids.
However, this paper mainly explains the results on a sealed-
bid version of the OP because they were theoretically equiv-
alent to those on an open ascending-price version of the OP.
Furthermore, we compare the OP with a uniform-price auc-
tion, which is a representative conventional auction and ac-
tually used [6]. Our experimental results show that individ-
ual bidding indicates the closer conformity to truth-telling
in the OP than the UP, although the aggregate data indi-
cates that the theoretical predictions of the OP fails more
than those of the UP because of a certain number of over-
bidding bidders.

This paper is organized as follows. Section 2 introduces

2 False-name bids involve a new type of cheating that can be done eas-
ily on the Internet. Specifically, there may be some agents with ficti-
tious names, such as multiple e-mail addresses, who can decrease their
payments by using false-name bids [16]. However, we excluded false-
name bids to make experiments tractable because it is difficult for sub-
jects to understand the procedure itself of the OP.

the valuation setting in our experiments and explains the
uniform-price and option allocation auctions. Section 3 out-
lines our experimental design. Section 4 reports the results
of the experiments. Section 5 discusses our results and men-
tions the experimental results of open ascending-price auc-
tions. Section 6 concludes the paper.

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

This section discusses our valuation setting and two
multi-unit auction protocols, the sealed-bid uniform-price
(SUP) and the sealed-bid option allocation (SOP) auctions,
as well as the game theoretical predictions.

2.1. Valuation Setting

Ausubel and Cramton [2] introduced a flat demands set-
ting where bidder � has a constant marginal value ��� for the
good up to the available supply. Kagel and Levine [10] em-
ployed the flat demands setting and conducted their exper-
iments on the uniform-price and Ausubel auctions with a
supply of two units.

We extend this setting to estimate a situation where the
marginal values of bidders can increase. Let us consider the
following example: “You are purchasing tickets for you and
your child. You demand at least two tickets, thus not settling
for one ticket. If the price is cheap enough, you may demand
three tickets, with the third for your husband or wife.” In
general, we can assume that the marginal values tend to di-
minish if the quantity of units becomes very large. On the
other hand, if the quantity of units is relatively small, we as-
sume that the marginal values of bidders can increase.

We investigate bidding in independent private value auc-
tions with �����
	�� bidders and three identical goods. Bid-
ders 	 , 
 , ����� , � demand only one unit, valuing it at ��� , ��� ,
����� , ��� , respectively. The ������	�� th bidder, � , demands three
units of the good, valuing them at � , 
���� , ��
������ �!� , respec-
tively ( �#"$���&%�	�� ). Bidders’ values, � � ���'")(!	*%+
,%������-%.��%/�10��
are drawn iid from a uniform distribution on the interval2 �&%/354 .

2.2. Sealed-bid Uniform-price Auction

In the sealed-bid uniform-price auction [6] (also called
a multi-unit English auction), each bidder simultaneously
submits a sealed bid vector 6�7�89(�: �� %�������%+:�;� %�������%/:-<� 0 , in
which :�;� represents a value for = units of an item. However,
a bidder is constrained to submit : ;�> �� ? :�;� . The value vec-
tor may or may not be true. The auctioneer inverts the bid
vector to obtain a demand curve @ � �BAC� according to Eq. 1.

@ � �BAC�'8ED*F.GIHJDLK
;�M,N O�P <RQ

(�: ;�TS A�UV=W0�� (1)



The demand curve represents the demand of the bidder
at a price per unit of A . Then the auctioneer aggregates all
bidders’ demands at each price per unit. All units are sold
at the market-clearing price at which the aggregate demand
exactly meets the available supply.

For bidders demanding a single-unit, the optimal strat-
egy is bidding their value � � on one unit. The optimal strat-
egy of the bidder who demands three units against � bidders
with single-unit demand is to bid � on one unit, 
���� truth-
fully on two units and 
L��� on three units. Notice that the
marginal value between the bid on two units and on three
units is zero. Ausubel and Cramton [2] define such bidding
as “demand reduction” in the SUP. Accordingly, a truth-
telling strategy is not an equilibrium strategy in the SUP. For
bidder � , the demand reduction (DR-) strategy is a weakly
dominant strategy in our setting.

2.3. Sealed-bid Option Allocation Auction

The procedure of the sealed-bid option allocation auc-
tion [8] is similar to that of the SUP. However, the auction-
eer allocates options to bidders once in the SOP, according
to “clinching rule” developed by Ausubel [1]. Each option
includes a pair of the number of units a bidder can obtain
and the price per unit she pays. She then chooses the num-
ber of units per price bidders actually obtains from their al-
located options.

Each bidder simultaneously submits a bid vector. The
auctioneer then inverts the bid vectors to obtain a demand
curve according to Eq. 1. The auctioneer then calculates all
bidders’ demands at each price per unit. Next, the auction-
eer considers a price vector

(/A O %������ %�A
�
%������ %�A

�
0 for all

� %&A
� > ��� A

�
� (2)

Notice that A � satisfies � � @��/�BA
� � ?�� � � � @��/�BA

� > � � .
Let us define the maximum quantity of units that a bid-

der � can buy at price A � as 	 � � :
	 � � 8 H�

���!@ � �BA � �-%�� > � � A

� ����% (3)

where � > � �BAC� represents the residual supply facing bidder �
at price A defined as Eq. 4.

� > � �BAW��� HJDLKW(��&% � S������ �
@
�
�BAC�+0*� (4)

The residual supply is always non-negative and a non-
decreasing function at the price A . It also indicates the
amount of the item that other bidders no longer demand at
that price.

The auctioneer allocates options represented by the fol-
lowing ordered pairs,

(��BA O %�	 O � �-%�������%�� A � %�	 � � � %�������%��BA � %�	 �� �+0�%

where � A � %�	 � � � means that bidder � can buy �C� " 2 �&%�	 � � 4
units of the item at price A � . From the definition, 	 � � is non-
decreasing. Therefore, when bidder � purchases � � units, the
optimal price per unit is given by

A ���W� � 8 H�

� (.A! 	 �.� AW� ? � � 0!� (5)

Finally, each bidder chooses one of the options she clinched
and executes it.

However, when bidder � executes an option that satisfies	 � � 8 @ � �BA � � , the following restrictions are imposed on the
bidder to increase the risk of a stay-high bidding strategy, in
which a bidder maintains a high constant demand." The bidder is not allowed to choose to buy nothing." If the bidder chooses to buy units at price A � , then she

needs to buy the maximum number of units 	 � � .
For bidders demanding a single-unit there is a dominant

strategy to bid their value, � � as in the uniform-price auc-
tion. For bidder � the truth-telling (TT-) strategy is a weakly
dominant strategy in our setting.

3. Experimental Design and Informal Conjec-
tures

There are three units for sale and one subject competing
against three computer agents in each experimental auction
( ��8$# ). Valuations ��� ��� " (!	!%/
 %�# %+� 0�� are drawn iid from
a uniform distribution with support

2 � %&%('��*� �*),+-# � .*��� 4 and
� 8 �&� / . Computer agents 	 , 
 and # demand only one
unit, and they are programmed to follow the dominant strat-
egy. Each � s know they are bidding against computers, the
number of computers, and the computer’s bidding strategy.
This use of computer agents may seem to be unrealistic.
However, this paper is mainly interested in subjects’ behav-
ior in the different auctions. Introducing computer agents
makes simplifies the strategic environment that a subject
faces. Thus, we can concentrate on how subjects respond
to auction protocols.

Table 2 shows the results of numerical calculations when
bidder � is assumed to take either of two strategies: the TT-
strategy or the DR-strategy. These expected values are cal-
culated with 500 sets of simulations in each combination of

Protocol Uniform-price Option Allocation
Strategy TT DR 0 TT 0 DR
Earnings 72.32 122.96 124.84 122.96

Efficiency (%) 96.15 95.57 93.19 95.57
Revenue 483.14 398.72 405.39 398.72

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



a protocol and a strategy. It also suggests the following con-
jectures:

Conjecture 1: The expected earnings in the SOP are
higher than those in the SUP.

Conjecture 2: The expected efficiency in the SUP is
higher than that in the SOP.

Conjecture 3: The expected revenue in the SOP is higher
than that in the SUP.

Bidders � were drawn from a wide cross-section by a
temporary staff agency. Almost all of them were under-
graduate students at universities around Kyoto.3 Instruc-
tions were read out loud with subjects having copies to
read as well. In the sealed-bid auctions, subjects submitted
three bids : � , : � and :�� on unit 1, unit 2 and unit 3, respec-
tively. Note that they bid the value itself on each unit, not
the marginal value. After submitting bids, the auction out-
come immediately appeared on the computer screen. Only
in the SOP, each subject then chose one of the options she
obtained. At the end of each auction, the number of units
she obtained was identified, payments were posted, profit
was calculated, and cash balances was updated.

Our sessions began with 3 or 5 dry runs to familiar-
ize subjects with the procedures, followed by 27 auctions
played for cash. At the start of each auction both � and com-
puters received new valuations. Subjects were given start-
ing cash balances of % 300. Positive profits were added to
this balance and negative profits subtracted from it. End-of-
experiment balances were later paid in subjects’ bank ac-
counts. Our sessions lasted between 1.5 and 2 hours. The
SUP was conducted in two sessions (20+22=42 subjects)
and the SOP used three sessions (22+22+18=62 subjects).

4. Experimental Results

4.1. Sealed-bid Uniform-price Auctions

Figure 1 provides scatter diagrams of unit 2 bids and unit
3 bids over the last 12 auctions after subjects have learned
the auction rule. Figure 1(a) represents � : � S : � � � 
 relative
to � � , while Figure 1(b) represents : � S :-� relative to ��� � .

Figure 1(a) shows a large number of bids at value for unit
2. Categorizing bids within % 5 of value as equal to value,
about 40% of unit 2 bids were on value and above value.
However, bidders do not lose money as a consequence of
bidding above value: 82.84% of all unit 2 bids greater than
value earned nonnegative profits.

3 We have no data which disciplines subjects are students of. A referee
points out that the disciplines of subjects is important because some
studies report that whether they study economics may affect their be-
havior. However, since there is no interaction between subjects in our
experiment, we do not have to consider the effect much.

(a) Unit 2 bids

(b) Unit 3 bids

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

Figure 1(b) shows that there is a clear shift in the distri-
bution of unit 3 bids to unit 2 bids in the predicted direction:
38.9% of all unit 3 bids were more than % 5 below value ver-
sus 20.44% of all unit 2 bids. However, 1.79% (9/504) of all
unit 3 bids are equal to zero as the DR-equilibrium requires.
There are still lots of unit 3 bids above value (33.53%,
169/504). This might be because we did not explicitly ad-
vise against bidding above value. Kagel and Levine [10] ex-
plicitly advised against bidding above value and success-
fully led subjects not to bid above value.

Table 3 summarizes the data contained in Figure 1 and
our analysis of � ’s bids compared to the DR-equilibrium
predictions.

Table 4 calculates actual and predicted earnings, effi-



Unit 1 bids Unit 2 bids Unit 3 bids
:�� � � n/a : � S :�� � 
�� � 20.44% : � S :-� � ��� � 38.89%

(103/504) (196/504)
: � 8 � 97.62% 
��!� 8 : � S : � 39.09% ���!� 8 :�� S : � 27.58%

(492/504) (197/504) (139/504)
� � :�� 2.38% 
�� � � :-� S :�� 40.48% ��� � � : � S :-� 33.53%

(12/504) (204/504) (169/504)
Equilibrium Outcome : � 8E� : � S : � 8 
L�!� : � S : � 8 �

(DR-equilibrium)

Table 3. Bidding in SUP (last 12 auctions)

Actual Predicted Difference
Earnings
52.67 114.19 -61.51a

(6.55) (7.43) (5.94)
Efficiency (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 Significantly different from zero at the 0.01% level, 2-
tailed Wilcoxon signed rank test.

b Significantly different from zero at the 0.2% level, 2-
tailed Wilcoxon signed rank test.

Table 4. Earnings, Efficiency and Revenue in
the SUP (mean values with standard error of
the mean in parentheses)

ciency and revenue over the last 12 auctions. Predicted val-
ues are based on the DR-equilibrium predictions. Actual
earnings are about half of predicted earnings. The earnings
are closer to the TT-equilibrium predictions ( % 68.70) than
to the DR-equilibrium predictions.

As Table 3 shows, most subjects bid on value. Thus, they
seemed to bid according to the TT-strategy. However, since
the aggregate data does not always capture individual bid
patterns, we focus on the individual ratio of the actual earn-
ings relative to the predicted earnings averaged over the last
12 auctions. Figure 2 represents the distribution of the ratio.
We classify the bid patterns into the following three types.

1. A small percentage of all bidders (14.2%; 6/42) bid
sub-optimally, bidding close to value on unit 1 and unit
2. The bidders often bid below value on unit 3, and
there is no bids above value. They obtained earnings
of 95% or more of maximum possible earnings over
the last 12 auctions.

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

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

bid close to their values on unit 2 and unit 3. How-
ever, bids above or below value on unit 3 were occa-
sionally observed. Therefore, their bids are widely dis-
persed, and the bidders obtained the 35-85% of maxi-
mum predicted earnings.

3. The remaining bidders (11/42; 26.3%) bid above value
on both unit 2 and unit 3, with very little or no demand
reduction on unit 3. They earned at most 30% of max-
imum possible earnings or non-positive earnings.

Consequently, the distribution of the ratio of the earnings
suggests that bidders try to manipulate auction outcomes
and they may change their bidding policy in each auction.

Efficiency is defined as the average ratio of the social
surplus to the Pareto efficient social surplus. Actual effi-
ciency is very close to the predicted efficiency. The effi-
ciency losses resulting from bidding above value on both
unit 2 and unit 3 only offset the efficiency gains resulting
from over-revelation (very little demand reduction) of unit
3. Dropping subjects who 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 (11/42 subjects), the efficiency improves up to 94.41%
and the efficiency losses decrease.

Actual revenue is consistently above the predicted rev-
enue. By dropping subjects who often bid above value, al-
though the actual revenue ( % 421.00) comes close to the
predicted revenue ( % 379.36), the difference is still large.
This results from over-revelation (truth-telling) of demand
on unit 3 in addition to many bids above value.

These results for efficiency and revenue are consistent
with the earlier experiments by Kagel and Levine [10].

4.2. Sealed-bid Option Allocation Auctions

Figure 3 provides scatter diagrams of unit 2 bids and unit
3 bids over the last 12 auctions. It shows that bids are more
widespread than those in the SUP. As observed in the SUP,
there is a small shift in the distribution of unit 3 bids to unit
2 bids in an unpredicted direction: about 30% (225/744) of
all unit 2 bids and about 38% (284/744) of all unit 3 bids
below value are distributed over a wide range of value.

However, it is natural that there is little incentive to avoid
reducing demand on unit 3 in the SOP. This demand reduc-
tion of unit 3 does not always hurt the bidders’ earnings. If
they bid truthfully and obtain options with which they can
buy a certain number of units, they would only reduce the
number of units that they actually buy to increase their prof-
its.

There is a large number of bidders who bid above value:
about 40% of all bids on unit 2 and unit 3 are greater than
value. However, bidders do not lose money as a conse-
quence of bidding above value: 76.04% of all unit 2 bids
greater than value earned nonnegative profits, while 80.68%
of all unit 3 bids greater than value earned nonnegative prof-
its. Table 5 summarizes the data contained in Figure 3 and
our analysis of � ’s bids compared to the TT-equilibrium pre-
dictions.

Table 6 calculates actual and predicted earnings, effi-
ciency and revenue over the last 12 auctions. Predicted val-
ues are based on the TT-equilibrium predictions.

Actual earnings are significantly lower than the predicted
earnings. This results from widespread bids above or be-
low value. However, when categorizing the individual data
by the ratio of actual earnings relative to predicted earnings
averaged over the last 12 auctions, the consistency of bid-
ders’ strategies is more apparent in the SOP than in the SUP.
Let us explain the bid patterns in the SOP.

1. Over the half of all bidders (58.06%; 36/62) consis-
tently bid on value on unit 2 and bid on or occasion-
ally below value on unit 3. They earned 95% or more
of maximum possible earnings.

2. A third of bidders (30.64%; 19/62) consistently bid on
value on unit 2 but bid occasionally above or below
value on unit 3. They obtained 45-85% of maximum
predicted earnings.

3. The remaining small percentage of bidders (11.29%;
7/62) consistently bid above or on value on unit 2 and
bid often above value on unit 3. All of them obtained
non-positive earnings.

Figure 4 shows that the distribution of the individual
earnings ratio of the SOP appears to be bimodal and has two
peaks, one at 0 and the other at 1, although the frequency at
0 might be outliers. In contrast, the distribution of the SUP



Unit 1 bids Unit 2 bids Unit 3 bids
:�� � � n/a : � S :�� � 
�� � 30.24% : � S :-� � ��� � 38.17%

(225/744) (284/744)
: � 8 � 92.34% 
��!� 8 : � S : � 27.69% ���!� 8 :�� S : � 22.18%

(687/744) (206/744) (165/744)
� � :�� 7.66% 
�� � � :-� S :�� 40.07% ��� � � : � S :-� 39.65%

(57/744) (313/744) (295/744)
Equilibrium Outcome : � 8E� : � S : � 8 
L�!� :�� S : � 8 ���!�

(TT-equilibrium)

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

Actual Predicted Difference
Earnings
91.85 120.99 -29.14a

(7.08) (6.50) (3.42)
Efficiency (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 Significantly different from zero at the 0.01% level, 2-
tailed Wilcoxon signed rank test.

Table 6. Earnings, Efficiency and Revenue in
the SOP (mean values with standard error of
the mean in parentheses)

in Figure 2 is unimodal and has one peak at 0.5. The dif-
ference between these distributions suggests that the larger
number of bidders acquire the TT-strategy consistently in
the SOP than those in the SUP.

Actual efficiency is farther from the predicted efficiency
than in the SUP. The efficiency losses result from bidding
above value on both unit 2 and unit 3. Dropping subjects
who never earned positive profits (7/62 subjects), the effi-
ciency improves up to 91.12%.

Actual revenue is very close to the predicted revenue.
Here, revenue gains resulting from bidding above value on
both units offset revenue losses resulting from bidding be-
low value or choosing the smaller option.

Bidders who do not choose their optimal option may ex-
plain the differences between actual and predicted values.
However, there were few bidders who did not choose their
optimal options (6.99%; 52/744). On the other hand, when
bidders chose their optimal options (93.01%; 692/744), a
third of them (33.2%; 247/744) chose the smaller option and
bought fewer units than they could have bought. This in-
cludes the following two cases: bidders who obtain options
with which they can buy three units at maximum choose to

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

buy two units to maximize their profits (31.72%; 236/744);
the other bidders who obtain options with which they can
buy two units at maximum choose to buy nothing because
the price of the option is so high that they face a loss (1.48%;
11/744). As a result, in the third of the SOP, one or two units
remain unsold. These unsold units theoretically and experi-
mentally reduces efficiency of the SOP even more than that
of the SUP.

5. Discussions

5.1. Segmentation

Tables 4 and 6 show that Conjectures 1 and 2 hold. The
differences are significant;

� � 	�
!
��!� ='&� � . , A � � � �*�!� 	 for
Conjecture 1, and

� � 	�
-'��*� = S �,� 	�# , A � � � �*�!� 	 for Con-
jecture 2. However, they also indicate that Conjecture 3
is rejected and the difference is significant;

� ��� #!
!� = S #&� #�� ,
A � �&� �!�*� / .



A possible reason why Conjecture 3 is rejected is that
the outcomes in the SUP are closer to the TT-equilibrium
than to the DR-equilibrium. Table 2 shows the revenue in
the SUP with the TT-strategy is even greater than that in the
SOP. Furthermore, bids above value on both unit 2 and unit
3 increase bidders’ payment easily because a bidder’s out-
come depends directly on her own bid in the SUP. After all,
only few subjects could find that the DR-strategy is opti-
mal in the SUP. Thus, the results in the SUP comes close to
the predicted results from the TT-strategy.

These results suggest that a seller would use the SUP
to increase efficiency and revenue, while using the SOP to
increase buyers’ earnings, say customer satisfaction. This
segmentation gives the seller a clue as to which proto-
col he should choose. However, we should note that the
higher revenue in the SUP might not always realize con-
sidering agent-mediated markets. In other words, sophisti-
cated agents would easily find the DR-strategy to increase
their earnings though subjects in our experiments could not
find it.

5.2. Stability of the TT-strategy in the SOP

Bids in the SOP are dispersed much more than in the
SUP. In particular, over-bidding behavior prevents the the-
ory from predicting results correctly. Therefore, the earn-
ings and efficiency become much worse than predicted in
the SOP because some of the bidders tend to over-bid.

Nevertheless, the revenue is more consistent with the
theoretical predictions in the SOP than in the SUP. Thus,
we can say that the SOP would lead sellers to predict
their revenue more correctly. In addition, as the theory pre-
dicts, under-bidding behavior does not make the perfor-
mance worse so much and it is difficult for agents to in-
crease their earnings by deviating from the strategy, since
the TT-strategy is optimal in the SOP.

Alternatively, the ratio of earnings to the predicted ones
reveals that there are bidders who earn approximately pre-
dicted profits in the SOP more consistently than in the SUP.
In contrast, the ratio in the SUP is uniformly distributed,
so each of the bidders changes between the various bidding
policies. Accordingly, we can say that the TT-strategy in the
SOP is more stable than the DR-strategy in the SUP, though
there are a certain number of bidders who could not earn
non-negative profits in the SOP.

5.3. Open Ascending-price Auctions

It is more important to explore bidding behavior in an
open ascending-price version of the OP (AOP), since it has
developed as the first non-trivial open auction in which sin-
cere bidding by all bidders is an ex post perfect equilibrium,
even if the marginal values of bidders can increase. This is

one of the most salient theoretical characteristic of the OP.
Thus, we also conducted the experiments on the AOP. In the
auctions, bidders obtain feedback regarding rivals’ drop-out
price so that they can change their bidding strategies.

In the AOP, bidders conceal their demands on unit 3
more likely than those in the SOP, although they also tend to
bid above value on unit 2. At the same time, there is a sig-
nificant number of bids extremely above value on unit 3,
i.e., declaring three units until the end of the auction. This
bidding behavior may be observed because there is a strat-
egy that provides the same outcome as the TT-strategy, e.g.,
adaptive bidding strategies in which a bidder changes her
bidding strategy during an auction. She can observe the ag-
gregate demands, which tells her the options she gets. Then,
if she observes that she cannot further improve her utility,
she may maintain her current bid due to laziness or the de-
sire to hide her true valuations.

Actual earnings and efficiency become worse than in the
SOP, while revenue remains approximately the same. Nev-
ertheless, the TT-strategy in the AOP is still more stable than
the open ascending-price version of the UP.

6. Conclusions

We examine multi-unit option allocation auction proto-
col employing laboratory experimentation and explored the
performances and behavior in the auctions when bidders
have their marginal values that can increase for identical
units. We do not assert that the same results would be ob-
served in environments where some bidders are human and
others are more sophisticated agents. We believe that our
data provide an important first step and are suggestive of
what might be observed in real-world settings.

The experimental results first propose a clue for a seller
to choose a protocol in his business. Second, the results in
the SUP is closer to the ones with the TT-strategy than those
with the DR-strategy. The aggregate data seems to indicated
that the performance in the SUP are better than that in the
SOP. The individual bidding tells us that the stability of the
revenue and the TT-strategy in the SOP.

Alternatively, the aggregate data indicate that the theo-
retical predictions relatively fail due to slightly few bidders
in the SOP. Therefore, these results suggest that the out-
comes of the SOP are sensitive to bids above value and that
preventing bidders from such over-bidding is an important
issue in implementing the OP in a real-world setting.

We would like to add an analysis of the AOP in order to
further clarify the potential advantages and disadvantages of
the OP compared to other protocols in future works. More-
over, we would like to construct bounded rational agents
to reproduce experimental results. We believe that develop-
ing such agents would accelerate the design and evaluation
of bidding agents and feasible mechanisms.
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