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1 Introduction

This study endows computational agents with a lagrmodel and uses these
agents in computational experiments to make thoeg&ibutions to knowledge about
multiagent simulations of sealed-bid auctions.

Several empirical studies have shown that impuddanice learning explains how
human bidders in auction experiments adjust thdiphce strategies (Selten and Buchta,
1998; Selteret alia, 2005; Ockenfels and Selten, 2005; Neugebauetatidn, 2006;
Garvin and Kagel, 1994; Kagel and Levin, 1999).sThakes it a promising method to
investigate as the learning model in a multiaggstesn. The first contribution is to
adapt Selten’s impulse balance learning methodgerby agents in a multiagent system.

In real-world auctions (such as those for timbéesanil leases, spectrum, and
services) the item value often has both a privateerand a common value component
(Goeree and Offerman, 2002). Thus, the seconttibation is to determine how profit,
revenue, and efficiency change as the common vaogponent increases. There are no
lab experiments to indicate whether this chandg@ézr or non-linear. The multiagent
simulations show that as the common value percen¢ases, profit, revenue, and
efficiency all decrease monotonically (and oftemlimearly), but they decrease at
different rates. Profit curves tend to decreastefaat higher common values, revenue
curves tend to decrease more rapidly at low comwvadure percents, and efficiency
curves tend to stay high and then decrease rafudhjigh percents of common value.

The third contribution is to determine whether ayrbe worthwhile for a seller
(such as a federal or state government) to entountiegful revelation of the true common

value by auction winners. In lab experiments, &amnd Levin (1999) show that



revealing information about the true common vatuérst-price auctions increased or
decreased revenue depending upon the number adrsiddd the degree of uncertainty
about the common value. The multiagent simulatgiwswv that forcing revelation of the
true common value may have beneficial revenue &ffigben there is a higher degree of
uncertainty about the common value.

In Section 2, | describe the auction model. SecBrovides details of the
learning model and its properties of convergenackesamsitivity. Section 4 compares the
results of learning model with results from lab estments in other studies. Section 5
demonstrates the nonlinear variation of revenueedindency with the common value
percent. Section 6 shows the results of requitiegauction winners to reveal the actual

common value to the auction losers. Section 7emtssconclusions.

2 Auction Model

The multiagent system platform is described in Mabbhcher (2007). In this
section, | describe how the system implements adunel the value signals for bidders
(2.1), the levels of information feedback (2.2)d d@ne number of periods and bidders
(2.3).
2.1  Values and Value Signals

Before participating in a sealed-bid auction inipett, each bidder determines

its estimate for the valué of the item, and this estimate is called a valgea, denoted

v ! Most auction research has involved a singleevalgnaly; that is either pure

private (\fp,t) or pure common\l,t), and these pure signals are called “one-dimea$ion

! The notation is summarized in Table 1.



value signals. The bidders’ value signals are épnvate value” when they base their
estimates on their own value for the item, withoorisidering how other bidders might
value the item. The value signals are “pure comralue” when bidders base their
estimates on an estimated future actual valuagtammon to all bidders, for example a
resale price. In the case of pure private valeash bidder will have a different value
signal and the estimated value for a bidder isattteal value of the item to that bidder.

In the case of pure common values, the actual camralue is unknown to the bidders
before and during the auction, and is discoverdiermarkets after the auction only by
the winning bidder.

In most real-world situations, a value signal miature of private and common
value components. A few researchers (DasguptdMasttin, 2000; Jehiel and
Moldovanu, 2001; Goeree and Offerman, 2002) hawdieti these mixed value signals
and designated them “multi-dimensional” (or moregsely, “two-dimensional”) value
signals. For example timber sale auctions antkafles have a common value
component consisting of the volume and market prfdbe resource and a private value
component consisting of firm-specific costs, capesj and skills (Athey and Haile,
2002; Hendrick®t alia, 2003; Haileet alia, 2003). Similarly, service procurement
auctions have a common value component that isabge of work and a private value
component consisting of productivity, wage cosigl averhead costs. Within the
context of a unique mixture of private and commalugs, the seller establishes the

auction rules, the most fundamental of which aeeghiyment rule and the information to

be released to the bidders after the auctionhitndase, the value signdlis a function

of both types of value so th§t="1(\,,,%,). Following Goeree and Offerman (2002),



| use linear combinations of private values and mmm value signals to produce mixed

value signals that range from pure private valuguiee common value. An agent’s value

signal isV} =(1- gV, + G-V, whereg. 1 [0, is the fraction of common value. The
actual value, known by the winner, is therefere (1- g, )V, + g-\.. Two levels of two-

dimensional value signalgy = 0.14 and 0.25) have been investigated in expeisrizy

Goeree and Offerman (2002), but my study is ths for look at the full spectrum of two-
dimensional signals and the variation in profit aedenue as well as efficiency.

Values are distributed to the agent bidders ifffar@int way than the distribution
to human subjects in lab experiments (Kagel andn,.&002). In this study, each bidder
agent’s private and common value signals, as vgdth@ actual common value, are fixed
throughout the auctions. This is an artificialiation, but it has the purpose of
identifying the adaptively best bidding strategy éach possible value signal. The
alternative, which is used in lab experimentspiprovide each bidder with a random
value signal for each auction. This results irhdaidder learning an average bidding
strategy in response to the full range of valueagy However, since bidding strategies
may be different for different value signals, esakgin first-price auctions, this average

is not very informative.

The experimenter specifies the supd®4, S] of a distribution of the private
value signalsxfp,t and a suppoitS,, S] for the common value.. In most experimental

studies and the simulations in this papgr, S]=[ $ §. There are two methods of

providing the bidding agents with value signalsrrthese supports: random and

deterministic. In the first method, a bidder's/pte valuey,, is drawn from a



distribution (usually the uniform distribution) ¢ime support. Each bidder's common

value signali, is drawn from a distribution on the support ceshive the common value

[v.- & v+ 4, where the common value is the centre of the sugg, S]. There is

uncertainty among the bidders about what this comwadue is, and a larger
represents more uncertainty. This method is satisfy for investigating a single point
in the two-dimensional value spectrum (i.e. 50% own value, pure common value,
etc.) However, for simulations performed acrossfthl two-dimensional spectrum from
pure common to pure private value, random draws tlealifferent value signal profiles
at each common value percent. This introduces somecessary noise into the results,
but in fact does not change the overall resultewéler, it is preferable to have the same
profile across the simulations so that the resauksperfectly comparable. Therefore, the
second method is a simple algorithm that sets tivate and common value signals.
Each agent is provided with a unique two-dimendioahie signal so that the collection
of signals spans the supports. The first methadeésl for the fixed point simulations and
the second is used for the simulations that spatvb-dimensional value spectrum.
When using the first method, | use the Uniformrasttion of value signals over
this support, since this is commonly used in thgeexnents in Kagel and Levin (2002)
and others. | experimented with different disttibns (normal, beta(2,2), beta(4,2), and
beta(2,43 ) and the results are as expected: the bid ptiegegies for the symmetric

distributions (uniform, normal, and beta(2,2)) weirdually identical and the bid price

2 These distributions are, respectively, more inrttigdle with tails, more in the middle without &imore

on the high end, and more on the low end.



strategies for the asymmetric distributions (be®(dnd beta(2,4)) shift right and left

respectively.

2.2 Information Levels

The seller must decide how much information shdédeleased to the bidders
after the auction, with alternatives ranging froacte bidder’'s own information to
information about all bids. Dufwenberg and Gne@£02) compare the results from lab
experiments for a two-person bargaining game Vitbe incremental levels of
information about auction results: no informataiyout others, the winning bid price
(semi-full), and all bids (full). Neugebauer anelt®n (2006) report the results from lab
experiments for first-price sealed-bid auction viliree information levels provided in
between auctions: no information about otherswimaing bid price, and the runner-up
bid price. Similarly, in this study | use threw¢ls of information (own, winner, and
winner and runner-up) and designate them 11, 18,1amespectively.

Bidders do not know other bidders’ value signats, do they know the actual

common value when they do not win. The commonerajuis unknownex antefor all
bidders, and only the winning bidders knewex post The actual value known to the

winner in a two-dimensional value environmentfis: (1- g )V .+ g. V. In this study, 11

consists entirely of own information: own valugrsal V', own bid priceh’, own

rankingr,, actual common value upon winning, and own payrpent2 consists of the

3 The notation is defined in Table 1 and the infaiorafeedback is summarized in Table 2.



own I1 information plus information about the wingibid pricebﬁl)4 and the payment
p,. I3 consists of the information from levels 11da@ plus information about the

runner-up bid pricédg®. The actual value is revealed only to the winaed it is
revealed before the next iteration so that the taggm use the information. However, all

bidders know the suppof§., $] so that the 11 and 12 agents have an estimatééor t

gap between bids (see Section 3.2 and 3.3). $igenethod is constructed so the
agents seek for their optimal bidding strategtifier value signals they have been given,
the winning agent does not carry forward its knalgke of the actual common value.
One way to interpret this is that it does not krtbat the common value will stay the
same. | have experimented with moving the actaairaon value randomly from period
to period within thee neighbourhood of the center of the support, bistlias minimal

effect on the results.

2.3 Number of Bidders and Periods

Four and seven bidders per auction were chosee tompatible with lab
experiments of Kagedt alia (1987) and Leviret alia (1996). Twenty-five simultaneous
seller agents are used when there are four bigderauction (for a total of 100 agents)
and sixteen when there are seven bidders per auftioa total of 112). These numbers
are chosen to provide a good mix of bidder agemtista keep the totals approximately
equal. Each auction has the same number of bidahershe bidder agents move

randomly from seller to seller on a five-by-fivefour-by-four torus. This method

* Superscript numbers in parentheses denote omtéstiss. In a sealed-bid auctioh(,l) is the highest bid

in the auction and}(”) is the lowest bid in an auction with n bidders.



matches the bidder agents randomly so that eactt hge the opportunity to optimize its

bidding strategies by bidding against a wide rasigealues held by the other agents.
Each agent participates in one auction per periage 150 periods in order to

accommodate learning, but on average the agentemto a steady state bidding

strategy within about 50 auctions (see Figuresd7gn

3 Learning Model

The first contribution of the study is to determih&elten’s impulse balance
learning method is suitable for multiagent simwalas. In this section, | describe the
impulse balance learning method and then showitthegults in an unacceptable amount
of negative profit and sensitivity to initial vakie A few simple modifications solve both
problems and produce a learning method that coegengll, is insensitive to the
learning rate, and produces results for value-ipiigti, profit, revenue, and efficiency
that agree closely with results from lab experirmernthis demonstrates that a multiagent
system with this learning method can be used asdilde alternative to lab experiments,
especially where bidding experience is desirable.

There is considerable scope for choosing the legmmodel for the agents,
including reinforcement learning, experience-wegghéttraction, impulse balance, and
machine learning methods. These methods are rediewd evaluated in Mehlenbacher
(2007). Modified impulse balance learning provitles best foundation for learning in
auctions since it is a realistic representatioaxgferienced human bidders, utilizes all

information feedback, handles continuous bids,iamktendable. The impulse balance
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method uses foregone prdfitpon losing as an upward impulse on a continudddiry
strategy and money on the tdbésd actual loss upon winning as downward impulses.
Several empirical studies have shown that imputdanze learning fits the data for bid
adjustments by lab experimental subjects (SeltedrBarchta, 1998; Seltest alia, 2005;
Ockenfels and Selten, 2005; Negebauer and S&0&6,; Garvin and Kagel, 1994;
Kagel and Levin, 1999).

Section 3.1 describes Selten’s impulse balanceilgamethod. The next two
sections describe the adjustment rules for the d@#eh impulses for winners (Section
3.2) and the upward impulses for losers (SectiBh.3Section 3.4 presents results from
using impulse balance learning and an improvedirgmmethod: impulse learning with
loss aversion (ILA). Section 3.5 presents convecgeand sensitivity analyses for the
ILA method, and Section 3.6 compares simulationltego results from lab experiments.

The common value signal supports in this sectidioioKagel et alia (1989). |

use five bidders}S., S]=[10, 30], and e=5.

3.1 Impulse Balance Learning
Ockenfels and Selten (2005) apply impulse balaeaming to first-price auctions

with private values and Selten alia (2005) apply impulse balance learning to firsepri

auctions with common values. Bids are adjustedgudownwarda , or upwarda, ,

® A losing bidder regrets its low bid to the extémit its value signaf/ti is above the winner’s payment.

This amount is called foregone profit and is dedqtn,i!’t = \7t - B
® The winning bidder in a first-price auction saices profit unnecessarily to the extent that itsdjiceeds

the runner-up bid. This is called leaving “moneytbe table” and is denotaﬂ!’{ = lj - l;fz).
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adjustments or “impulses” that the agent calculagssg profitp; , foregone profito}.

and money on the table| . For profitable winners! . iIs money on the tableq , and

for unprofitable winners it is the Iostzti . For Iosers,a‘H is the foregone profit. A high-

value agent wins more frequently than it loseshst typicallyE & >E a forthe

high-value agent, and a low-value agent loses rnegeiently than it wins so that
typically E & >E a foralow-value agent. Thus, because the hightrevagent
receives more downward impulses than upward impulsshould put more weight on

an upward impulse to compensate for its infrequer@iynilarly, a lower-value agent

should put more weight on a downward impulse. Thtbe motivation for the “balance”
aspect of the impulse balance method. Each agermines its balance weight as

the ratio of its expected value of the upward itepuo the expected value of the

downward impulse:/ti = & i . To determine its adjusted bid, the agent weigtas
E d

impulses by a learning rate and the downward impulse weight The bid for period
t+1 is then a revision of the previous Hig, =4 +7(a,, -/, 4,). This type of adjustment

method does not require assuming that the biddmageg)y is a linear function of the

bidder’s value signal. However, the bid at anyetioan be expressed as a ratio of the bid

i
to the value estimatey —h. , SO that we can discuss the value multipflerthat can be
t

<

compared with theoretical and experimental results.
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3.2 Downward Impulses for Winners

A winning agent is assigned a rank ofr1=1, and its ordered bid price denoted

b®. Similarly, the runner-up hag =2 with ordered bid pricég®, and so on. In
calculating its adjustments, the winner considefsrmation (“impulses”) about its profit

pi and, when the payment rule is first price, itsweon the tablen = f¥ - §?.
Rule W1 For all information levelsy' =1, andp! <0.0: a, =‘,0ti‘ :

Demonstration: If the agent wins but has a Ioss‘pﬂ :‘\4 -n ‘ it lowers its bid

in proportion to the losis an effort to improve its expected profit. Adjug for actual
loss was found to be a significant factor in biguatiment by Garvin and Kagel (1994)
and Selteret alia (2005).
RuleW2(13): For 13,1, =1, first-price paymentp; >0.0: a , =nj.
Demonstration: An agent with 13 can use information about tHeeobidders,
specifically the runner-up, to make a more inforradfustment when it wins. When
winning is profitable in a first-price auction, thgent uses the value of the runner-up bid
to determine how much it overbid. This overbiddiegults when the payment rule uses
the first-price since the winning bidder’s idedustion is to have bid just slightly above
the runner-up bidder. Any amount that the winrbidger bids over the runner-up bidder

is called “money on the table” and is denotgd= { - §?. For a first-price payment

rule, m is used to adjust the bid down. Money on theetfials been shown to be a

significant factor in bid adjustment by Selten &wthta (1998), Selteet alia (2005),

Ockenfels and Selten (2005), and Negebauer andrS&006).
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RuleW3(I1,12): For I1 and 12,y =1, first-price paymentp! >0.0: a =

Demonstration: A profitable agent with 11 and 12 information ntusse an

approximation for money on the tahﬁe} to determine the adjustment for lowering its bid

to improve its profit. The alternative of making adjustment is not consistent with the

impulse balance method, since there would be nawd@and impulse. Since the agent
has information about the number of biddeend the suppoitS., S], it can use this to
create an estimate for money on the table. Thebgapeen bids will decrease in

proportion ton, and since the values are drawn uniformly, an uppand on an estimate

for money on the table i 2 However, money on the table will be small wlge
n

P, so a simple estimate for money on the tablg issc'infSC - pi-

3.3 Upward Impulses for Losers

RuleL1(12,13): For 12 and 13/ >1, wheno;, 3 0, a., =p.

Demonstration: If an agent loses, it usually regrets its low tadhe extent that
its value signal; is above the winner's payment. This is the cohoéforegone profit
used by Cameraat alia (2002), Selten and Buchta (1998), Sekéalia (2005),
Ockenfels and Selten (2005), and Negebauer andrS@006) withor, =V - p. An
agent with 12 or I3 information knows the paymentd @o can calculate its foregone
profit. When foregone profit is positive the agemtreases its bid in proportion Id:yt

since this will improve its probability of winningrofitably. If a bidder has a low value
signal, the foregone profit will tend to be negatiand the bidder will not increase its

bid.
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RuleL2(I1): ForI1,r >1, whenp;, 3 0, &, =p},
Demonstration: With one exception, I1 agents do not know thgnpent and

must estimate foregone profi., =V, - f. The exception is the runner-up bidder,
rl =2, in a second-price auction in whigh=h? = p so biddei’s foregone profit is
p.. =p.. =V - 4. Forthe other losing bidders, the foregone pestimateis a fraction

of V - {, decreasing with the number of bidders and inéngasith the rank. In a

second-price auction with >2, At =(r' - 2)% 8 and in first-price auction with
’ n

rti >1 IOAII:t =(rti i} 1)\2 ;']u 3

3.4 Negative Profit and Sensitivity to Initial Vaks

In this section, | analyze results of simulationd anake changes to the impulse
balance learning method. The result is a learmethod that uses impulses, excludes the
balance principle, and includes loss aversion, asonable name for the method is
“impulse learning with loss aversion” (ILA).

Result T Using impulse balance learning in computatianaderiments results
in a high degree of negative profit, i.e. loss, aadsitivity to initial values. To achieve

profitability and insensitivity to initial values make three changes to the impulse-

" I am using the term foregone profit for congistewith the other rules, but it is impossible &or 11
agent to estimate the payment and hence the foequuafit. Instead, the agent uses its value gap to
calculate the upward adjustment.

8 This rule is less of a foregone profit and mofra value gap adjustment. With larger n, the lgetgveen
agents will be smaller, so the basic adjustmemtistéversely proportional to n. Agents with Ietrgti

will need to adjust more than agents that are clasthe winner.
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balance method. First, the “balance” part of trethad is removed. Second, the loss

adjustment in Rule W1 is weighted using a losssiwarfactorL, =E, ‘pt" |p, <0 thatis

the expected value of the magnitude of the los3&sd, when a winning agent has an
expected lossl{ >0) and lowers its bid price to reduce its probapitit winning, it is
counter-productive for the agent to increase idsgsice when it successfully reaches the
losing state. Thus, a losing agent uses foregoofd to raised its bid price only when

L, =0 and the adjustment can be written using the imdidanctionlmzo), ie.,

a,, = 1(“1:0),6}1. In summary, the ILA method is to adjust bidmgs

b,.=H +7(d, - a,), where the adjustment rules are:
Rule W1: For all information levelsy =1, andp! <0.0: a', = (1+ L'[)‘p't‘ :
RuleW2: For 13,1, =1, first-price paymentp; >0.0: a , =nj.
RuleW3: For I1 and 12 =1, first-price paymentp, >0.0: a', =1fj}.
RuleL1: Forl2and I3 >1, whenpy, 2 0, &, =1 o)Pk
RuleL2: ForI1,r/ >1, whenpg,® 0, &, =1, fr,

Discussion The results for impulse balance learning in Feglishow that a large
proportion of the bidders (especially those withhhvalue signals) experience losses.
This is a much higher level of losses than showrsults from lab experiments and a
level of sensitivity to starting values that is estfable in a computational model. For
example, bankruptcies occur in about 6% of theianstwith experienced bidders (Kagel
and Richard, 2001). These bankruptcies occurrégarsituations: 8% of bidders went

bankrupt with a $10 cash balance with a suppoi@f380], =18, and 7 bidders; 4%
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of bidders went bankrupt with a $20 cash balandhb stpport of [25, 225]e=18, and
4 bidders. Experienced bidders in real-world st would likely be skillful enough to
avoid losses and bankruptcies altogether, so takajdhe learning model should be a
minimal level losses or bankruptcies, at leastWwdlte 6% in Kagel and Richard’s
experiments.

The fact that the high-value bidders are experrentasses indicates that there is
a problem with the learning model for high-valudd®rs. The balance facta&}, which
varies with the bidder value, could be expectedetal with this problem but it is not
producing satisfactory results. Figure 2 shows tie values of/| do vary with the
bidder value, and tend to be lower for high-valiggbrs than for low-value bidders as
expected from the discussion in Section 3.1 WHeis removed from the model, the
results improve slightly as shown in Figure 3amdty still be reasonable to expect the
agent to put more weight on a downward impulse #ranopward impulse, even though
the balance factor may not be the approach thatidl@ used. An agent may obtain
improved profits if it weights the downward impulsem negative profit more than the
corresponding increase from positive foregone profiversky and Kahneman (1992,
Table 6) estimate loss aversion factors in theedA@7, 2.44], but it makes sense in this
case of bidders with different value signals todhamdogenous loss aversion. Figure 3b

shows the results for an endogenous loss averdienenthe loss aversion factor is
L =E ‘pt" | <0 . Now 35% of the bidders experience losses bubteeall average

profit is up to -0.15. It also makes no senseafooptimizing bidder to raise its bid after

losing, when it has been experiencing losses whismwiinning. Thus, | introduce a
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profit switch 1 that the agent uses for its upward impulses. fiiéd modification

(L4=0)
now raises all agents to non-negative profit aswshio Figure 3c, and an overall average
profit level of 0.05.

The overall model implementation is a nonlineateyswith the potential of
converging or not, or converging to a local optimustead of a global optimum. As
such, it is preferable for the method to be indesesto initial values (Judd, 1998) and
other parameter values. Figure 1 shows that thdtesfrom impulse balance learning
vary significantly with the initial value®.95+ 0.0z, 0.85+ 0.0z, and0.75+ 0.0z.
However, Figure 4 shows that the ILA method is guisensitive to the initial values. In
Figure 1, the profit curve for an initial vale95+ 0.0z is close to zero for low-value
bidders and decreases rapidly to -1.7 for highe/dldders. As the initial value is
decreased t0.85+ 0.0z and then td.75+ 0.0z, the values for mid-value and high-value
bidders increase considerably so that the curverbes much flatter. In Figure 4, the
pattern of profit is much more similar across thidal values. The low-value and high-
value bidders tend to have profit close to zerdhwbout twenty mid-value bidders with
profits as high as 0.25 for all three initial vadue

One of the main methodological differences betwberexperiments with
humans in the various studies cited in this papdrtaese computational experiments is
that here each bidder’s private and common valgigass are constant throughout the
auctions (as explained in Section 2.2). The adtiéve is to provide each agent with a
random value signal for each auction. This resnlesach agent learning an average bid
strategy that is the adaptive best response ttutheange of value signals. Perhaps the

impulse balance method is more suitable to learamgverage bid strategy. As shown
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in Figure 5, this is not the case. For varying own value signals, impulse-balance
learning results in significant number of agentthvhigh levels of negative profit.
However, the ILA method results in most agentsedhg positive profits, but with

some achieving small negative profits.

3.5 Convergence and Sensitivity to Learning Rate

Result 2 The ILA method results in value-multipliers tltanverge in less than
100 periods, and this convergence is independdhieahitial values and smoother than
the convergence of the impulse-balance method.

Discussion Figure 6 shows value-multiplier convergence far impulse balance
and ILA methods. The impulse-balance value mudrplconverge to quite different
values (0.94, 0.89, and 0.83) for the three intales, whereas the ILA value
multipliers converge to more similar values of @.0.90, and 0.89). In addition, the
pattern of the convergence is much smoother fotltAemethod. For the three initial
values, convergence requires about 10, 60, an&@0ds. These convergence results are
important, since it is impossible to interpret ametresults for profit, revenue, and
efficiency when there is no convergence. For exanvathout convergence the results
in period 50 are different from the results in pdrb0, whereas if the results from period
50 to infinity are the same, we can conclude thes¢ are the results of the auction.
Also, the fact that convergence occurs in less fltdhperiods makes it reasonable to
infer that the bid strategies of human agents coaittverge in a realistic number of real-
world auctions.

Result 3 The ILA method is insensitive to the learniager? .
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Discussion Why should we believe that a bidder’'s downwarg@use is all of its
loss and not a fraction of the loss, or that a éittddupward impulse is all of its foregone
profit and not a fraction of it? Using differerdlues for the learning raté answers this
guestion. Figure 7 shows the value multiplierfiat-price auctions using a sample of

learning rates in the interv{a(D.l, 1.(]1. First, the resulting value multiplier is veryse

across all of the learning rates (0.92). Secdmalpattern of variation is also very similar
throughout the range. The difference is that thaller learning rates tend to produce

smoother convergence, with the standard deviaioging from about 0.0017 fagr=0.1
to 0.0024 forf =1.0. These results are quite insensitive toahitalue, and | usé =0.5

and initial values 00.85x 0.0z in the simulations as arbitrary choices.

4 Comparing ILA Results with Lab Experiments

Using simulations with the ILA learning method,repent results and compare
them with lab experiment results in Kagelalia (1989), Kagekt alia (1995), Kagel and
Richard (2001), and Goeree and Offerman (2002}Yhdriab experiments, the
information feedback is equal to or greater thanlginformation level. Thus, in the
figures related to this section, we are interestazhly the 13 bidders, represented by the
dashdot curves. Also, the most frequently-usgubst for the common value signals is
[25, 225] so that is what | use in the computati@xperiments. For comparability with
most of the lab experiment results, | vary the utadety usinge= 8, 12, 18, and 27 and
use four and seven bidders for both first-price sexxbnd-price auctions. The results that
are illustrated in the figures are consistent acrepeated simulations.

In the following sub-sections | compare resultsvalue multiplier, profit, and

efficiency, and these results are summarized ir€labhe value multiplier and profit are
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straightforward and have been discussed in SecBdn® 3.3, but efficiency requires
some explanation. Since efficiency refers to thetian being won by the bidder with the
highest valuex postall auctions are equally efficient when the vaki@00% common.
Thus, in the two-dimensional value environmenticefhcy can be considered only when
there is some component of private value, i.e.,nthe common value component is less
than 100%. When the common value is 100%, Kapalia(1989) and Kagedt alia
(1995) measure efficiency by the percent of austiwon by the bidder with the highest
value signaléx ant¢. This is not really efficiency, but it is stiliteresting to look at

this highest-value-signal winning percent. Whesm¢bmmon value percent is less than
100%, private value efficiency as used by GoerekGifierman (2002) compares the

winner’s private value with the maximum privatewa@lmong the bidders, i.e.,

_ Vo - min{ vL,’t} |
max{\/;,’t} - mi|{1 \}P}t

when the winner is the bidder with the lowest pievaalue. As the common value

=1 when the winner has the highest private value, and

component increases, the common value signal magromne the private value
efficiency. Consider two bidders, one with a hpgtvate value (say corresponding to
low costs of production) and one with a low privasdue. If the low private value bidder
has a higher estimate of the common value thahitjfeprivate value bidder, it may

submit a higher bid and win the auction. This etmprivate value inefficiency.

4.1 First-Price Auctions
Value Multiplier : From intuition and theory, we expect that biddeill shade
their bids in first-price auctions, i.e., the valeltiplier is expected to be less than 1.0.

For pure private values, experimental evidence fiagel and Levin (1993) shows an
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average value multiplier of 0.92 for first-pricecéions, averaged over experiments with
five and 10 bidders with 13 information. The si@tibn results for seven 13 bidders in
Figure 8 show value multipliers of about 0.90. 3éeure private-value results are
consistent with the data from lab experiments. é{and Richard (2001) show value
multipliers for first-price common values wi=18 of about 0.92 for four I3 bidders

and 0.95 for seven I3 bidders in the middle regibthe support. Figure 8 shows
common value multipliers foe=18 of about 0.92 for four bidders and of about 0.84 f
seven bidders. Thus, both the private-value amshoon-value results agree very closely
with the experimental results.

Profit: Data in Kageét alia (1989) for first-price pure common-value auctions
averaging about seven bidders show that profitdéadncrease with more uncertainty in
the common value signal (high&®: Figure 9 shows results for four and seven drisld
across the full spectrum of two-dimensional valigmals from pure private value (0%
common value) to pure common value (100%). Foegommon value, profit increases
significantly with uncertainty for four bidders ¢im about 1 to 10), but increases less
with uncertainty for seven bidders (from about @bout 3). Goeree and Offerman
(2002) show profit increasing slightly with morecgntainty in auctions with two-
dimensional value signals that are about 14% comvabre (with six bidders) and 25%
common value (with three bidders). At common valaecents of 14% and 25%, Figure
9 shows that the profit remains the same as thertaoty increases. Thus, the agent
results for the variation of profit with uncertairdare only partially in agreement with the

lab experiment results.
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Kagel and Richard (2001) find average profit ishegwith four bidders than with
seven bidders in first-price common-value auctio@emparing the left column (four
bidders) of Figure 9 with the right column (seveadders) shows that profit tends to be
higher for four bidders at all levels of uncertgiahd all information levels across the
full range of common-value percent. Thus, the agesults for the variation of profit
with number of bidders are in agreement with ttseiits from the lab experiments.

Figure 10 shows the profit results for 12, 25, Bl), 200, and 300 bidders for
first-price auctions with highd=27) uncertainty. For 12 and I3 bidders, profit fueth
decreases with the increasing number of biddessitrieg in near-zero profits when there
are over 200 bidders. The profit of I1 agents ica@s to decrease significantly below
zero as the number of bidders increases. Thidigigh the importance to bidder profit
of being informed about the payment.

Efficiency: The efficiency results for first-price auctiongh less than pure
common value are shown in Figure 11, and the e$aithighest-value-signal winning
percent for pure common-value auctions are showirabie 4.

From theory, we expect that efficiency will decreaghen there is a common
value component (Dasgupta and Maskin, 2000; JahikMoldovanu, 2001).
Experiment results from Kaget alia (1989) for about seven bidders show that the
highest-value-signal winning percent tends to deseevith more uncertainty in first-
price auctions. Table 4 shows that for I3 agemtshighest-value-signal winning percent
in first-price auctions decreases with increasezkttainty for both four bidders (from
94% to 28%) and seven bidders (from 95% to 22%)chvis consistent with the results

from the lab experiments.



23

Goeree and Offerman (2002) show that efficiendgwser with more uncertainty
for common value percents of 14% (with six bidders)l 25% (with three bidders).
Figure 11 shows that for 13 bidders, efficiencydemo stay the same or decrease slightly
with increased uncertainty at both 14% and 25% comwalue for both four and seven

bidders, which is consistent with the results fribia lab experiments.

4.2  Second-Price Auctions

Value Multiplier : From intuition and theory for second-price aoict, we
expect that bidders will bid their values when va&ue is private and shade their bids
when the value is common. For private-value séqmice auctions, experimental
evidence from Kagel and Levin (1993) shows an ayexealue multiplier of 1.02 for
second-price auctions, averaged over experimenisfive and ten bidders (assuming an
average of about seven bidders). The resultsgar€il2 for seven bidders show value
multipliers of about 0.99 for private-value sec@ri:e auctions. For common-value
second-price auctions, regressions in Kageallia (1995) show value multipliers of about
0.97, 0.96, 0.94, and 0.92 fer8, 12, 18, and 27 respectively. The results gufg 12
for seven bidders show a similar magnitude ancepattf value multipliers, namely
about 0.98, 0.97, 0.96, and 0.95.

Profit: For second-price common-value auctions, Kagalia (1995) find that
profit increases withe for four bidders, but decreases wetfor seven bidders. The
results shown in Figure 13 are consistent withrtresults for four bidders (profit
increases withe), but not for seven bidders (no change in proiibhve). Figure 13 also
shows that profit decreases slightly with an insesia the number of bidders, for all

information levels and across the full range of owon value percent. This is the same
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computational result that was obtained for priwatkies. It is also consistent with the
experimental results from Kagel alia (1995) who found that profits were higher for
four bidders than for seven.

Efficiency: The efficiency for second-price auctions wited¢han pure common
value is shown in Figure 14, and the highest-valigeal winning percent for pure
common-value auctions is shown in Table 4. Kagellia(1995) found that the highest-
value-signal winning percent was lower in secondepauctions than in first-price
auctions, when the level of uncertaintyas27. However, Table 4 shows that the
highest-value-signal winning percent is higherenand-price auctions. Second-price
auctions are more efficient than first-price auasidor the agents because they are
bidding closer to their values. Since this is wikaxpected from theory, the agents are
bidding more like optimizing agents than like thexperienced agents in the
experiments. The results of Kagelalia (1995) also show that highest-value-signal
winning percent in second-price auctions is slighilver for seven bidders than for four
bidders. Table 4 shows that the agents producéasirasults for levels of uncertainty

abovee=8.

5 Variation of Profit, Revenue, and Efficiency withCommon Value Percent

The second contribution of this study is to detaerhiow the auction results
change as the common value component increasespanidically whether the change is
linear. In the figures used in the previous sexctibis obvious that the results across the
two-dimensional value signal are usually not lineAs the common value percent
increases, profit, revenue, and efficiency all dase monotonically, but they decrease in

different ways. The seller endeavors to chooseé#yment rule and information level
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that maximizes its revenue, maximizes efficieneynaximizes both. Therefore, the
seller is interested in whether the different pagtmales and information levels produce
different levels of revenue and efficiency, or wietthey are equivalent. In this section,

| discuss the results for all three informationdisv

5.1 Profit

Result 4 Profit curves decrease nonlinearly for firgep auctions and linearly
for second-price auctions. In first-price auctitims nonlinearity usually involves
decreasing faster at higher common value percents.

Discussion See Figure 9 for first-price auctions and Figi@gor second-price
auctions. The main difference between learninfyst-price auctions and learning in
second-price auctions is that the agents use mamdye table in first-price auctions but
not in second-price auctions. When the value $ignrdominated by private value (i.e., a
low common value percent), the bid reduction frooney on the table keeps the profit
high. As the common value component increases;dh&ibutions from money on the
table to profit become dominated by the effectthhefcommon value signal.

There is also some interesting variation with el of information feedback.
The curves tend to be the same for 11, 12, andfi@mation levels at lower levels of
uncertainty, but as uncertainty about the commduevimcreases profit is higher for the

more informed I3 bidders.

5.2 Revenue
See Figures 15 and 16 for revenue results forginise and second-price

auctions, respectively. Revenue tends to decwedisencreasing common value.
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Result 5 Revenue curves decrease nonlinearly for firite auctions and
linearly for second-price auctions. In first-prigections the nonlinearity usually
involves decreasing faster at lower common valuequgs.

Result 6 In most cases, the seller receives less revetnen it provides bidders
with more information feedback.

Discussion The figures show that in most cases the sadlggives less revenue
when the bidders have 13 information. However fii@t-price auctions (Figure 15) with
lower levels of uncertaintyg£18), I3 agents provide higher revenue at high common
value percents (30% to 90%) than the 11 and 12 @gatthough this effect diminishes
with more bidders. Once again, the major diffeesbetween 13 agents and the I1 and 12
agents is that the former can calculate money enahle while the latter can only
estimate it. The estimate becomes less reliablleeasncertainty increases so that 13
agents are better able to keep their bid stratgyatable, taking more of the surplus

and yielding lower revenue for the seller.

5.3 Efficiency

See Figure 11 for first-price auctions and Figutddr second-price auctions. As
the common value component increases, the comnioa sanal disrupts the private
value efficiency. Second-price auctions tend tonoee efficient than first-price auctions
because the agents bid closer to their values.

Result 7 Private-value efficiency curves tend to steghhat low percent

common value and then decrease rapidly for higbemeon value percents.
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Discussion The nonlinearity is especially pronounced inosgtprice auctions
(Figure 14) where efficiency remains close to In@luelatively high levels of common

value percent, and then decreases rapidly to effagi as low as 0.8.

6 Revelation of Common Value to Losers

The third contribution of this study is to determwvhether it may be worthwhile
for a seller (such as a federal or state governmernforce truthful revelation of the
true common value by auction winners. In the expents studied so far, and in nearly
all real-world auctions, losing bidders do not knihw actual common value. The winner
discovers the true common values after the auctior.example, in timber sale auctions
the winners learn the true quantity and valuerabgr; in highway procurement auctions,
the winner discovers the true scope of the projaatjl lease licences, the winner
discovers the true quantity of oil; and so on. Séhealues are carefully guarded company
secrets (Baldwirt alia, 1997) and are not intentionally revealed to othdders.
However, some experimental work has studied thectffon bidding of revealing some
information about the common value to all biddétadel and Levin (1999) for first-
price auctions and Kaget alia (1995) for second-price auctions). This raises th
guestion of whether a buyer or seller, say the gowent operating procurement or asset-
sale auctions, should require the auction winnerevteal the common value that they
discover after winning. | know of some attemptsitothis in Canadian federal
government procurement auctions in which the gavemt asks bidders to reveal their
costs. Of course the costs provided are not wllthf it were worthwhile, the
government could rationally decide to invest in iempenting regulations and

enforcement of truthful revelation of the winnevaue. Given this information, losing
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agents would use it in their calculation of the amtdo increase their bid (in Rules L1
and L2). To obtain a computational answer to guisstion, | perform experiments with
value revelation and observe the revenue. Figarghbws for I3 bidders the differences
between the revenue with revealed common valughentevenue without revelation.
The results that are illustrated in the figures@mesistent across repeated simulations.
Result 8 For first-price auctions, when the common egbercent is high
(>60%) and there is a high degree of uncertainthéncommon value signab¢12,
revealing information about the common value insesarevenue for I3 information.
Discussion Experiments by Kagel and Levin (1999) for fistee common-
value auctions withe=27 show that revealing information about the true gwn value
increased revenue (+2.75) for four bidders butemsed revenue (-0.88) for seven
bidders. For the same conditions, the top rowigfire 17 shows that revenue increases
(+7) for four bidders and increases less (+3) émes bidders. These results are
consistent with the experimental data in that rereeincreases more for four bidders than
for seven, but is inconsistent in the directiortlodnge for the seven bidders. Figure 17
also shows that the revenue effects are smalleneertainty decreases. For 100%
common value, the benefits become negligible wlel. For values with less common
value percent, common value revelation sometimesaheegative impact on revenue.
Thus, for the auction designer the percent comnabmevand the degree of uncertainty

about the common value all affect the impact otigakvelation on revenue.

° Since total revenue is approximately 125, tivemeie increase of 7 is approximately 5%.
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Result 9 For second-price auctions, revealing inforaratbout the common
value significantly increases revenue for I3 biddesspecially when there is a high
degree of uncertainty in the common value signal.

Discussion Experiments by Kagdt alia (1995) show that revealing information
about the common value in second-price auctiongased revenue (+0.31) for four-five
bidders but decreased revenue (-2.5) for six-sewdaters. The bottom row of Figure 17
shows that revenue increases (+4) for four biddrdsincreases less (+2) for seven

bidders. Again, the results are in partial agregmeth the experimental results.

7 Conclusion

| find that Selten’s impulse balance method caadepted for use in multiagent
simulations of auctions with values that have seoramon value component (Result 1
in Section 3.4). The resulting ILA (impulse leargiwith loss aversion) method
converges within 100 periods and is insensitivih&learning rate (Results 2 and 3 in
Section 3.5).

| use the ILA method in multiagent simulations fiost-price and second-price
payment rules, three different information levalsd two-dimensional value signals that
vary from pure private value to pure common vallibe results are compared to data
from lab experiments in other studies (summaripetable 3), and the agent results for
the value multiplier, profit, and efficiency areuadly consistent with results from lab
experiments. These consistencies support thenedd validity in this context of using
multiagent simulations with learning agents.

For values in between pure private and pure conwvature, curves for profit,

revenue, and efficiency are nonlinear especiallgmtine payment rule is first price. The
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profit curves tend to decrease nonlinearly fortfpgce auctions and linearly for second-
price auctions (Result 4 in Section 5.1). The m@&ar revenue curves tend to decrease
more rapidly at low common value percents (Resutt Section 5.2). The very nonlinear
efficiency curves tend to stay high and then desgreapidly for common value percents
(Result 7 in Section 5.3). In addition, revenueniost cases decrease with increasing
information feedback to the bidders (Result 6 int®a 5.2).

Simulations also show that forcing revelation a ttue common value may have
beneficial revenue effects when the common-valuegme is high and there is a high
degree of uncertainty about the common value (Re8uhnd 9 in Section 6).

Using multiagent simulations has provided somagimisi into single-unit sealed-
bid auction performance for different levels ofamhation feedback across different
levels of common value. The next paper will exptreapproach to analyze English

auctions.
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Table 1. Sealed-Bid Model Notation Summary

Description

Bid price of bidder i in auction t.

Ordered bid prices in a sealed-bid auction Wrteﬁéis the highest bid.

e Radius of the support for the common value signal.
Value multiplier:l}i :QQ :

/ti The balance weight in the impulse balance learmethod.

n'( Money left on the table by a profitable winner fost-price paymentim = if¥ - .

o} Payment by winner in auction t.

f Learning rate of bidder i at period t.

pti Payment made by bidder i, given that it wins.

pti Profit of bidder i in auction t.
piF’t Foregone profit of bidder i in auction t.

rti Ranking of bidder i in auction t. The Winnerrjbzl, the runner-urrti =2, etc.

33,_5”_%,_@ Upper and lower bounds of supports for the privatee signal and common value

q. Common value component of the value signal.

v Value signal of bidder i in auction t.

Actual value, revealed only to winner.




Table 2. Information Levels (incremental

Level Description Feedback
Number of bidders n
Value signal support  [S, S]
Value Signal: Own \’}t'
11
Bid Price: Own o)
Ranking: Own rti
Payment: Own pti |I’ti =1
Value: Own Vti | rt' =1
Bid Price: Winner p™
12
Payment o}
I3 | Bid Price: Runner-ug
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Table 3. Summary of Comparison with Lab Experimd®Bection 3.6)

Private Value 14%, 25% Common Valuge 100% Commalug/
Payment Result Lah Agent Lab Agent Lab Agent
Value 0.92 | 0.90 0.92, 0.95 0.92,0.94
First Multiplier (1) 2)
Price Profit Increases | Constant with| Increases withl Increases with
with and n and n
(4) (2,3)
Efficiency Decreases| Decreases Decreases Decreases
with slightly with with with
(4) 3)
Value 1.02 | 0.99 0.97, 0.96, 0.98, 0.97,
Second Multiplier Q) 0.94, 0.92 0.96, 0.95
Price (5)
Profit Increases with Increases with
for n=4 for n=4
Decreases No change
with for n=7 | with for n=7
Decreases Decreases
with n with n
(5)
Efficiency Decreases Decreases
with n with n
(5)

1 Kagel and Levin (1993)

2 Kagel and Richard (2001)
3 Kagelet alia (1989)
4 Goeree and Offerman (2002)
5 Kagelet alia (1995)




Table 4. Highest-Value-Signal Winning PercentRore Common Valu¢

Information Level 13

Payment Uncertaintye Four Bidders Seven Bidderg
8 93% 95%
12 88% 72%
First Price
18 44% 30%
27 28% 22%
8 94% 94%
. 12 81% 92%
Second Price
18 61% 72%
27 44% 46%
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Figure 1. Impulse Balance Learning: Profit by Goom Value Signal
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Figure 2. Impulse Balance Learningf'Ti by Common Value Signal
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Figure 4. ILA learning: Profit by Common Value 8ai
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Initial value multiplier.95+ 0.0z | Initial value multiplier0.85+ 0.0z | Initial value multiplier0.75+ 0.0z
03 03 0.3
*
0.25 T ad 0.25 0.25 .
02 . S 02 M 0.2 ST
015 2 015 . 0151 R .
r'y ** e . ‘e .
01 ’.“ . 0.1 . ", ’o 0.1 - . ".’"
0.05 4 * 0.05 S * 0.05 .
. .0* -
0 - 0 »> - 0 -
005 15 17 19 21 23 25 15 17 19 21 23 25 5 17 19 21 23 25
X -0.05 -0.05
-0.1 0.1 -0.1
Figure 5. Bidders with Varying Value Signals
Profit by Common Value Signal
Initial value multiplier0.95+ 0.0z
Common Value, First Price, 13
Impulse Balance ILA
0.5 0.3
¢ o AR o o 0.25 POy
01 * Y A . .
19 195 o 200 20.5 21 0.2 I
s * '.0
.5 *
* 0.15 ry *
hCIR MRS
L . 0.1 *
.1 - - ‘ . . .
S 0.05 Al .
-1.5 * A od v.v * o .$‘ : *» *
1 105 s* Eollk 2R 2
2 -0.05




Figure 6. Convergence of Value Multiplier
Value Multiplier by Period
Common Value, First Price, 13 Information
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Figure 7. Sensitivity to Learning Rate
Value Multiplier by Period
Common Value, First Price, 13 Information
(I11: Solid, 12: Dot, 13: DashDot)
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Figure 8. Value Multiplier: First-price auctions
Value Multiplier by Common Value Percent
(11: Solid, 12: Dot, 13: DashDot)
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Figure 9. Profit: First-price auctions
Profit by Common Value Percent
(I11: Solid, 12: Dot, 13: DashDot)
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Figure 10. Profit with Many Bidders
Profit by Common Value Percent
First-price Auctionse=27
(I11: Solid, 12: Dot, 13: DashDot)
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Figure 11. Efficiency: First-price auctions
Efficiency by Common Value Percent
(I11: Solid, 12: Dot, 13: DashDot)
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Figure 12. Value Multiplier: Second-price auctions
Value Multiplier by Common Value Percent
(11: Solid, 12: Dot, 13: DashDot)

Four Bidders

Seven Bidders

e=8

e=8

1.05 1.05
1 —r——————e T e—— e
0.95 095 -
09 0.9
0.85 0.85
0.8 08
0.75 075
0.7
] 10 20 30 40 50 60 70 80 90 100 0.7
0 10 20 30 40 50 60 70 80 90 100
e=12 e=12
1.05 q 1.05
1 =TT E O
0.95 0.95 v
0.9 09
0.85 0.85
0.8 08
0.75 0.75
0.7 0.7

0 10 20 30 40 50 60 70 80 90 100

1.05 105
o i e S rrarn ey T
0.95 4 T 0ss T
09 09
0.85 0.85
08 08
0.75 0.75
07 07
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
e=27 e=27
1.05 105 4
1 | — 1
0.95 4 T 0.95 4
09 0.9
0.85 0.85 1
0.8 1 0.8
0.75 0.75
0.7 0.7

0O 10 20 30 40 50 60 70 8 90 100

46



Figure 13. Profit: Second-price auctions
Profit by Common Value Percent
(I11: Solid, 12: Dot, 13: DashDot)

Four Bidders Seven Bidders

e=8 e=8

50 50

40 40 1

) \\ ol
20 \ 20 4 <

0 o 10 2 . 2 s e 7 8 90 100 0 10 20 30 40 50 60 70 8 9 100
-10 -10-
e=12 e=12
50 50
40 A 40 1
30
20
10 SR
S~
~ .
0 \ =
0 10 20 30 70 80 mﬂ
.10 -10-
e=18 e=18
50 - 50
40 A
30
20 A
10
0
-10
e=27 e=27
50 50
40
30

\
20 <

. 10 e
\. T~
~ N
— S

.10 -10

a7



Figure 14. Efficiency: Second-price auctions
Efficiency by Common Value Percent
(I11: Solid, 12: Dot, 13: DashDot)
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Figure 15. Revenue: First-Price Auctions
Revenue by Common Value Percent
(I11: Solid, 12: Dot, 13: DashDot)
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Figure 16. Revenue: Second-Price Auctions
Revenue by Common Value Percent
(I11: Solid, 12: Dot, 13: DashDot)
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Figure 17. Revenue Effects of Revealed Commoné/alu
Revenue Difference from No Information, by Commaalié Percent
I3 Information
(Solid: e=8; Dot: e=12; Dash-Dot:e=18; Dash-Dot-Dot:e=27)
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