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Abstract We adapt learning mechanisms developed for CDA to
investigate agent architectures for sealed bid auctiors. W
The increasing prevalence of auctions as a method ofbroadly classify agent architectures in the following way:
conducting a variety of transactions has promoted inter- memory free agentsnemory based agenéd modelling
est in modelling bidding behaviours with simulated agent agents
models. The majority of popular research has focused on The simplest type of agent stores no explicit informa-
double auctions, i.e. auctions with multiple buyers an#l sel tion about past auctions and simply reacts to the previ-
ers. In this paper we investigate agent models of sealed bidous auction outcomes. These so calleemory freeeac-
auctions, i.e. single seller auctions where each buyer sub-tive agents have been examined extensively in [1,2]. The
mits a single bid. We propose an adaptation of two learn- second type of agent we catlemory basedgents. These
ing mechanisms used in double auctions, Zero Intelligenceagents store some historical information about auctiods an
Plus (ZIP) and Gjerstad-Dickhaut (GD), for sealed bid auc- adjust their strategy based on some estimate of a global pic-
tions. The experimental results determine if a single agentture of auction outcomes. They are considered to be more
adopting ZIP & GD bidding mechanisms is able to learn sophisticated thamemory freeagents and have been used
the known optimal strategy through experience. We experi-in [5, 10]. The third type of agent we consider to bemad-
ment with two types of sealed bid auctions, first price sealedelling agent, these agents also store information about past
bid and second price sealed bid. Quantitive analysis showsauctions. Rather than using the market information diyectl
that whilst ZIP agents learn a good strategy they do not these agents form models of competitors behaviour to esti-
learn the optimal strategy, whereas GD agents learn an op- mate the correct action or strategy (for example, see [6]).

timal strategy in first price auctions. It is our belief that prior to examining agent behaviour
in complex, dynamic multi-agent systems, any agent archi-
tectures should be tested in learning environments where
a known optimal strategy exists. In this paper we examine
the success of a single adaptive agent in learning the opti-
mal strategy when competing against a population of non-
The increase in the level of Internet connectivity has al- adaptive agents. We use the Private Values Model (PVM)
lowed the WWW to become a hub for electronic trading for auctions because, under some constraints, there are
places. Buyers and sellers are now able to trade in previ-pProvably optimal strategies. These strategies provideta me
ously inaccessible markets. Some of the important ques-fic with which we may assess the ability of an adaptive
tions facing market overseers and traders are: what are th@gentin learning a strategy. They also are an obvious choice
optimal strategies for a given auction structure; how do Of strategy for the non-adaptive agents.
agents learn the optimal strategy; and how does restric- The rest of this paper is structured as follows: Section 2
tion of information prevent agents from learning a strafegy describes the auction model and the simulation structure.
These questions have been addressed through auction th&ection 3 details how the memory free ZIP [2] algorithm has
ory [7,12], field studies [8], experimental lab studies [9], been adjusted for sealed bid auctions and assesses how well
and agent simulations [2, 4]. Recently there has been parit performs in simulations. Our experiments demonstrate
ticular interest in the study of agents for continuous deubl that the complexity of the problem is such that memory free
auctions (CDA) [2, 3,5, 6,10]. agents learn a good, but suboptimal strategy. Section 4 de-

1. Introduction



scribes the memory based Gjerstad-Dickhaut (GD) [3] algo-  In any auction an agent’s profit (or reward) is
rithm for sealed bid auctions. The GD agents perform bet-

ter than ZIP agents, and on one class of sealed bid auctions ro(w;) = ri—p ifi=w 1)
learn an optimal strategy. In Section 5 we present our con- o 0 otherwise.
clusions.

The problem facing an agent is to find the bid function that
will maximize profit. If we assume that all the agents are
using the same bid function, a symmetric equilibrium is a
strategy,3*, where no single bidder can do better by us-

The PVM [12] is commonly assumed in auction re- ing any other function. A symmetric equilibria represents
search. For a PVM auction a¥ interested bidders, each gn optimal bidding strategy for any agent competing against
bidder (or agent) has a valuatior; of the single object.  other agents following the optimal strategy. For FPSB auc-
Eachz; is an observation of an i.i.d. random variabte tions the symmetric equilibrium is
with range|0, ¢] (¢ is the universal maximum value) and
distribution functionF, assumed to be identical for all bid- B (x;) = E[YN-1[YNn-1 < 2]
ders.

Open auctions (auctions that allow bidders to observe
other agents’ bids) such as English auctions (ascendin
price) and Dutch auctions (descending price) allow for mul-
tiple bids by each bidder. Under the PVM, open auctions B(a:) = .
have strategically equivalent sealed bid auctions (aostio ! N !

where each bidder can submit at most one hidden bid).The symmetric equilibrium strategies in a SPSB auction are
Hence we restrict our attention to sealed bid auctions. Angiven by

2. Simulated Auction M odedl

whereYy_1 is the largest order statistic of the othér— 1
bidders. Whert is a uniform distribution o1f0, 1] the sym-
Ynetric equilibrium strategy is

N -1

agenti forms a bidb; with a bid function B(zi) = ;.
Bi:0,¢] = R+,  Bi(z:) = b The optimal strategy for a SPSB auction is independent of
_ _ o the form of the distribution functio®” and does not require
The set of all bids for a particular auction is denoted- that all bidders have the same value function. Proofs and
{b1,b2,...,bn }. The winning agenty, is the highest bid- 3 more complete description of auction formats are given
der, in [7].
w = argmax(b; € B). Our objective is to determine the most simple adaptive

agent structure that, when competing with — 1 non-
adaptive agents, is best able to learn the optimal strategy
in simulated FPSB and SPSB auctions. The experimental
structure we adopt is consistent with that used in simula-
tions with human agents [8,9]. Agents compete in a series of
k auctions indexed by = {1, ..., k}. Each agent is aware

of the distribution function common to all bidders, the
universal maximum value; and the number of competitive
bidders,N. For any auctionj each bidder is assigned a

We consider two auction formats which differ in their
method of price determination. In First Price Sealed Bid
(FPSB) auctions, the winner pays the price they bid, i.e.

p= Igéa]\}]((bi € B) = by.

Under the PVM, FPSB auctions are strategically equiva-
lent to open Dutch auctions. In Second Price Sealed Bid
(SPSB) auctions, the winner pays the amount bid byéue

ondhighest bidder valuez; ; b_y _samplingF. Once fche_auction is complete, ev-
ery agent is informed of the winning agent the price the

p= max (b € B). winning agent must pay and their own reward as defined

€N iFw by Equation 1. No other information relating to the other

tagents’ bids is made available, agents are also unaware of

Under the PVM, SPSB auctions are strategically equivalen X i )
the number of auctions in any experiment.

to open English auctions.

The benefits of the PVM are that for certain auction
mechanisms and assumptions there is provably optimal be3. ZIP Agentsfor Sealed Bid Auctions
haviour. Hence we can measure the performance of intel-
ligent adaptive agents and assess under what conditions The ZIP algorithm has been primarily used for agents in
learning is most effective. This is a necessary condition to auctions with multiple buyers and sellers [2]. We adapt the
studying more interesting (and realistic) scenarios wherearchitecture for use in auctions with just a single seller.
the assumptions under the PVM concerning the competi- The key feature of ZIP agents is that they learn a bidding
tors behaviour do not necessarily hold true. strategy based only on information provided by the results



of the previous auction (or shout) and their private valtie. | ZIP agents select their optimal bid by randomly sampling a
is our primary interest to assess whether simple agents thatange of values given by
retain no explicit memory of previous auctions, such as ZIP

agents, can learn an optimal strategy in sealed bid auctions %a,j = baj Rat+ Aa

A ZIP agent adopts a linear bid function given by where R and A are observations of independent random
_— 10 variables with a uniform distribution. When a ZIP agent
o = 2a(1.0 = fta) wins A € [Amin,0.0] and R € [Ryin, 1.0]. If the agent

where i, represents the fraction above or below its value 10S€SA € [0.0, Anqz] @andR € [1.0, Rypqal-

at which the agent bids. The optimal strategies, in terms of ~ The only difference between the ZIP agent for CDA de-
u, arep = % in FPSB auctions and = 0 in SPSB auc- scribed in [2] and the ZIP agent for sealed bid auctions is
tions. The problem of learning an optimal strategy is re- that the situations in which it is allowed to update are dif-
duced to learning these optimal margins. For a ZIP agentferent.

a in an auctiory the margin, ; is adjusted tQuq, j4+1 US-

ing the rule 3.1. ZIP Results
Pa,j+1 = Haj + Daj The ZIP agent competes in first and second price sealed
Agj = B(da,j — fa,j) (2)  bid auctions versus fifteen non-adaptive agents. Our sim-

ulations have the following experimental parameters:
agents compete in a series of 10,000 auctions; private val-
ues are drawn from a uniform distribution functiérwith a
universal maximung = 1.0; the ZIP agent adopts a learn-
ing rateg@ = 0.1; an initial marginu; = 0.5; a momen-
d =1 %ni 3) tum co-efficienty, = 0.7; Rpae = 1.05, Ryin = 0.95,

oI Taj Apae = 0.05 and A,,;,, = —0.05; the number of agents
N = 16 is fixed throughout a run.

d,.; is the desired margin, i.e. the margin a biddeshould
have adopted in an auctignto maximize its reward,, ;.
We calculatel, ; by first calculating, or estimating, the op-
timal bid o, ;. The desired margin is then defined as

In selecting an optimal bid,_; the ZIP agent considers any
bid which could have increased their reward. When a ZIP

agent loses an auction (# w) and the price was greater In FPSB auctions the objective of the ZIP agent is to

than its valuexg; > x, ;) there is no bid which could have learn the optimal margip. = L. Figure 1 shows the ZIP

mcregsed the agents reward, since the best reward e.lCh".th'raders margin for a single run where the straight line repre
able is 0. Hence we restrict adaptive agents to updating in

W0 situation sents the optimal strategy. Table 1 shows a quantitive sum-
0 situations. mary of accumulated profits received by all agents. It can

First Price Sealed Bid

1. The agent winga = w). We characterise this situation
as the agent beingreedy hence it increases its mar-

gin by estimating the optimal bid to be lower than the 064
current bid. o
2. The agent lose§: # w) but could have made a profit

(p < z4,5). Inthis situation the agent fearfuland be- 0.4 |

comes more cautious. The agent reduces its marginby <

estimating an optimal bid to be greater than the cur- g‘”'

rent bidb, ;.

0.2
Large variations in margin can result from the wide range
of observable optimal bids, hence ZIP agents emplmpoa 0.14
menturnrco-efficienty, to smooth the update variabla,, ;
is replaced by, ; in the first line of Equation 2L, ; is de- 7 2501 5001 7501
termined by the formula auettion
Tojir =Yalaj + (1= 7a)Aa. Figu're 1. Plot of p for ZIP type agent in FPSB
auctions.

where~, € [0,1]. Larger values ofy result in greater
smoothing (i.e. reduce the effect on the margin of the cur-
rent update). The update on the margin then becomes

be clearly seen from Figure 1 that the margin converges to-
Haj+1 = ta,j +Laj. wards to a value close to the optimal #nl200 auctions.



ZIP Agent Fixed Strategy Agents

Profit Min Max | Mean | Std Dev
17.75 16.94| 19.34| 18.36| 0.75 051
Table 1. Profits for ZIP Agent in FPSB auc- 0-41
tions. c 03]
E 0.2
The average margin over the final 5000 auctions is 0.063, 0.1
suggesting that the agent may be learning too greedy a strat- ol
egy. Table 1 show that although the profit of the adaptive
agent is within the range of the optimal agents, it is nev- -0.1
ertheless below the average figure. To test further whether ' zo01 atiot 1 on oot

the ZIP agent was reaching the optimal strategy, we re- . )

peated the experiment 100 times and measured the average Figure 2. Plotof y for ZIP type agent in SPSB
margin and the profit achieved over the last 5000 auc- auctions.

tions. The sample mean margin was 0.0648 and the median
0.0649. We can reject the null hypothesis that the av-
erage level is 0.0625 using a t-test for the mean and a

Wilcoxon sign rank test for the median at the 1% level. ZIP Agent _ Fixed Strategy Agents
To demonstrate that the reduced margin does actually re- Profit Min | Max | Mean | Std Dev
sult in a suboptimal strategy and hence less profit, the 17.01 15.48| 21.24] 18.59| 1.62

profit obtained by the ZIP agent was compared to the aver- . )

age profit made by the optimal agents. Over 100 runs the ~Table 2. Profits for ZIP Agent in SPSB auc-
mean and median ZIP profit was 17.95 and 17.87 respec- lONS.

tively, compared to the mean and median average optimal
agent profit of 18.40 and 18.41. We can reject the null hy-
pothesis that the mean difference between the profit figures From these experiments we conclude that the ZIP agent
is zero using a t-test for paired samples and the null hypoth-is able to learn an average margin close to optimal for both
esis that the median difference is zero using the Wilcoxon FPSB and SPSB auction. However, there is evidence that
sign rank test for paired samples at the 1% level. Hence wethe average margin is significantly different to the opti-
can conclude that for FPSB auctions, a ZIP agent compet-mal and the profit achieved is significantly less than that
ing against non-adaptive agents following the optimaltstra achieved by the non-adaptive agents. ZIP agents perform at
egy learns on average a suboptimal strategy and hencéeast as well as the similar memory free agents used in [1].
receives on average a lower profit than the average ob-n [11] we fully evaluate the effect on margin and profit of

tained by the optimal agents. the use of momentum and alternative margin updates and
find that there is no simple implementation that achieves
Second Price Sealed Bid optimal profit. We also demonstrate the effect of alterrativ

In SPSB auctions the optimal margingis= 0. Figure values ofN.
2 shows the ZIP agent learns a margin close to optimal af-
ter~1200 auctions. The average margin over the final 5000 . .
auctions is 0.0084, which suggests that the ZIP agent is be-4' GD Agentsfor Sealed Bid Auctions
ing marginally too greedy. Table 2 shows the profit of the
ZIP agent is within the range of profits achieved by the op-  The Gjerstad-Dickahaut (GD) trader algorithm for CDA
timal agents, although as with FPSB it is below the averageis amemory basedgent architecture described in [3] and
figure. refined in [10]. GD traders have a strategy for shout price
As with FPSB, a sample of 100 independent experi- selection based on maximising expected profit. The max-
ments was conducted. The mean and median margin wer@misation of expected profit relies on the GD trader forming
found to be significantly different from the optimal mar- a belief and payoff function. A GD trader maintains a his-
gin of zero and the mean and median profit for the adap-tory H of lengthm storing messages pertaining to the last
tive agent (17.95 and 17.92) to be significantly less than thetransactions. For double auctions, GD traders employ their
mean and median profit of the non-adaptive agents (18.58memory of previous shout and transaction prices to form
and 18.56). a belief functiong(b). For a particular bid history a buyer



forms a belief that a bid will win is
(b = TBL(b) + AL(b)
") = TBL(b) + AL(b) + RBG(b)

whereT BL(b) is the number of transacted bids less than or
equal tob, AL(b) is the number of asks less than or equal to
bandRBG(b) is the number of rejected bids greater than or

equal tob. A trader forms a profit function on the space of
possible bidsy*(b), then finds the expected profit function.
It selects the bid that maximizes expected profit.

The GD algorithm requires some alteration for sealed bid

traders because of the different information availablee Th
agent maintains an auction histatyof lengthm. Suppose
an agent were able to record the price paid by the winner,
and the winning bidb,, in the historyH. For a FPSB auc-
tionp = b, butin a SPSB < b,,. With this historcial in-
formation we can adopt a similar assertion to GD in form-
ing a belief function: If a bidh,, was the winning bid then

a bidb > b, would also have won. An agents’ belief that a
bid b will be accepted is

(4)

Where thel'(b) is the number of auctions in whi¢hwould
have been a winning bid in previous auctions4(b) is an
estimate of the the probability of winning the auction with a
bid of b or less. The GD trader evaluat@®) for the values

of b given by the winning bids i. For example, if the bid

The expected profit is then the product of the probability of
winning and the estimate of the profit assuming the agent
won, X

E(b) = §(b) - r(b).
The agent selects the bid that maximizes the estimated ex-
pected profit. Thus the expected profit for each bid in the
history given above would be

) ~ E(065) =0,
E(0.80) = 0.004, £(0.88) = —0.012,
£(0.90) = —0.030, £(0.95) = —0.048

The agent would choose to bid 0.8. In cases when the maxi-
mum expected reward is less than or equal to zero, the agent
chooses a bidding margin based on a summary of the mar-
gin it had adopted in previous auctions.

The problem with this method is that in sealed bid auc-
tions the agent is only informed of the price the winner
paid. In FPSB auctions the price and the winning bid are
the same, hence the procedure can be followed as described.
However, in SPSB auctions the agent is only aware of both
price and winning bid if it won the auction itself. This
means that a further adaptation of the bidding mechanism
is required. The profit function is estimated based on a sep-
arate record of the auctions the agent itself won and hence
has accurate pairs of winning bids and prices. The estimate
of the probability of a bid winning is based on the history
of auctionsH, but the points at which it is estimatéd, are

history contained the 5 winning bids and prices for a SPSB now also estimated based on the experience of the agent.

auction

H = {(0.85,0.9), (0.78,0.8), (0.64, 0.65),
(0.86,0.95), (0.83,0.88)}.

4(b) is estimated at points = {0.65,0.8,0.88,0.9,0.95}
to be

4(0.65) = 0, 4(0.8) = 0.2,

4(0.88) = 0.4, §(0.9) = 0.6,
4(0.95) = 0.8, g(b) =1; b > 0.95

The agent then estimates the true payoff function were it to

win,
r*(b)=z—p
with the empirical function* at the same values 6fBased

on the prices in the bid history and the current valug,
r*(b) is estimated as

7*(by) =2 —p ¥(p,by) € H.

Using the same example history as before, an agent with

value0.8 would estimate the payoff function at
7*(0.65) = 0.16,
7(0.8) = 0.02, r*(0.88) = —0.03,
7%(0.9) = —0.05, 7*(0.95) = —0.06

A more detailed implementation description can be found
in[11].

4.1. GD Results

The GD agent was assessed with the same experimen-
tal parameters as the ZIP agent. The history lengthyas
set to 1000.

First Price Sealed Bid
Table 3 shows the profit achieved by a GD agent over
the last 5000 auctions for a typical run. Over 100 runs the

GD Agent Fixed Strategy Agents
Profit Min Max | Mean| Std Dev
18.20 17.26| 19.45| 18.34| 0.73

Table 3. Profits for GD Agent in FPSB auc-
tions.

mean and median GD profit was 18.24 and 18.27 respec-

tively, compared to the mean and median average optimal

agent profit of 18.34 and 18.33. We cannot now reject the



null hypothesis that the mean difference between the profithaviour in auctions. Field studies have shown that realdvorl
figures is zero. strategies are often suboptimal [8].

We can conclude that for FPSB auctions, a GD agent Our work in developing adaptive intelligent agents for
competing against non-adaptive agents following the op-simulated auctions will continue by studying behaviour in
timal strategy learns a strategy that is not significantly multi adaptive agent environments, considering more com-
different to the optimal and hence receives on aver- plex auction scenarios with for example, agents leaving and
age a profit as high as the average obtained by the opti-entering market and agents with changing reward functions.
mal agents.
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