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ABSTRACT

In previous work we have introduced a principled methodology
for systematically exploring the space of bidding strategies when
agents participate in a significant number of simultaneous auctions,
and thus finding an analytical solution is not possible. We decom-
pose the problem into sub-problems and then use rigorous experi-
mentation to determine the best partial strategies. In this paper we
clarify and extend our methodology. We also examine the Bayes-
Nash equilibria for some of the design tradeoffs that arise when
the problem is decomposed and each tradeoff is examined indepen
dently and provide some equilibrium strategies. Our agent White-
Bear was created by using the results of this methodology and ha
consistently been a top-scoring agent in all the competitions.

1. INTRODUCTION

Auctions are becoming an increasingly popular method for trans-
acting business either between individuals over the Internet (e.g.
eBay) or even between businesses and their suppliers. While opti-
mal strategies for bidding in an auction for a single item are known,
in practice agents (or humans) are rarely interested in a single item.
They wish to bid in several auctions in parallel for multiple substi-
tutable or complementary goods. The fact that the value of each
good to an agent depends on other goods is what makes this prob
lem particularly hard. There had been relatively few studies about
agents bidding in multiple simultaneous auctions and they mostly
involve bidding for substitutable goods (e.g. [1], [3], [4]). However
recently the introduction of the Trading Agent Competition (see
[8]) has given momentum to the research in this field by providing
researchers with a challenging benchmark domain which incorpo-

rates several elements found in real marketplaces. One may find the

rules of TAC on the web dittp : \\www.sics.se\tac.
In this short version of the paper, we present our methodology
for determining the strategy an agent should use when bidding in

simultaneous auctions (see section 2). We also find Bayes-Nash

equilibria that a rational agent would consider when it participates
in an auction that can close at one or more predetermined times
(see section 3). For more details refer to the extended version of
this paper [6]; in that version we also present a “complete” set of
experiments, based on our methodology, for determining an over-
all best strategy in the Trading Agent Competition and further im-
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provements to our agent and methodology (e.g. reducing the num-
ber of games needed to get significant results in our experiments).

2. METHODOLOGY AND AGENT ARCHI-

TECTURE

In this section we extend and clarify the methodology that we
presented in [7], in order to systematically explore the space of bid-
ding strategies when it is not possible to find an equilibrium solu-
tion, because the agent participates in a significant number of simul-
taneous auctions. We decompose the problem into sub-problems
and then use rigorous experimentation to determine the strategies
for each subproblem. This is contrary to the direction that most
other researchers have explored; because of the obvious dependen-
cies among the bids most teams participating in TAC did not wish
to examine each auction independently.

2.1 Problem Decomposition

According to our methodology we must decompose the problem
as much as possible. This involves two phases:

1. The quantities to be bought for each commodity are deter-
mined independently of the price and the placement time of
the bid and are computed by maximizing the utility of the
agent assuming that all the goods are bought at some pre-
dicted prices and that every unit will be bought instantly. A
dedicated module called “the planner” (or optimizer) is doing
this task. For more information on this module see [7].

. Once the quantity that the agent should buy has been com-
puted we need to find the price and the placement time of
each bid. We consider separately each different auction type,
which corresponds to a different commodity type, and we
compute the space of possible “partial stratedidet this
auction type. Initially we compute the extent of this space
by setting boundary partial strategies, that is strategies that
place bids at the lowest or highest prices that a rational agent
would consider possible for this setting and at the earliest or
latest time possible. This defines the boundaries of the strat-
egy space for each auction type. Having accomplished this, it
is necessary to generate intermediate stratétpesse in our
experiments, since we cannot possibly consider all possible
strategies in the strategy space. This is done systematically
by

e computing equilibrium strategies for each auction,

e combining the boundary strategies, and
e modifying the boundary strategies.

1We called these strategies partial because they only deal with one
particular type of auction. These are usually computed analytically
or using domain knowledge.

2If the boundary strategies will place bids at prigg., andpign

in a certain case, then the intermediate strategy should place its bid
at pricep : piow S p S Phigh-



2.2 Experiment Setup after one round of bids with probabiligyor with probability(1—p)

The number of possible combination of partial strategies coupled the agents are allowed to submit one more round of bids(lee
with the fact that each strategy can behave differently based on thethe starting price at the auction, i.e. all bids submitted must exceed
mixture of agents that participate in the game leads to a prohibitive this value. We compute a Bayes-Nash equilibrium stratg@y)
number of experiments that need to be performed in order to get thethat maps utilities.; to bidsv;. _ _
“overall best strategy”. We propose one possible way of exploring Whenm = 1 good is sold, the starting price @@ > 0 and the
this space. We can search it efficiently by exploring the result that bidding lasts for exactly one round & 1) the equilibrium strategy
changing only one of the partial strategies has on the behavior of IS (F(w))N—l . dw
the multi-agent system. To do this in a systematic way we use sev- NI 1)
eral sets of experiments, each of which is designed to evaluate one (F(Ui))
particular partial strategy in different mixtures of age:hls.order Whenm = 1 good is sold, the starting price @ = 0 and a
to explore the whole spectrum of possible mixtures we propose to second round of bidding exists with probability — p) (p # 0, 1)
keep a fixed number of agents who are using the intermediate stratethe equilibrium strategy is the solution of the differential equation
gies, while systematically changing the mixture of agents using the &' (u;)
boundary cases. This will explore sufficiently the different multi- (wi — g(ui)) - =7 = ®(us) - Y(g(ui)) 2
agent environments that the agents can participate in, since the be- g’ (ui)
havior caused by the intermediate strategies is within the boundswhere®(z) = (F(gc))Nf1 andV¥(z) =1+ “TP . (F(x))Nfl,
of the behavior caused by the boundary strategies. Using statis-and the boundary condition ig0) = 0. There is no known closed
tical tests we can evaluate the performance of the agent and deform solution to this equation, but a numerical solution can be eas-
termine whether some agent performs significantly better than the jjy calculated.
others. Therefore each experiment set explores the strategy space whenm > 1 goods are sold, the starting price@s> 0 and the

in one dimension and we need to run experiments varying different pidding lasts for exactly one roung & 1) the equilibrium strategy
partial strategies each time in order to explore the whole strategy s

Us

_JQ

g(uwi) = w;

space. We can accomplish this by using a different partial strategy o ﬁ%'dw v P(z) - Y(2)

to explore each time and by setting the strategies that are not varied 9(v) = u — B) — V() / v dz (3)
equal to the best strategy (or strategies found so far). In case our Q (o HORRION © .
experiments show that the fixed strategy we used for one particularwhere(p(m) — Z?Lf)l C(N —1,i)- (F(x))N**l . (1 _ F(x))z

subproblem was not the best one, then we vary this partial strategy
in the next experiment. In addition, if we want to explore a feature
that would improve the performance of the optimizer, we set half
the agents to use this feature and half not to, while all agents use
the best partial strategy combinations that we have found thus far.
This way we can reach a strategy combination (or combinations)
that perform consistently well against varying mixtures of agents.
An extra benefit of this methodology is that it allows us to derive
general observations about the behavior of certain strategies in dif-
ferent domains.

andY (z) = Y7 2C(N = 1,0) - (F(2)" 7" (1 - F(z))".
Note thatC' (K, :) are the number of possible combinations when
choosingi items from a set oK items.

Whenm > 1 goods are sold, the starting price@s= 0 and a
second round of bidding exists with probabil{ty — p) (p # 0, 1)
the equilibrium strategy is the solution of the differential equation

<I>/ Uq
(= g0) - 0 = (D) = ¥ () - (s, 9()) (9
whered(z) = Y7V O(N = 1,4) - (F(2))Y 17 (1 - Fa))',
Y(z) = 22 C(N = 1,4) - (F(2))Y 7" (1 - F(z))" and
and easily modifiablearchitecture that follows the “Sense Model _ lop | 2@-Y(Q) | J& sy dw
Plan Act (SMPA)” architecture. Other trading agents (e.qg., [2], [5]) U(ui, @) - L+ 28 gty vy €@ T (®(u) +
have used a similar global design. The overall architecture can be % Y% () . 4,)) and the boundary condition ig0) = 0.

; : Q () Y(w) : : ,
summarized as follows: There is no known closed form solution to this equation, but a so-

lution does exist and can be computed numerically.
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