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Abstract. In this paper, we discuss the design of algorithms for agents to use
when participating in multiple simultaneous English auctions, aiming to pur-
chase multiple goods. Firstly, we present a coordination algorithm, which en-
sures the agent places appropriate bids in the different auctions to buy exactly
the right number of goods. Secondly, we combine this with an algorithm to de-
termine what maximum bid an agent should place in an auction that is about to
terminate. This algorithm combines a belief-based model of the auctions with a
utility analysis. This analysis is to trade off the certain outcome of the termi-
nating auction against the possible outcomes of the remaining auctions, and
hence to place appropriate bids in each.

1 Introduction

Electronic commerce [1] is having a revolutionary effect on business. It is changing
the way businesses interact with consumers, as well as the way they interact with each
other. Electronic interactions are increasing the efficiency of purchasing, and are al-
lowing increased reach across a global market.

E-commerce is not a static field, but is constantly evolving to discover new and
more effective ways of supporting business. Initially, e-commerce involved the use of
EDI and Intranets to set up long-term relationships between suppliers and purchasers.
This increased the efficiency and speed of purchasing, but resulted in lock-in in the
relationship. Both suppliers and purchasers had to invest significantly up-front in the
relationship, so were not easily able to move their business elsewhere. The technologi-
cal relationship between the parties was a friction factor, preventing free competition
in the longer-term [2]. Often, the relationship was (and still is) beneficial to both par-
ties. However, the lock-in effect also meant that when the relationship became less
beneficial to one party, they couldn’t easily move elsewhere.

The second phase of e-commerce aimed to address this problem. With the increas-
ing availability of the web, a more open e-commerce environment is developing, al
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lowing businesses to trade more flexibly with each other. Some of this openness is
achieved by competition between web portals, while some competition occurs within a
single web portal, acting as a marketplace for buyers and sellers to meet.  Some of the
efficiencies of EDI can now be achieved in a more open environment, where relation-
ships no longer need to be long-term.

However, there is a benefit of the EDI approach that is often lost in this new phase.
Price negotiation was carried out in advance in the EDI world, so purchasing can be
entirely automated. When a manufacturing planning and forecast system identifies the
need for a purchase, it can initiate it automatically without any human involvement,
increasing speed and efficiency. In phase two, each purchase may involve interaction
with a new supplier, and so may involve new negotiation of terms. As a result of this,
many of these purchases can’t be made automatically and instead require human inter-
action, mediated by the web.

The third phase of electronic commerce is just beginning. It aims to address this is-
sue, allowing automated business interactions to take place in a fluid environment.
Technology will no longer be a friction factor to changing supplier or customer. Long-
term relationships will still play an important role, but they will persist because of the
choice of both parties rather than technological lock-in. The key building blocks of
this new world, e-services, will be able to interact dynamically with each other to
create short-term or long-term trusted trading relationships to satisfy the needs of
different business partners. Many technologies are involved in this development –
distributed systems, encryption and PKI, XML and associated business ontologies,
economic analysis and game theory, to name just a few. As automation and distribu-
tion are central to the vision, agent technology provides a fundamental role in this.

In Section 2, we discuss the role of auctions in electronic commerce, present the
problem of multiple auction participation and give an overview of tools used to sup-
port participation in auctions currently. In section 3, we present a basic coordination
algorithm used to bid effectively in multiple auctions that terminate simultaneously. In
section 4, we extend this algorithm by providing a belief-based learning component,
and use utility analysis to determine whether it is worth making a purchase in an auc-
tion about to terminate. In section 5, we describe the implementation of the system. In
section 6, we present related work, and in section 7 we conclude with future directions
for this work.

2 Auctions in Electronic Commerce

In phase two of the e-commerce revolution, auctions have become increasingly im-
portant both for business to business transactions and for consumer purchasing. Many
different auction designs are possible. Game theory [3] can be applied to study how
best to design them for specific situations [4]. Among the most popular designs are
English, Dutch and Vickrey auctions. In an English auction, a seller offers a good for
sale and buyers bid the price they are willing to pay. Each bid announced must be
greater than the previous bid, and the item is sold to the highest bidder. In a Dutch
auction, the process runs in reverse. The seller announces a proposed price, and buyers
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can accept it if they choose. As time progresses, the seller decreases the proposed
price until a buyer accepts. In a Vickrey auction, bidders place their bids in a sealed
envelope and submit them to a trusted third party. At a certain time, the party opens
the envelopes, and the good is sold to the highest bidder at the second highest price.
Under certain conditions, these three auction formats can be shown to produce identi-
cal revenue for the seller.

As a result of this explosion in popularity, more and more companies are offering
auction sites. Because of this, if you want to purchase a particular good, there are often
many auction sites that are offering it. If you really want to get the best price, you
must monitor all of these auctions using your web browser, and place bids appropri-
ately. Care must be taken, to ensure you don’t make more than one purchase! If there
are a large number of auctions, this can be quite a daunting task, requiring your undi-
vided attention for a period of time. Furthermore, if you wish to purchase more than
one item, (as is often the case in B to B trading,) it becomes almost impossible.

As a result of this, auctions are beginning to offer support tools to make your job
easier. Search tools such as Auction Beagle (http://www.auctionbeagle.com/) and
Auction Octopus (http://www.auctionoctopus.com/) allow you to locate and monitor
auctions selling specific goods, thus eliminating the need to have 20 browsers open at
once. Auction Rover (http://www.auctionrover.com/) provides price trend information
on popular items, to aid you in deciding what maximum price to bid.  These help, but
still leave a large amount of work for you to do. Particularly in the B-to-B context, this
can result in an unacceptable overhead. To eliminate this, it is necessary to design
automated agents able to carry out the task on your behalf.

Some sites running English auctions, such as Auction Sales (http://www.auction-
sales.com/), do offer a simple bidding agent. This agent resides on the auction site, and
bids on your behalf. You enter the maximum you are willing to pay, and it places the
lowest possible bid on the web site (Either the reservation price, or if bidding has
already started, it bids just above the current highest bid.) If all bidders in an auction
use such an agent, the auction becomes a Vickrey style auction instead of an English
auction. (The sale is made at second price plus the minimum bid increment.)

However, such agents are not able to participate in multiple auctions, either on the
same web site or across different ones. As a result, once you use the agent, you are
committed to making a purchase on the site if you can. Locally, you may pay the low-
est price you can to win the auction. However, from a global perspective, that par-
ticular auction is unlikely to have been the best place to make a purchase.

These bidding agents have an additional disadvantage. To use them, you must re-
veal the highest price you are willing to pay to the auction site. This gives the auction
site information that could be used to cheat you. Furthermore, as auction sites often
receive percentage commission on sales made, they also have an incentive to cheat
you. To do this, they would take note of the highest price you are willing to pay, and
enter a mythical bid in the auction (a ‘shill’) just under this price. Your agent would
then place your maximum bid, and the seller has made a sale to you at the best possi-
ble price (assuming you are the highest bidder.) The auctioneer would therefore col-
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lect their maximum possible commission.2 This second disadvantage could be over-
come by placing them locally on the auction participant’s machine, but this would not
overcome the first, more serious, problem.

Hence, neither the auction search facilities nor the existing bidding agents provided
by current technology are adequate to meet the needs of a B-to-B auction trader. In
this paper, we propose a solution to this problem. We present algorithms that can be
used by an agent to participate in multiple auctions on behalf of a trader, and can lead
to optimal or near-optimal purchase decisions being made.

The agent aims to purchase one or more identical goods on behalf of its user. It can
participate in many auctions for this good, and coordinates bids across them to hold
the lowest bids. As auctions progress, and it is outbid, it may bid in the same auction
or choose to place a bid in a different auction. The algorithm consists of two parts.
Firstly, it has a coordination component, which ensures it has the lowest leading bids
possible to purchase the appropriate number of goods. Secondly, it has a belief-based
learning and utility analysis component, to determine if it should deliberately ‘lose’ an
auction in the hope of doing better in another auction later.

3  The Coordination Algorithm

The basic algorithm uses the coordination aspect only. If all auctions terminate simul-
taneously, it will place optimal bids, and make the required purchase at the lowest
price. However, if some auctions terminate later than others do, and new auctions may
come into being, then its behaviour can be non-optimal, and needs to be supported by
belief-based and economic techniques to be discussed in the next section.

An auction house may run one or more auctions for a given good. Each auction ai

offers n(ai) goods for sale. Auctions are assumed to be English auctions in format,
with bidders placing bids at the price they are currently willing to pay for the good. A
bidder may place more than one bid in a given auction. The n(ai) goods offered in the
auction are sold to the bidders making the n(ai) highest bids, for the price they bid. In
case of two equal bids, the item goes to the earliest bidder. Hence the auction is dis-
criminatory – some buyers will pay more than others for the same good. Different
auctions impose different rules covering how a bid may be entered or retracted. For
the purposes of this paper, we assume that a buyer may not retract a bid, and a buyer
may enter a bid provided it is at least a certain minimal increment δ above the n(ai)th
highest bid.

We will define the algorithm, and simultaneously present an example to illustrate
the definitions.  The illustrative paragraphs, provided for clarification, are indented.

Our agent participates in many auctions selling similar goods, spread out between
many auction houses. It wishes to purchase m goods in these auctions, and is given a
valuation of v on each good by its user.  To do this, it monitors the set of auctions
currently progressing. For each auction ai, it observes the n(i) highest bids. In other
words, it observes the values of the bids which, if the auction terminated immediately,
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would result in a successful purchase. Let these bids be labeled {b1
i,..,bn(i)

i}, where b1
i

is the highest bid in the auction, and bn(i)
i is the lowest bid which would currently suc-

ceed. We refer to these as the currently active bids.  To represent the reservation price
r, we assume that the seller places n(i) bids of value r-δ, where δ is the minimum bid
increment.

Let us assume our agent is attempting to purchase 5 discount PCs of a given speci-
fication, and is willing to bid up to 150 for each. There are 3 auction houses, each
running one auction to sell PCs of this specification. Auction a1 is selling 4 PCs, auc-
tion a2 is selling 3 PCs and auction a3 is selling 2 PCs. Assume all auctions have a
minimum bid increment of 5.

Auction a1 currently has the following bids registered (Underlined bids are
held by our agent);
100 95 90 90 80 60

As the auction is for 4 items, the agent observes the 4 highest bids, {b1
1=100,

b2
1 = 95, b3

1 = 90, b4
1 = 90}

Auction a2 has the following bids registered;
95 85 85 80 70

The agent observes the bids {b1
2=95, b2

2 = 85, b3
2 = 85}

Auction a3 has the following bids:
100 95 95 80

Our agent holds 2 active bids, and so needs to place bids to gain an additional
3.

Let L be the number of currently active bids that are held by our agent. (Initially, L
will be zero.) To ensure it makes m purchases, it needs to make new bids that result in
it having an additional (m-L) active bids. As we shall see, this may require it to make
more than (m-L) bids, as it may need to outbid itself.

If the agent is to hold j active bids in auction ai, it must place bids that beat the low-
est j of the currently active bids. We define the beatable-j list for auction ai to be the
ordered set of these bids – namely bids {bi

n(i)-j+1,..,b
i
n(i)}.  To beat the bids in this list,

the agent must place j bids of value bi
n(i)-j+1+δ where δ is the minimum bidding incre-

ment. The incremental cost to the agent of placing these bids, if successful, above the
cost that it would have incurred in auction ai previously, is j*bi

n(i)-j+1+δ - {sum of pre-
vious bids in ai}. The beatable-0 list of any auction is defined to be the empty set, and
has incremental cost of zero. Obviously, an auction for q goods has no beatable-j lists
for j>q.

In the above example, the beatable-1 list of auction a2 is {85}, with incre-
mental cost 5 (as it already holds that bid). The beatable-2 list is {85, 85},
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with incremental cost 95. Similarly the beatable-3 list is {95,85,85}, with in-
cremental cost 195.

The agent now constructs potential bid sets. A bid set is a set of beatable-j lists that
satisfies the following criteria;
1. The set contains exactly one beatable-j list from each auction.
2. The beatable-j lists contain, in total, exactly (m-L) bids made by parties other than

our agent.

In other words, each bid set represents one possible way of placing bids to ensure
that our agent will gain an additional (m-L) active bids, and therefore will hold exactly
m active bids.  We define the incremental cost of each of these bid sets to be the sum
of the incremental costs of the beatable-j lists in it.

Returning to our example, our agent needs to find bid sets containing exactly
3 bids made by parties other than it. An example bid set satisfying the above
criteria would be;
[{90}, {85, 85}, {100, 95}]
This set is made from the beatable-1 list of auction a1, and the beatable-2
lists of auctions a2 and a3. Its incremental cost is 300.

The agent must generate the bid set with the lowest incremental cost. In addition, it
must avoid generating bid sets that contain a bid equal to or greater than its valuation
of the good, v. Various algorithms can be used to do this. The simplest is to generate
all possible bid sets, filter out those containing bids greater than v, and select the one
with lowest cost. However, this is clearly inefficient. We have adopted a depth first
strategy through the space of possible bid sets, pruning areas of the search space which
are higher cost than the best solution found so far. This strategy is presented on the
following page in pseudocode as a function returning the cheapest bid set.

If there is more than one bid set with identically lowest cost, the agent chooses one
arbitrarily. If no such bid sets exist, the agent relaxes condition 2 and finds the small-
est i such that at least one bid set exists which contains (m-L-i) bids made by parties
other than the agent. Given this i, the agent chooses the bid set with the lowest incre-
mental cost.

Having generated the bid set with the lowest cost, the agent places bids in each
auction. For each beatable-j list {bi

n(i)-j+1,..,b
i
n(i)} in the bid set, the agent places j bids

of value bi
n(i)-j+1+δ in the corresponding auction ai.

In our example, the bid set with lowest cost is [{90, 90}, {85, 85}, {} ]
This set has cost 285. The agent therefore places two bids of 95 in auction a1

and two bids of  90 in auction a2.



Algorithm Design for Agents which Participate in Multiple Simultaneous Auctions         145

pl
po
th
th
cheapestBidSet(N, MaxCost, AuctionList) {

/* Return the cheapest bid set to gain N active bids in
auctions in (a non empty) AuctionList. MaxCost sets an up-
per bound on the cost of the bid set, and is used for prun-
ing redundant branches of the search space. */

/* Vars for the best solution so far, and its cost */
BestSolutionSoFar := ‘undef’;
BestCostSoFar := MaxCost+1;

Auc1 := head(AuctionList);

/* If there is only one auction, then return the
   beatable-N set for this auction, if it exists and is
   cheap enough. */
IF length(AuctionList) = 1 {
 IF numberOfGoods(Auc1) ≥ N
  AND cost(beatable_jList(N,Auc1) =< MaxCost
  {RETURN beatable_jList(N,Auc1)}
 ELSE {RETURN ‘undef’}}

ELSE {
 /* Try all possible beatable-j lists from Auc1, one at
    a time. */
 FOR i = 0 to min(N, numberOfGoods(Auc1)) {

  /* If the beatable-i list for Auc1 is cheap enough,
then recursively generate the cheapest bid set to buy N-i
goods from the remaining auctions. */
  IF cost(beatable_jList(i,Auc1)) =< MaxCost {
    SubSolution :=
 cheapestBidSet(N-i,

BestCostSoFar – cost(beatable_jList(i,Auc1)),
tail(AuctionList)); }

    IF SubSolution <> ‘undef’ {
     TrialSolution :=

union(SubSolution,beatable_jList(i,Auc1));
     /* Check if the new solution is cheaper
        than current best solution, and update. */
     IF cost(TrialSolution) < BestCostSoFar {
      BestSolutionSoFar := TrialSolution;
      BestCostSoFar := cost(TrialSolution); }
    }}
}}
The agent continues to monitor the auction, and repeats its analysis if other parties
ace new bids. In this way, the agent ensures it maintains m active bids at the least
ssible cost to itself, unless doing so requires it to place bids above its valuation of
e good. Providing all auctions terminate simultaneously, this will result in it buying
e goods at the best price possible, given the competition in each auction.
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4  Dealing with Different Auction Deadlines

Now, we consider the case where auctions terminate at different times. In such a
situation, the algorithm above will not necessarily behave optimally. Imagine a situa-
tion where an auction starts every half-hour, and lasts for an hour. The agent would
always monitor two auctions, one that is nearer closing than the other. Inevitably, bids
will be higher in the auction that is nearing completion. Hence the agent would switch
bidding to the newer auction, and withdraw from the auction about to close. If this
continued, the agent would never make a purchase, but would simply switch bids to a
new auction every half-hour.

The agent needs a mechanism for determining whether to remain in an auction
which is about to close, even when there are other auctions with lower current bid
prices. To do this, it must be able to make a trade-off in terms of expected value be-
tween the relative certainty of remaining in an auction about to close, against the risk
of participating in a newer auction. The newer auction may result in a lower purchase,
or may result in a far higher purchase price above the agent’s valuation of the good. In
this section, we propose a mechanism for doing this.

The mechanism we use combines simple learning with utility theory. The agent
uses learning to build a model of the spread of valuations held by participants in dif-
ferent auction houses. Then, based on its beliefs about these valuations, it calculates
the utility of likely participation in persisting auctions, and compares this with the
certain outcome in the terminating auction. If the terminating auction has a higher
utility, it remains a participant and makes the purchase. If the remaining auctions have
higher expected utility, it withdraws from the terminating auction and continues par-
ticipation elsewhere.

4.1 Learning Mechanism

The agent generates a model of the potential outcome of auctions by creating a model
of each auction house. For a given auction house and a given type of good, it creates a
belief function B(x,q) representing  the probability that x bidders value the good with
a valuation greater than q in a given auction for that good. It builds up this function by
monitoring auctions for the good conducted by the auction house. Various possible
learning techniques can be used to generate this function. The exact choice will de-
pend on the underlying dynamics of the demand for the good under consideration. We
present three possibilities here.

(a) Static Demand
If the demand for the good is unchanging, a simple function which gives equal weight
to evidence from each auction will suffice. It can be specified iteratively – The initial
beliefs after one auction B1(x,q) are defined, and the beliefs after the t+1th auction
Bt+1(x,q) are defined in terms of the beliefs Bt(x,q) held prior to the auction.
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B1(x,q)   = 1 if x or more bidders have placed a bid of q or greater in the first auction
                  observed, 0 otherwise.

Bt+1(x,q) = ((t Bt(x,q)  +1) / (t + 1) if x or more bidders have placed a bid of q or
                  greater in the t+1th auction observed,

 = t Bt(x,q)   / (t + 1) otherwise

(b) Drifting Demand
If the demand for the good changes slowly with time, it is necessary to reduce or
eliminate the contribution of older auctions on the belief function. This can be done
either by specifying a rolling window of time and discarding evidence from auctions
earlier to this, or by using a time discount factor that reduces the weight given to older
auctions.

(c) Semi-Static Demand
In a semi-static environment, the demand remains fixed for a period of time, and then
suddenly alters to a new level (for example, because of the arrival of a new group of
buyers because of a publicity campaign.)  In such an environment, it is necessary for
the learning algorithm to identify when such a change has occurred, and to discard
evidence from auctions prior to the change. This can be done by observing predictions
from the belief model, and how they compare with the actual outcomes. If they are
radically different over several auctions, a reset should take place. Further details of
this approach (in double-auction markets) are discussed by Vulkan and Preist[14].

Using this function, we can estimate the probability that a bid of a certain value will
be successful in an auction by a given auction house. Consider an auction for n goods,
in which our agent wishes to purchase one. The probability that a bid of q by our agent
will be successful can be estimated to be 1 – B(n,q); i.e. 1 minus the probability that n
other bidders are prepared to outbid our agent.

There is a flaw in this model, which must be taken into account if it is to be suc-
cessful. Unlike a Vickrey or Dutch auction, an English auction reveals nothing about
the valuations of successful bidders. In other words, if a bidder makes a successful bid
of x, we cannot be sure how much higher they may have been willing to bid. To take
account of this, it is necessary to add some kind of heuristic weighting to the belief
function – we must increase the value of a successful bid by a certain amount, to re-
flect this possible willingness to bid higher. One possibility is to add a small random
amount to each successful bid.  In some domains, it may be possible to use economet-
ric data to determine accurately the range that this should be drawn over, while in
other domains it may be necessary to use a heuristic estimate.
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4.2 Utility Analysis of Leaving an Auction

We now consider how this belief function can be used to compare the expected payoff
of an auction that is about to terminate with the less certain outcome of other auctions
that terminate later. For the sake of clarity and brevity, we present the technique as-
suming our agent wishes to purchase a single good.

The expected payoff from the terminating auction is simple to calculate. Assuming
our agent is holding an active bid q, or is able to place one at the last moment, then the
payoff will be (v-q). If the agent is unable to place a bid because all active bids are
beyond its valuation of the good, then payoff will be zero and the agent is forced to
participate in other auctions.

Again, we will introduce an example to illustrate the principles being pre-
sented. Assume our agent is purchasing one good from one of two auctions.
Auction a1 is nearing completion, while auction a2 is continuing. Each auc-
tion is for 2 goods, and is run by separate auction houses.  The active bids are
as follows;

Auction a1:  130 125
Auction a2: 115 110

Our agent values the good at 200, so could continue bidding in auction a1.
However, should it, or should it switch to the other auction where prices are
lower?

The expected payoff of continuing to participate in the non-terminating auctions is
more complex to calculate. To do this, we use the belief function to calculate the
probability our agent will be able to make a purchase at various possible bid prices.
Recall that, for a given bid price q, the probability our agent will make a successful
bid in an auction run by a given auction house is 1-B(n,q), where n is the number of
goods being sold. Similarly, the probability that our agent will be able to make a suc-
cessful bid at a lower price, q-1, is 1-B(n,q-1). Hence, the probability that our agent
will succeed with a bid of q and no lower is B(n,q-1)-B(n,q). The utility of this out-
come will be (v-q). Hence, we can calculate the expected utility of participating in a
given auction as;

∑
=

−−−
v

0q
q)B(n,q)](v1)[B(n,q

Of course, as the auction may already be in progress, it is necessary to take into ac-
count the current active bids in that auction. The general belief function B(x,q) for the
auction house is therefore adapted for this particular auction an to give B(an,x,q). If
the good being traded is a private value good, and hence all buyers have valuations
independent of each other, this is defined as follows;
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Let p be the value of the xth highest bid in auction an

Then B(an,x,q) = B(x,q)/B(x,p) for all q ≥p
      1 for all q < p

To return to our example, let us assume that our agent has built up the fol-
lowing belief function for the auction house running auction a2;

q: 105 110 115 120 125 130 135 140
B(2,q): 1 0.8 0.7 0.6 0.6 0.5 0.3 0

As there are already bids of 110 and 115, this becomes;
q: 105 110 115 120 125 130 135 140
B(2,q): 1 1 0.875 0.75 0.75 0.625 0.375 0
As our agent has a valuation of 200, we can calculate the expected utility of
this auction to be;

(0.125*85)+(0.125*80)+(0.125*70)+(0.25*65)+(0.375*55) = 66.25

Given an expected utility on the remaining auctions, the agent must decide whether
to place higher bids in the auction that is about to terminate, or withdraw from it. If we
assume that the agent is risk neutral, then it will be willing to bid up to a value where
the actual utility of the terminating auction is the same as the highest expected utility
among the remaining auctions. In other words, it is prepared to make a maximum bid
bmax of;

∑
=

−−−−=
v

0q
q)B(n,q)](v1)[B(n,qvbmax

In our example, assuming that a3 has a lower expected utility than a2, our
agent will be willing to bid up to (200-66.25) = 133.75 in auction a1. Hence,
it will place a bid of 130, and will withdraw if this is outbid. In this case, it
will hope to make a better purchase in auction a2.

In this way, the agent is able to make informed decisions about whether to continue
bidding in an auction or to switch. If it is making multiple purchases, it may purchase
some in the terminating auction, and choose to switch others to continuing auctions.
Extensions of the algorithm to handle this case will be dealt with in a future paper.

5 Implementation

In this section, we describe the implementation of a distributed prototype system for
simulating activity of agents that negotiate in multiple auctions, using the algorithms
described above.
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The architecture is based on Java Message Server (JMS), part of the Java 2 Plat-
form Enterprise Edition (http://java.sun.com/products/jms/docs.html). JMS is a mes-
saging infrastructure that supports both point-to-point (message queuing) and publish-
subscribe styles of messaging. In the point-to-point paradigm, clients of the JMS
framework know how to work with queues: find them, send messages to and read
messages from them. In the publisher-subscriber paradigm, clients publish messages
to and subscribe messages from topics. The choice of JMS allows the prototype sys-
tem to be fully and truly distributed, with many traders running in parallel on different
machines.

The distributed architecture has three types of actor; a single infrastructure pro-
vider, auction houses and trader agents. The infrastructure provider administers the
messaging infrastructure, and providing a notification service when new actors enter.
The auction house is responsible for managing auctions throughout their lifecycle, and
providing data about previous auctions. Each trader is given a mailbox that is imple-
mented through a JMS queue. The infrastructure provider communicates via an admin
board, while auction houses provide one messaging board per auction. The boards are
implemented as JMS topics.

Initially, a trader signs up with the infrastructure provider to obtain access to the
admin board. It may then sign up with any auction house, which provide it with infor-
mation on any auctions which have already started, and data about previously com-
pleted auctions. Whenever an auction house creates a new auction, it sets up a blank
message board associated with it. The auction house then notifies the traders of the
auction by passing time, number of goods for sale, minimum increment, de-committal
penalty, etc. It does this by sending a message to the infrastructure provider, which
places the information on the admin board.

A trader places bids by sending bid lists to auction houses. A bid list is a data
structure containing a variable number of records, representing bids. Each bid speci-
fies a value and the identifier of the auction that the bid is being placed in. Bid place-
ment is completely asynchronous. The trader doesn’t receive notification of accep-
tance by the auction house, but instead observes updates on the message board associ-
ated with the auction to determine if a bid is accepted.

The auction house periodically updates the traders subscribing to its messaging
board by sending out information about the current status of an auction. The auction
house chooses the frequency of the updates, balancing the traders’ need for frequent
updates and the available bandwidth. Ideally, an update would take place whenever a
bid was accepted, but in practice it is more efficient to process all bids arriving within
a certain (small) interval before sending out an update.

Implementing the Agent Algorithm
Initially, the agent monitors the auctions available, and selects those that are selling
the good it is interested in, and which close prior to the deadline it has for purchasing
the good. It signs up with the corresponding auction houses of these auctions.  It then
constructs two sets of auctions – those about to terminate, and those continuing. It
calculates the expected utility of the non-terminating auctions, and uses the coordina-
tion algorithm to place bids up to this value in the terminating auctions.  If it is unable

http://java.sun.com/products/jms/docs.html
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to place some bids, it will place them in the non-terminating auctions instead. It re-
executes the coordination algorithm whenever other participants outbid some of its
bids. However, it only need re-execute the utility analysis if data about the non-
terminating auctions has changed (e.g. if a new auction has started.)

Because of the distributed nature of the system, the agent algorithm must base its
computation on data that has not been confirmed as valid. The agent holds a local data
structure that mirrors the messaging boards of all the auctions it takes part in. The
local information is updated on receiving updates from the auction house, and also
after the agent places a bid list. This local knowledge is what the agent uses to make
his decisions about which best next bids to place. If the local knowledge is proved
wrong, because an agent’s bid was not accepted due to another higher bid arriving
simultaneously, it is sufficient simply to run the algorithm again and place more bids
as necessary.

6 Related Work

Research into automated negotiation has long been an important part of distributed AI
and multi-agent systems. Initially it focused primarily on negotiation in collaborative
problem solving, as a means towards improving coordination of multiple agents
working together on a common task. Laasri, Lassri, Lander and Lesser [5] provide an
overview of the pioneering work in this area. As electronic commerce became in-
creasingly important, the work expanded to encompass situations with agents repre-
senting individuals or businesses with potentially conflicting interests. The contract net
[6] provides an early architecture for the distribution of contracts and subcontracts to
suppliers. It uses a form of distributed request-for-proposals. However, it does not
discuss algorithms for determining what price to ask in a proposal. Jennings et.al. [7]
use a more sophisticated negotiation protocol to allow the subcontracting of aspects of
a business process to third parties. This is primarily treated as a one-to-one negotiation
problem, and various heuristic algorithms for negotiation in this context are discussed
in [8].  Vulkan and Jennings [9] recast the problem as a one-to-many negotiation, and
provide an appropriate negotiation protocol to handle this. Other relevant work in one-
to-one negotiation includes the game-theoretic approach of [10] and the logic-based
argumentation approach of [11].

As much electronic commerce involves one-to-many or many-to-many negotiation,
the work in the agent community has broadened to explore these cases too. The
Michigan AuctionBot [12] provides an automated auction house for experimentation
with bidding algorithms. The Spanish Fishmarket [13] provides a sophisticated plat-
form and problem specifications for comparison of different bidding strategies in a
Dutch auction, where a variety of lots are offered sequentially. The Kasbah system
[14] featured agents involved in many-to-many negotiations to make purchases on
behalf of their users. However, the algorithm used by the agents (a simple version of
those in [8]) was more appropriate in one-to-one negotiation, and so gave rise to some
counter-intuitive behaviours by the agents. [15] and [16] present adaptive agents able
to effectively bid in many-to-many marketplaces. [17] demonstrates how these can be
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used to produce a market mechanism with desirable properties.  Park et.al. [18][19]
present a stochastic-based algorithm for use in the University of Michigan Digital
Library, another many-to-many market.

Gjerstad et. al. [20] use a belief-based modeling approach to generating appropriate
bids in a double auction. Their work is close in spirit to ours, in that it combines be-
lief-based learning of individual agents bidding strategies with utility analysis. How-
ever, it is applied to a single double auction marketplace, and does not allow agents to
bid in a variety of auctions. Vulkan et.al. [21] use a more sophisticated learning
mechanism that combines belief-based learning with reinforcement learning. Again,
the context for this is a single double auction marketplace. Unlike Gjerstad’s ap-
proach, this focuses on learning the distribution of the equilibrium price. Finally, the
work of Garcia et.al. [22] is clearly relevant. They consider the development of bid-
ding strategies in the context of the Spanish fishmarket tournament. Agents compete in
a sequence of Dutch auctions, and use a combination of  utility modeling and fuzzy
heuristics to generate their bidding strategy.  Their work focuses on Dutch rather than
English auctions, and on a sequence of auctions run by a single auction house rather
than parallel auctions run by multiple auction houses. However, the insights they have
developed may be applicable in our domain also. We hope to investigate this further in
the future.

7   Conclusions and Future Work

By interleaving the application of  two algorithms of the form described above, our
agent can effectively participate in multiple English auctions. It will use the coordina-
tion algorithm to place lowest possible bids across auctions. It will use the bid with-
drawal algorithm to determine when it is worth bidding higher in an auction that is
about to terminate, as opposed to transferring to other auctions where the active bids
are currently lower.

In this paper, we have sketched out the structure of appropriate algorithms to do
this. The specifics of these algorithms, particularly the bid withdrawal mechanism,
may need refinement and specialisation to operate in specific market applications.
Furthermore, the richness of the model may be increased. Specifically;

o A more sophisticated learning mechanism could be used. This may be ge-
neric, or could be tailored to the specific dynamics of a particular market.

o The algorithm presented assumes that the buyer is risk-neutral. This should
be generalised to allow the agent to adopt other risk attitudes as appropriate.

o The algorithm does not take into account time discounting or deadlines.
Again, this should be generalised.

o The algorithm assumes that the agent values all goods equally. This should be
generalised to allow the agent to receive a demand curve from its user.

o The algorithm assumes that the beliefs about auctions are accurate. By meas-
uring the deviation of  actual auctions from the predictions, it would be pos-
sible to give a measure of confidence in the belief. This could be used to
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moderate the agent’s decision to switch auctions, taking into account the
agent’s attitude to risk.

o The algorithm only takes into account the expected payoff of existing auc-
tions. It may be appropriate to also model the possibility that an auction
house may bring new auctions into being, and the potential payoff of such
auctions.

o Throughout this paper, we have assumed that all auctions are English in for-
mat. Research is required to generalise this to cover other forms of auction,
such as Dutch, Vickrey and Double auctions.

We hope to address some of these issues in a future paper.
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