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Abstract
With the increasing role of electronic commerce in business applications, much attention is
paid to online-auctions. As auctions become more and more popular in electronic commerce,
agents face the problem of participating in multiple independent auctions simultaneously or in
sequence. Decision making of agents becomes difficult when they have to buy bundles of goods.
In this case the agents have to cope with substitutable or complementary effects between the
single goods. In this paper we analyse existing approaches of tackling the problem of decision
making in multiple, heterogeneous auctions and develop a flexible Dynamic Programming-based
decision-making framework for agents, participating in multiple auctions. This work extends
existing Dynamic Programming-approaches in this field.
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Introduction

With the increasing role of electronic commerce in business applications much attention is paid to
online-auctions. As auctions become more and more popular in electronic commerce, agents face the
problem of participating in multiple independent auctions simultaneously or in sequence [7, 1]. From
a decision-theoretic point of view one faces a dynamic decision-problem under uncertainty. The
task of decision making becomes complex, if the agents are supposed to buy bundles of goods with
components, which are sold in multiple independent auctions. In this case the agent cannot assign
a value to a single good but only to the whole bundle. Thereby, complementary and substitutable
effects between goods may arise. In such cases, strategies developed in auction-theory cannot be
applied, because of their assumptions concerning the internal valuation of goods, the amount and
types of players [15, 16]. Therefore bid distributions are usually learned from historical data and
represent an external, given factor. In this paper we focus on the decision making part. For the
learning aspect see for example [10, 4].
In this paper, first, we provide a brief review of approaches dealing with bidding strategies
in multiple auctions. Our main focus will be on agents which want to buy bundles of goods.
Second, we develop a conceptual decision-making framework for agents that participate in multiple
auctions and whereas the agents value whole bundles of goods. Our framework is modeled with
Markov Decision Processes (MDPs) and extends the work of [4] and [5].
The remainder of this paper is organised as follows. In section 2 we give a brief overview of
related work in the field of bidding strategies for agents. In Section 3 we develop our MDP-Model.
The conceptual framework incorporates several different auction protocols as well as sequential and
overlapping auctions. In Section 4 we summarise our findings an give an outlook on future research
in the field of MDP-based bidding models in trading-agent scenarios.
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Related Work

In decision theory, one can distinguish between decision problems under certainty and risk. Furthermore, problems can be divided into static and dynamic problems. In static problems, time does
not play any role. Dynamic problems explicitly deal with time, i.e. actions taken in the present
may have consequences for decisions in the future [2].
Most of the existing approaches have in common, that they do not explicitly incorporate time in
the decision models. Rather, the dynamic decision problem is modeled as a static problem, which
means a simplification. We first focus on approaches which deal with the purchase of a single good as
well as with the purchase of multiple goods, where the reservation-price of each good is independent
of the amount of goods the agent holds. A static decision model for multiple overlapping English
auctions is provided in [20, 19, 6, 5]. In this case, the agent determines whether to bid in an English
auction or not, by taking into account the expected utility of bidding for the desired good in an
auction which closes later. An approach without explicit decision-theoretic background is presented
in [1]. In this approach the agent determines maximum bid values at a given time as a polynomial
function, as proposed in [11]. The maximum bid value depends on characteristics of the current
state. The agent combines several tactics, which express for example a bid value as a function
of the remaining time, or number of remaining open auctions. The weights of the single tactics,
as well as the parameters of the polynomial functions are optimised with genetic algorithms for
different environments. Dumas et al. [10] present an approach where no explicit utility functions
are given. In this work, the user has to provide the agent a desperateness-factor, which specifies the
probability with which the agent has to acquire the good. The agent has to compute a bid, which
it is willing to place in several, sequential auctions. The probability of winning at least one auction
with that bid has to be equal to the desperateness-factor announced by the user. An approach
which is beyond classical decision- and probability theory is developed by Garcia et al. [12]. The
core of this approach is the possibility theory [9]. This theory orders the utility of consequences
on an ordinal rather than on a cardinal scale (like in classical utility theory). Furthermore, no
distribution functions are used. Consequences are ranked on an ordinal scale, which denotes the
degree of plausibility of occurrence.
Having briefly described approaches which assign values to individual goods, we now turn
attention to the more complex case, where goods are valued in bundles. When an agent values
goods in bundles, no reservation price can be assigned to individual goods. In fact, the agent has
to distribute the value of the bundle over the individual goods [4]. Byde et al. [7] provide a generic
framework for agents that operate in multiple heterogeneous auctions. Different auction protocols
are modeled within this framework. The agent can purchase multiple items of one good, where the
agents’ utility is expressed as a function of the amount of goods the agent owns. Heuristics, based on
thresholds for maximum bids in each auction, are presented. The purchase of bundles of different
goods is addressed in [21, 18]. In this work, only English-auctions are addressed. Beside these
general generic decision frameworks, domain-specific approaches emerged from the Trading Agent
Competition (TAC) [13]. TAC describes a scenario where agents, which represent travel agencies,
have to purchase trips for eight clients. The single components of the trips - i.e. flights, hotel rooms,
and entertainment tickets - are traded in separate auctions, causing complementary and substitution
effects between the goods. Most approaches in the TAC-field model the stochastic dynamic problem
as a static problem under certainty, which means a rough simplification of the problem. Probability
functions, as for the expected closing price, are reduced to deterministic expected values, which
enter in an optimisation model. It is therefore a challenging task to accurately predict closing
prices of auctions [24]. Different approaches to predict closing prices of hotel-room auctions have
been undertaken. Besides simple historical averaging [24] there exist more sophisticated approaches
based on logistic regression [23], fuzzy-logic [14] and competitive equilibrium analysis [8].
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A Dynamic Decision-Framework for Multiple Auctions

In this section, we develop a dynamic decision-framework that is based on Markov Decision Processes (MDPs) and can be solved via Dynamic Programming (DP) [22]. So far, only a few MDPapproaches for the determination of bidding strategies in online auctions exist. Byde [5] develops
an Dynamic Programming approach for agents that bid in multiple overlapping English auctions, in
which the agent wants to buy a single item of a good. Boutilier et al. [4] present an approach where
an agent wants to buy a bundle of goods, which components are sold in strictly sequential firstprice-sealed-bid auctions. Based on these approaches, we develop a generalised decision-framework,
which incorporates different auction protocols. Furthermore different start and closing times are
possible. We will describe our model in the remainder of this section.

3.1

Assumptions

We assume that the agent may bid in a heterogeneous auction scenario. Therefore, we want to
incorporate English, Dutch, first-price-sealed-bid and Vickrey auctions. In the case of English and
Dutch auctions we consider auctions, in which the ask-price increases respectively decreases by a
fixed increment at every time step. Further the agents have to decide whether they want to continue
to bid. Only one agent can hold the active bid in English auctions. Further, we assume, that the
agent has beliefs about the distributions of closing prices of the auctions. Finally, for computational
reasons, we assume that the agent has quasi-linear preferences concerning the amount of money it
holds, and that the agent has no budget constraint. Based on these assumptions we describe the
decision model in the next section.

3.2

The Model

In this section we develop a MDP-based model for the heterogeneous auction scenario. To this end,
we model decision-stages, the state- and action-space, the transition probabilities and the rewards
and costs. Finally, we present the derived functional equations.
Stages, states and actions
We introduce the decision-stages t, which are synchronisation time points. At these discrete time
points ask-prices in English and Dutch auctions change, and sealed-bid auctions may close. Let E,
D, F and V denote the sets of English, Dutch, sealed-bid-first-price and Vickrey auctions. Let Z
denote the space of states. Every state z ∈ Z consists of the actual holdings h in every auction and
the status s, which denotes the status of every auction. The set of possible statuses S contains the
statuses open (op), closed (cl), active (ac), and inactive (in). Let sz denote the vector of statuses
of auctions, and hz the vector of holdings in every auction in state z. sz (i) denotes the status of
auction i in state z, whereas sz (i) ∈ {ac, in, cl}∀i ∈ E and sz (i) ∈ {op, cl}∀i ∈ D, F, V . Therefore
z = (h, s)t .
The action space A is given by the possible actions, which are represented by bids the agent can
submit at every decision stage. In English and Dutch auctions the agent only can decide to bid or
not to bid. Therefore Bid(i) ∈ {bid, nobid}∀i ∈ E, D, where Bid(i) denotes the bid in auction i.
In sealed-bid auctions the agent can bid every positive number, therefore Bid(i) ∈ R+ ∀i ∈ F, V .
The agent can only bid in English auctions when its status is inactive.
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Transition probabilities
We assume, that the agent has beliefs about the distribution Pit (x) of the highest bid of the opposing
players at any time t for every auction i, where x denotes the bid. In English and Dutch auctions
the actual bid price is a function of time, thus x = x(t). For the case of English and Dutch
auctions, we assume that the agent has beliefs about probabilities that it does not get the active
bid, respectively does not win (see also [5]). We will denote these as the blocking-probability Bit (x)
which denotes the chance that the agent at time t does not get the active bid, or - in dutch auctions
- does not win the good, if he bids x. For reasons of flexibility, we divide the transition-probabilities
into closing-probabilities, which denote the probability that an auction closes at the next time step,
and the winning-probability which denotes the probability of winning any specific goods, given the
referring auction has closed or not. Transition probabilities depend on the type of the auction. We
will derive them in the following paragraphs.
English auctions The closing probability in English auctions is the probability that no agent
wants to place a bid higher than the actual bid. If the agent bids, the closing probability is zero.
Thus
 t+1
 Pi (x(t+1))−Pit+1 (x(t))
if Bid(i) = nobid
t+1
1−Pit+1 (x(t))
P rsi (Bid, z) =
0
else.
If the auction closes at t + 1 one can build the winning probabilities for winning the auction:
(
1
if sz (i) = ac
P rgit+1 (1, cl|Bid, z) =
0
else,
Respectively, the probability of loosing the auction is given by:
(
1
if sz (i) = in und Bid(i) = nobid
P rgit+1 (0, cl|Bid, z) =
0
else.
If the referring auction does not close, the winning probabilities are related to resulting states.
(
1 − Bit+1 (x(t + 1))
if sz (i) = in und Bid(i) = bid
P rgit+1 (0, ac|Bid, z) =
0
else,
(
Bit+1 (x(t + 1))
if sz (i) = in und Bid(i) = bid
P rgit+1 (0, in|Bid, z) =
1
else.
Dutch auctions For the case of Dutch auctions, transition probabilities may be build very
similar. If the agent bids, the closing probability must be one. Else, the probability is given by the
probability, that the highest opposing bid is higher than the bid price at the next stage. Thus
 t+1
 Pi (x(t))−Pit+1 (x(t+1))
if Bid(i) = nobid
t+1
Pit+1 (x(t))
P rsi (Bid, z) =
1
else.
If the auction closes the agent only may win if he did bid in the previous stage. The winning
probabilities are:
(
1 − Bit+1 (t + 1)
if Bid(i) = bid
P rgit+1 (1, cl|Bid, z) =
0
else,
(
Bit+1 (t + 1)
if Bid(i) = bid
P rgit+1 (0, cl|Bid, z) =
1
if Bid(i) = nobid.
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If auction i does not close at the next stage the only possible resulting status of the auction is open:
P rgit+1 (0, op|Bid, z) = 1.
Sealed bid auctions In sealed bid auctions it is usually known when the auction closes. At any
state the closing probability is therefore zero or one. In our approach, we want to allow that one
can specify closing probabilities for sealed bid auctions. Thus the closing probability for sealed bid
auctions is always given. The winning probability of an auction, when it closes, is given by the
probability, that the Bid is higher than the highest opposing bid. Thus
P rgit+1 (1, cl|Bid) = P r[Bid(i) ≥ xi (t + 1)] = Pit+1 (Bid(i)).
Rewards and costs
Now we want to focus on rewards and costs that are generated through the bids. The agent is only
rewarded at the end of the planning horizon T , as it is not able to assign a value to immediately
won goods. Thus, for every possible state at the end of the planning horizon the agent is rewarded
the value of the bundle that he holds in this state [see also 4]:
e = u(h(z)),
where u(h(z)) denotes the value assigned to holdings in state z. The agent is assigned the price for
every good the agent wins. One has to distinguish between different auction types. For the case of
English and Dutch auctions the cost in case the agent is winning the auction is given by
ci = xi (t),
where xi (t) is the ask-price of auction i at stage t. Remember that we assumed English and Dutch
auctions with fixed increments at every decision stage, thus the ask-price is a deterministic function
of time.
For the case of sealed-bid-first-price auctions the immediate cost of winning a good results as
ci = Bid(i).
As the cost assigned with the purchase of a good in a Vickrey auction equals the highest bid of an
opponent player, the cost is given by the expected value of the opponent highest bid. If the agent
wins the auction the expected cost in Vickrey auction is:
R Bid(i)
x · pt+1 (x)dx
,
ci (Bid(i)) = 0 t+1 i
Pi (Bid(i))
t+1
where pt+1
(x).
i (x) denotes the density function of Pi

Functional equation
Having described state- and action-space, transition-probabilities and rewards/cost for different
auction protocols we will now develop the central functional equation of our model. The valuefunctions for any state are given in the final stage T by V T (z) = u(H(z)). For each state in
t < T:
Qt (z, Bid) =




X
X 
¡
¢
t+1

P rst+1
P rgw
(k|Bid, z) · V t+1 (hz ∪ k Anz , k S ) − E [C(Bid, k)]  .
w (Bid, z)


w⊂Oz

k∈K(w)
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We will now explain the components of the equation in detail. Oz denotes the set of auctions that
are still open in state z. P rst+1
w (Bid, z) denotes the probability that all auctions in w close at the
next decision stage and is given by:
Y
Y
t+1
P rst+1
(Bid,
z)
=
P
rs
(Bid,
z)
·
(1 − P rst+1
w
i
i (Bid, z)).
i∈w

i∈w
/

K(w) denotes the set of possible wins of goods or the possible changes of statuses of any auction
if all auctions in w close. k Anz denotes the vector of won goods, and k S denotes the vector of
status changes. k = (k Anz , k S ) denotes the change of state, and k(v) denotes the state change in
auction v. For example, if auction 2 closes and the agent wins the auction, then k(2) = (1, C).
t+1 (k|Bid, z) results as
P rgw
Y
Y
t+1
P rgw
(k|Bid, z) =
P rgvt+1 (k(v)|Bid, z) ·
P rgvt+1 (k(v)|Bid, z).
v∈w

v∈Oz \w

Finally the expected cost are given by the sum of the cost resulting from every winning auction.
Therefore
k(i)Anz ·

X

E [C(Bid, k)] =

|

}

cost in Vickrey auctions

X

k(i)Anz · xi (t + 1) +

i∈w∧i∈E

{z

}

cost in english auctions

X

+

{z

|

X

x · pt+1
i (x)dx

0
Pit+1 (Bid(i)

i∈w∧i∈V

+

Bid(i)
R

i∈w∧i∈D

|

i∈w∧i∈F

|

k(i)Anz · Bid(i)
{z

}

cost in First-Price auctions

k(i)Anz · xi (t + 1),
{z

}

cost in dutch auctions

where k(i)Anz is 1 if in k auction i closes and the agent wins the good, or 0 otherwise. The agent’s
aim is to maximise the expected utility. Thus
V t (z) = max Qt (z, Bid).
Bid

4

Conclusions and Outlook

In this paper we discussed bidding strategies for agents in heterogeneous auction scenarios. After a
brief discussion of existing work from a decision theoretic point of view, we developed an MDP-based
decision framework that agents can use to bid in multiple heterogeneous auctions. This paper was
inspired by [4] and [5]. This work extends the state by providing an unified MDP-based framework
for different auction-types, whereas arbitrary start and closing times may be incorporated.
So far, in our model, quasi-linear preferences and the absence of a budget-constraint was assumed. Future work will address the incorporation of these points with respect to computational
tractability. Because MDP-approaches result in high complexity for realistic problem-instances the
appliance of complexity-reducing methods is of high importance [3]. One may distinguish between
methods of abstraction, aggregation, and problem decomposition. In the case of abstraction and
aggregation, parts of the state space are ignored respectively aggregated to a common state variable. In the case of problem decomposition, the problem is divided into several smaller problems.
In order to apply decision models to real-world problems, research regarding complexity-reduction
methods is mandatory.
We are currently implementing the developed framework for the TAC scenario, which we briefly
described in section 2. In this scenario, the problem may be decomposed into eight subproblems.
6

More precisely, for every customer, we modeled a separate MDP to compute the optimal bids in
hotel auctions. The challenge in this case is to coordinate the subproblems in a way, that an acceptable solution of the entire systems may be reached. One state of the entire MDP corresponds
to multiple possible combinations of sub-MDP states, because goods may be exchanged between
customers. We are currently implementing a coordination mechanism that is based on [17], which
was developed for the allocation of resources to independent tasks. In first experiments, we benchmarked this approach against an approach which uses historical averages of hotel closing prices
and then computes the target auctions via integer programming. The bid value is then computed
as the marginal value of each item as in [8]. On the TAC server-platform, we compared the new
approach (DPAgent) with seven instances of the static approach (IPAgent). The following figure
shows the performance of these approaches (50-run average). Entertainment tickets are ignored in
these experiments.
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Figure 1: Chart of 50-run average.
The MDP-approach needs more time to learn closing price distributions as simple averages.
When leaving away early runs, no statistical significant differences can be shown between these two
approaches. We think that one reason that the MDP-approach did not outperform the ”classical”
approach is that flight tickets are currently not incorporated in the MDP-model. The agent buys
flight-tickets according to a simple heuristic. Another reason is the fact, that the MDPs are
coordinated only in a rudimentary way. Future research will focus on the coordination of the MDPs.
It has to be figured out, whether the proposed mechanism is adequate for the TAC-scenario.
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