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1 Introduction

Auctions are used in multi-agent systems, among other things, to perform allocation of tasks (see e .g. [2]
and [3]). Such reverse auctions, where the buyer is the auctioneer, can be of a combinatorial type, allowing
for bidding on bundles of tasks. Sandholm [1] notes that reverse auctions are not economically efficient
because optimal bundling depends on suppliers preferences, which traditionally cannot be expressed. En-
abling the agents to express the preferences of their users is an important requirement for actual companies
and people to use agents for bidding.

In this paper we propose a concrete preference function to be used by an agent to express preferences
over tasks. This function expresses preferences for specific properties of tasks namely (1) duration, (2) task
type, and (3) start and end time. The function is used in a decentralized task allocation setting. We introduce
a bidding algorithm, where an agent bids on its most preferred tasks that are feasible given its current
commitments. This algorithm uses a pricing mechanism which depends on the actual cost to perform the
tasks and on the preference for the task. The influence of preferences on the price can be varied by setting a
parameter.

Using this algorithm, we investigate the impact of preferences upon other aspects of task execution, such
as execution time. We use both synthetic as well as real data from a logistics company.

Below, a brief overview of the approach is given, including the results using the synthetic and the real
life dataset.

2 Bidding using Preferences

Preferences in our case can be a combination of the following: (1) a preference for tasks of a particular
duration (e.g. I hate performing very short tasks), (2) a preference for tasks at particular times during the
day (e.g. I love getting up early in the morning, so give me tasks that ought to start early in the morning),
and (3) a preference for particular types of tasks (e.g. I really hate to perform a task like that). Hereby,
each of these preferences can be specified in a natural way, which is mapped (using particular functions) to
a real number on the interval [0,1]. Given these three ingredients of the preference function, a weighed sum
is taken, resulting in a preference value for the specific task (φtask). In the bidding algorithm we propose,
price is used as a mechanism to express these preferences for tasks.

The bidding algorithm proposed starts when a request for quotes (RFQ) arrives. The tasks within this
RFQ are then ordered based upon their preference. If some tasks have identical preferences, they are ordered
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according to the start time specified in the RFQ for the tasks included. We assume that there exists a function
switch time: TASK TYPE × TASK TYPE → DURATION that calculates the switching time from one task
type to another (when it can be performed on the resource). Furthermore, performance time: TASK TYPE

→ DURATION expresses the time needed to perform the task.

Bidding Algorithm

For each preference ordered task:
Check if task (current) can be done using the resource.
If yes, see if it fits in the current schedule (see below).
From the beginning of the schedule and for each empty slot
in the schedule do:

If the task fits in the current empty slot in the schedule
then insert the task in the bid,

add its time parameters to the schedule, and
compute the price of the bid (see below)

else if latest end timecurrent > latest end timenext
then continue with the next slot
else continue with the next task.

The price of the bid is computed as follows (note the parameter p):
pricetask =

(1 + (p× (1− φtask)))×
[switch time(typeprevious, typecurrent) +
switch time(typecurrent, typenext, ) +
performance time(typecurrent)]

3 Results

We evaluated our approach in two ways, first by rigorously testing it with synthetic data. Several parameters
have been varied, namely the tightness of the time windows in which the tasks need to be performed and
the relative availability of resources. It was shown that it was easiest to get preferences awarded for markets
with wide time windows. The trade-off between meeting preferences and overall execution time has been
studied in depth. We have shown that the overall execution time is influenced most in the case of the overflow
market, due to the fact that in the shortage market there are hardly any alternatives at hand and therefore,
although the agent might not prefer a task, it will still get its bid awarded. The curves observed tend to have
the same shape when the time window setting changes but the market type remains the same. For different
market types, the curves vary in steepness.

Besides testing with synthetic data, we have also used a real company dataset from the trucking domain.
We have shown that the bidding algorithm is effective in awarding suppliers more preferred tasks. The
influence of this preference on the overall solution quality was not observed using the real dataset. Hence,
in this setting the preferences being met have much less influence on the efficiency of the solution found.
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