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Abstract

or with diﬀerent sets of machines each optimized
for a diﬀerent class of tasks.
Most of the previously proposed algorithms
use paradigms based on the specialization concept: Agents tend to specialize for one type of
task in order to avoid unnecessary reconﬁguration. This typically increases the eﬃciency
of the whole system. Morley [6] has solved a
painting problem similar to the homogeneous
version of the DTA problem. His market-based
algorithm was adopted in a General Motors facility with a performance improvement of 10%
over the previously adopted centralized scheduler. Furthermore, diﬀerent insect-based algorithms have been successfully applied to the homogeneous case of the DTA problem [2, 3, 7].
These algorithms are inspired by the division
of labor in social ants and adopt the dynamic
threshold model proposed by Theraulaz [8]. Unfortunately, the performance of the aforementioned algorithms on the heterogeneous case is
not satisfactory. The aim of this paper is to
present an improved version of the threshold
model which takes into account the heterogeneous processing speeds of the agents.
Section 2 presents the problem using the example of a painting facility. Section 3 discusses
the original threshold model and proposes an
improved version inspired by the division of labor of ant castes. Section 4 proposes an experimental analysis that highlights the performance
improvement obtained by our algorithm over the
ones previously presented in the literature. Section 5 concludes the paper.

An ant-based algorithm inspired by the division
of labor in ant colonies is proposed and applied
to the the solution of an online scheduling problem. A painting facility is considered for illustrating the problem: Trucks leave an assembly
line to get painted in painting booths. The goal
is to minimize the makespan, that is, the time
needed for painting all given trucks. In this
paper we propose an extension of the dynamic
threshold model of Theraulaz et al. [8] which
is designed for handling the case in which all
booths are identical. In our extension we address the heterogeneous case in which diﬀerent
booths might require diﬀerent processing times
for completing a same task. The paper contains an empirical comparison of diﬀerent insectbased algorithms for the problem discussed.

1

Introduction

Swarm intelligence techniques [1] have been successfully adopted in computer science, engineering, and operations research. For example, ant
colony optimization [4] performs as well as, or
even better than state-of-the-art combinatorial
optimization techniques.
In this paper we propose an ant-based algorithm for tackling the Dynamic Task Allocation
(DTA) problem, a factory scheduling problem
in which tasks are to be allocated to processing units. In previous works, multi-agent algorithms have been developed for the homogeneous
case, that is, the case in which all agents (processing units) are identical. In this paper we in- 2
The problem
vestigate the heterogeneous case in which agents
can diﬀer in their processing speed. Think for The problem considered here is a particular nonexample of a factory with old and new machines deterministic scheduling problem that we refer
1

2
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to as the Dynamic Task Allocation (DTA) prob- 3.1 Original version
lem. In the following we describe the problem
Assume that m tasks need to be performed.
using the example of a painting facility. A forEach task j is associated with a stimulus sj ,
mal deﬁnition is given in [5].
the level of which increases if it is not satisTrucks leave an assembly line and are assigned ﬁed. Let us consider N agents and let θi,j , with
to a painting booth. The number of available (i = 1, ..., N ), be the response threshold of agent
colors is ﬁxed and the color of each truck is i concerning task j. In the DTA problem, agents
predetermined by a customer order. A paint- are in charge of booths and autonomously bid
ing booth is an agent able to paint a truck in to paint trucks. Here a stimulus is associated to
any available color. Booths may have diﬀer- the color of a truck. Each agent i has a threshent processing times for the same type of tasks. old value θi,j for each available color j.
Moreover, each booth has a ﬁxed queue length
In the dynamic threshold model, agent i enwhich can be ﬁlled by trucks. If the color of a gages in task j with probability
painting booth must be changed, a setup time
s2j
is necessary. For example, if a booth is apply(1)
P (sj , θi,j ) = 2
2 .
sj + θi,j
ing red and the following truck to be processed
by that painting booth requires white, a ﬁxed
ﬂush time is required before the booth can start This equation shows that for sj  θi,j , the probprocessing the task. If no setup is necessary, ability that an individual i engages in task j, is
the booth starts immediately to paint the next close to 0 and for sj  θi,j , the probability is
truck in its queue. A setup may also be re- close to 1. Therefore, an agent i with a lower
lated to a monetary cost that could, for exam- threshold θi,j is more likely to respond at a lower
ple, represent the danger of failure when chang- level of stimulus sj .
Let ξ be the coeﬃcient that describes learning a color, or the amount of paint lost during a
ing
(specialization) and ϕ the coeﬃcient that
swap. The problem consists in assigning trucks
describes
forgetting. If we consider a timeto painting booths with the goal of minimizing
incremental
model, agent i specializes when perthe makespan, that is, the completion time of
forming
task
j during a time period of Δt by
the last truck in the system.
changing its threshold as follows:
In the formalization of the DTA problem, the
(2)
θi,j → θi,j − ξΔt.
task generation process is not speciﬁed. For example, the release dates and the colors may be
distributed exponentially or normally. The dis- On the other hand, agent i forgets if it does
tributions may vary dynamically so that at a not perform task j for a time period of Δt by
random time the probability mix changes and changing its threshold as follows:
agents need to adapt to the new environment.
(3)
θi,j → θi,j + ϕΔt.

3.2

3

The threshold model

The threshold model by Theraulaz et al. [8] is
used by the ant-based algorithms for the DTA
problem. It describes the division of labor in
ant colonies.
Biological studies show that an ant colony
performs diﬀerent activities simultaneously exploiting specialized individuals. Another key feature of division of labor is the plasticity of the
colony to the environmental changes. In the following, we detail the original and our improved
version of the threshold model.

Improved version

The deﬁnition of the DTA problem considers
agents that can have diﬀerent processing time
for diﬀerent task types. A number of algorithms [2, 3, 7] based on the threshold model
can be applied to the DTA problem. Nevertheless, they do not take into account the diﬀerent processing speed of the agents, and therefore
their performance is rather poor. The problem
is that agents bid for a task considering only
their specialization level without taking into account their own characteristics, that is, their capacity to process a task quickly or slowly. In order to have better results, we extend the threshold model so that the faster an agent can perform a task, the higher is the probability that
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the agent bids for it. To this aim we introduced
the processing speed of agent i on task j into
the probability function P (sj , θi,j ). The most
promising probability function is obtained modifying Equation 1 as follow:
P (sj , θi,j ) =

s2j

+

2
θi,j

∗ (tproc,i,j − tminproc,j + 1)
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where tproc,i,j is the time that agent i need to
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process task j and tminproc,j is the minimum
Number of colors
time needed by agents in the system for processing task j. The added term serves as a weighting factor of the specialization level in the bid- Figure 1: Probability distribution of the number
ding process. This new probability function is of colors for the DTA experiment.
inspired by the division of labor between insect
casts observed by Wilson [9] in ant species Pheiprobability of color i. The probability P (i)
dole.
is deﬁned as follows:
⎧ n/2
n
⎨
i=1 P (i) = 3
j=n/2+1 P (j)
4 Empirical analysis
P (1) = · · · = P (n/2)
⎩
P (n/2 + 1) = · · · = P (n)
In this section diﬀerent multi-agent algorithms,
some of which based on the dynamic threshold
2. like the previous one, but after 210 minutes
model, are compared on a class of instances of
the colors that appear more frequently apthe DTA problem. In the following we present
pear more rarely and vice versa.
the experimental setup, all the analyzed algoEach instance features either one mix or the
rithms and the results.
other, with the same probability.

4.1

Experimental setup

The instances in our experimental analysis
model a typical working day of a painting facility. Trucks exit from the assembly line for a
time of 420 minutes. We consider 12 painting
booths. Each painting booth might be broken
or anyway unavailable with a probability of 0.02.
Each agent has a queue size equal to 5. In this
case there are two subsets of agents: the ﬁrst
needs 3 minutes to process the ﬁrst half of the
available types of tasks and 9 minutes for the
other half. The other subset has the opposite
characteristics. For both subsets the setup time
is 10 minutes.
The number of trucks exiting the assembly
line is always equal to 840, which is the maximum number of trucks that 12 booths can paint
considering an average process time of 6 minutes, no setups and no idle time. For this class
we extract the number of colors from the probability distribution presented in Figure 1. Color
types are assigned to the trucks according to the
two mixes:

4.2

Summary of the algorithms

In this analysis we compare 4 algorithms developed for the homogeneous DTA, and already
described in the literature. The ﬁrst one is
a market-based algorithm proposed by Morley
(MBA) [6]; this algorithm is the one adopted by
General Motors in one of their painting facilities. The other three algorithms use the original version of the dynamic threshold model and
are respectively: the algorithms of Campos et
al. (ABA) [2], Cicirello et al. (R-WASP ) [3],
and Nouyan (ATA) [7]. To evaluate the performance of the improved model, we have applied
it to all the insect-based algorithms, which are
then named ABAc, R-WASPc, ATAc. Additionally, a trivial non-adaptive greedy algorithm
named LOCUST is introduced in order to have
a performance reference.

4.3

Results

We have run all the algorithms on 1000 instances
of the presented class after a rigorous parame1. One part of the n colors has a higher prob- ter tuning using an evolutionary algorithm. Deability than the others. Let P (i) be the tails are given in [5]. Figure 2 summarizes the
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