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A method for assigning tasks or resources, based on a model of division of labor in social insects,
is introduced and applied to a dynamic flow shop scheduling problem. The problem consists of
assigning trucks to paint booths in a truck facility to minimize total makespan and the number of
paint flushes. Similarities between the ant-based approach and a market-based approach are highlighted. Both systems are able to adapt well to changing conditions.
1 INTRODUCTION
Market-based algorithms have been introduced several years ago (Kurose & Simha, 1989; Waldspurger et
al., 1992; Huberman & Hogg, 1995; Clearwater &
Huberman, 1994; Clearwater,1995; Wellman, 1993,
1995; Ykke et al., 1997; Ykke, 1998) as a new paradigm for controlling complex, unpredictable systems.
In a market-based algorithm, resources or tasks are
allocated efficiently through a market-clearing mechanism. Agents bid for resources and the agent with the
highest bid gets the resource. The market-clearing
mechanism ensures that all tasks or resources have
been allocated. Agents adjust their bids according to
prior successes or failures in getting the resource. For
instance, Waldspurger et al. (1992) have developed
Spawn, a computational system where each task, starting with a certain amount of “money” that corresponds to its relative priority, bids for the use of
machines on a network. Examples of tasks include
searching through a database for an item, printing a
paper, etc. Through bidding for the use of machines,
each task can allocate its budget to those resources
that are most important for it (Waldspurger et al.,
1992; Huberman & Hogg, 1995). When prices are
low enough, some tasks may use several machines in
parallel; the number of machines used by, and the
computation time devoted to, each task are adjusted
to the demand from other tasks. In another example
(Clearwater & Huberman, 1994), the problem of

thermal resource distribution in a building was solved
using market-based control: computational agents
that represent individual temperature controllers bid
to buy or sell cool or warm air via a double-blind computerized auction moderated by a central computer
auctioneer. Clearwater and Huberman (1994) have
shown that this system results in an equitable temperature distribution throughout the building at a
reduced cost. Ygge et al. (1997), who analyzed the
performance of Clearwater and Huberman’s (1994)
approach and carefully compared it with other
approaches, argue that this problem lends itself to a
treatment with a market-based approach in that the
goal state can be formulated as a market equilibrium;
they also indicate that other multi-agent-based
approaches might work equally well or even better.
Other, more sophisticated, market-based approaches
have been developed in the recent years: for example,
Walsh et al. (1998) have formulated distributed
scheduling as a resource allocation problem, applied
general equilibrium theory to show the existence of,
and characterize, equilibrium solutions, and devised
auction protocols for implementing solutions.
Social insects –ants, bees, termites and wasps–provide us with another metaphor for controlling complex systems (Bonabeau et al., 1999). A social insect
colony is a complex system (Wilson, 1971) often
characterized by division of labor (Oster & Wilson,
1978; Robinson, 1992): workers tend to be specialized in certain tasks. But this specialization is flexible.
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Figure 1: Number of behavioral acts (social behavior and self-grooming) per major per hour as a function of the fraction of
majors in the colony: (a) Pheidole guilelmimuelleri, (b) P. pubiventris. Modified from Wilson (1984).

The flexibility of task allocation exhibited at the
colony level is connected to the elasticity of individual
workers. Such factors as food availability, predation,
climatic conditions, phase of colony development, or
time of year influence the size and structure of a
colony’s worker population in natural conditions. The
worker force must be allocated to tasks so as to adjust
to such changing conditions. Changes in the pattern
of task allocation can be induced experimentally by
altering colony size, structure, or demography, or by
increasing the need for nest maintenance, nest repair,
defense, etc. Wilson (1984) experimentally altered
the structure of colonies of polymorphic ant species
from the Pheidole genus. In most species of this genus,
the worker population is divided into two morphological subcastes the minor and major subcastes.
Minors, which take care of most of the quotidian tasks
of the colony, are smaller than the large-headed majors
(often called soldiers), which are specialized either for
seed milling, abdominal food storage, defense, or
some combination of these functions. Wilson (1984)
showed that majors in the species he studied exhibit
elasticity: their normally limited behavioral repertoire
can be stretched back and forth in a predictable manner in response to perturbations. He artificially tuned
the ratio of majors to minors and observed a change
in the rate of activity within one hour of the ratio

change. When the fraction of minors in the colony
becomes small, majors engage in tasks usually performed by minors and efficiently replace the missing
minors. Wilson (1984) studied the number of behavioral acts per major per hour as a function of the fraction of majors in the colony for two tasks that are
normally performed by minors, for two species of the
genus Pheidole. The usual proportion of majors in
these species varies between 5% and 30%. Majors
become progressively more and more involved in performing minors’ tasks as the fraction of majors
increases (and as the fraction of minors decreases) (see
figure 1). These experiments suggest that the flexibility of a colony as a whole, that is, the degree to which
the colony responds to alterations, is determined by
the elasticity observed at the individual level.
A simple model based on response thresholds
allows a formal connection between the level of individual workers and the colony level (Bonabeau et al.,
1996, 1997, 1998; Théraulaz et al., 1998). Workers
with low response thresholds respond to lower levels
of stimuli than workers with high response thresholds.
Task performance reduces the intensity of stimuli. If
workers with low thresholds perform their normal
tasks the task-associated stimuli never reach the
thresholds of the high-threshold workers. But if, for
any reason the number of workers with low thresh-
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olds decreases or the intensity of task-associated stimuli increases, high-threshold workers engage in task
performance. There is a good agreement between the
model and experimental observations of colony-level
flexibility in ants of the genus Pheidole (Wilson,
1984). According to this model, tasks that need to be
performed represent a job market in which individual
insects are (more or less) actively seeking a job. Tofts
and Franks (1992) speak of “foraging-for-work”.
Insects with low response thresholds get the job; in the
absence of low-threshold individuals, insects with
high response thresholds will perform the task. An
extension of this model includes a simple form of
learning (Théraulaz et al., 1991, 1998). Within individual workers, performing a given task induces a
decrease of the corresponding threshold, and not performing the task induces an increase of the threshold.
This double reinforcement process leads to the emergence of specialized workers, that is, workers that are
more responsive to stimuli associated with particular
task requirements, from a group of initially identical
individuals. This reinforcement process also permits
the adjustment, in response to changing internal or
external conditions, of the numbers of workers
engaged in different tasks.
At some level of abstraction, following the job
market analogy, a comparison between task allocation
in a social insect colony and the allocation of resources
in a market is therefore possible. For example, bidding
high is similar to having a low threshold. The aims of
the present paper are to: (1) show the feasibility of a
robust scheduling algorithm inspired by task allocation in social insects (the ant-based approach), and (2)
highlight the similarities between a market-based
approach and an ant-based approach.
Both paradigms are applied to a dynamic flow shop
scheduling problem. The problem, described in more
detail in section 2, consists of assigning trucks to
paint booths in a truck facility to minimize total
makespan and the number of paint flushes in constantly changing conditions. The corresponding static problem, that is one in which one knows ahead of
time all colors and booths never go down, is a hard
combinatorial optimization problem. In reality customer orders are processed in real time and paint
booths may go down unexpectedly, which makes a
preplanning unreliable and the dynamic problem hard
to solve. The market-based approach (Morley, 1996;

85

Morley & Ekberg, 1998), described in section 3, had
been implemented in a real truck factory. Section 4 is
dedicated to the ant-based approach. In section 5 we
describe the genetic algorithm (GA) used to find good
parameters for both the market-based and the antbased algorithms. Both algorithms have been run on 4
test sets: results are presented and discussed in section
6.
2 DESCRIPTION OF THE PROBLEM
The problem considered here (Morley, 1996; Morley
& Ekberg, 1998) is to assign trucks to paint booths in
a truck facility: trucks get out of the assembly line at a
quick pace (one per minute) to be painted. The color
that a truck should have is predetermined directly by
a customer order. The paint fit-and-finish operations
are a traditional bottleneck that can significantly
reduce production throughput. It takes 3 minutes to
paint a truck, but it takes more time if the color of a
paint booth must be changed: if, for example, a given
paint booth is applying black paint and the next truck
to be processed by that paint booth requires white
paint, the booth will be down for 3 minutes, the time
it takes to flush out the old paint and fill the booth
with the appropriate color. The cost of paint
changeover is also high.
Therefore, the number of such changeovers should be
minimized online.
The algorithms described in the next sections have
been tested on a simulated (and therefore simplified)
version of the problem. In the simulations, we have 20
possible colors, 6 to 15 booths, and a maximum
queue for each booth set at 5 trucks. Also, at any
given time some booths will likely be inoperable. To
simulate the unpredictable operation of the paint
booths we implemented a 1 in 20 chance of one, randomly selected booth going down at each time step. A
paint booth that goes down is inoperable for a random
amount of time, uniformly distributed between 0 and
20 min. Finally, trucks in the queue of a booth that
went down cannot be redispatched and therefore have
to wait until the paint booth is operating again.
3 THE MARKET BASED APPROACH
The algorithm developed by Morley (1996; Morley &
Ekberg, 1998) is a manufacturing application and
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many of its details are protected. Therefore the market-based approach described in this section is our version of Morley’s algorithm, not necessarily the most
optimal one; nor is it the most sophisticated or most
up-to-date market-based approach. Ad hoc choices
were made based on our understanding of the real
implementation. Remember that our goals are to
show that it is possible to design a (robust) scheduling
algorithm inspired by (flexible) division of labor in
social insects, and to highlight the similarities between
market mechanisms and task allocation mechanisms
in social insects.
If a paint booth which is applying black is the only
one that is available or has a small waiting queue, and
if painting the white truck is urgent, the white truck
should be allocated to that paint booth. Morley
(1996; Morley & Ekberg, 1998) developed a system
in which each paint booth is an agent that follows four
simple rules:
1. Try to take another truck the same color as the
current color.
2. Take particularly important jobs.
3. Take any job to stay busy.
4. Do not take another job if paint booth is down
or queue is full.
These rules were implemented through a bidding
system and a market-clearing mechanism (every truck
must be painted). Booths bid based on their ability to
do the job efficiently—low cost, minimal delay. A
paint booth that is down or the queue of which is full
does not participate in the bidding. The optimal
parameters of the bidding system were determined
with evolutionary computation techniques (see section 5). The bidding system, implemented in a real
truck factory, resulted in a 10% reduction in paint
usage, half as many paint changeovers, a higher global throughput (booths are busier), and a significantly
shorter software code than with the previous method,
which was based on a global preoptimization of the
paint schedule. Most of these nice results come from
the fact that the system is more robust and more flexible: a booth that breaks down has a limited impact on
the throughput because the schedule is generated

online.
More precisely, a bid is based on three factors
(Morley, 1996; Morley & Ekberg, 1998): the length
of the line in front of the booth, the priority of the
truck, and the necessity of a paint flush. In other
words, with varying relative degrees of importance a
booth will make a high bid for a truck if the truck is
of the same color, if the truck is an important job, and
if there is room in the booth’s queue. At the beginning
of each time step the booths make bids on the truck
that just comes out of assembly. The truck is assigned
colors (ci =0-19) and priorities (wi =1-100) in the simulation with uniformly distributed random numbers
from the appropriate ranges. A truck is assigned to the
booth with the highest bid. Booths that are down or
that have no room in their queue do not make bids.
The bid function Bk of booth k for truck i is given
by:

Bk =

P ⋅ wi ⋅ (1 + C ⋅ ci , k )
∆T L

(1)

where wi is the priority of truck i, ci,k has a value of 1
if the last truck in the queue of booth k matches the
color truck i needs to be painted, and a value of 0 if
taking on truck i requires a paint flush, ∆T is the time
it would take before truck i would be painted, and P,
C, and L are parameters to set the relative importance
of the three components, wi, ci,k and ∆T. The variable
∆T is computed by summing the product of the paint
time tp=3 min and the number of trucks qk in booth
k’s queue, plus the product of the flush time tf=3 min
and the number of times nkf that the next truck in line
requests a different color than the truck in front of it,
plus the remaining time tkr the booth is painting the
truck that is currently in the booth:

∆T = qk ⋅ t p + nkf ⋅ t f + tkr

(2)

In addition a method of breaking ties has to be
defined. In the case that more than one booth make
the same highest bid, the contending booths are
checked for agreement between the color of the last
truck in their lines with the color of the considered
truck, i.e. which booths can paint the truck without a
paint flush. In the case that none of the contending
booths has a matching color, one of the booths with
the highest bid is selected at random. If there are
more than one contending booth with the same color,

Dynamic Scheduling and Division of Labor in Socal Insects
the one with the shortest line is selected. If it is still
undecided, then the lowest numbered of the remaining booths is given the truck.
In the event that no booth makes a bid (because all
of the paint booths are either down or have full
queues) the truck is assigned to temporary storage. In
the running of the program it is apparent that if there
are at least eight paint booths, then trucks are assigned
to storage very rarely.
The bids are compared and the highest bidder has
the new truck assigned to the end of its queue. Next
the booths check if there are any trucks in storage. If
there are the booths make bids on these trucks. Since
a truck only goes to storage in the case that all of the
operable booth’s queues are full, it is possible that the
booths are still unable to receive more trucks. In that
case the truck simply stays in storage.
If a booth is neither painting, nor flushing, nor
down, is checks to see if it has any trucks in its queue.
If it does, and the truck’s color matches the color of
the paint inside the booth it begins working and the
rest of the trucks move up in line. If the colors do not
agree the booth begins to flush. If there are no trucks
in the queue then the booth waits until the next time
step. Each time step represents one minute.
This process repeats for a maximum of 1000 time
steps, but stops after the last truck is painted, when
applicable. The last truck comes out of the assembly
line at the 419th time step, and all of the trucks are
usually painted within 10 time steps after that. This is
analogous to a truck coming out of the assembly line
every minute for seven hours.
4 THE ANT-BASED ALGORITHM
The ant-based algorithm deals with the exact same
external conditions. The difference comes in how the
trucks are assigned to the booths. First, a global
demand Dj is established for each color j given by the
sum of the priorities of the unassigned trucks in each
particular color, i.e. the truck that have just exited the
assembly line plus the priority of any truck of the
same color in storage. Using the same notations as in
the previous section, we have

Dj = ∑ wi ⋅ δ (ci − j )
i

(3)

where ci is the color of truck i, δ (⋅) is the Dirac func-
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tion and the sum runs over all trucks, with wi = 0 by
convention if truck i has been assigned to a booth.
Next the booths consider the demand of the color that
the truck that just comes out of assembly needs to be
painted. The tendency of a booth to respond to the
demand of the color of unassigned truck i is quantified by

Pk =

Dc2i

Dc2i + α ⋅ θ k2, ci + ∆T 2⋅β

(4)

where ci is the color of truck i, θ is the threshold
k , ci
booth k has for color ci, ∆T is the same as in the market-based algorithm, and α and β are parameters to
weigh the relative importance of their respective
terms. Pk is used as follows: values of Pk for the different paint booths are compared and the booth with the
largest value is assigned the truck. Ties of the largest
value are also decided in the same way as in the market-based algorithm.
After truck i is assigned to booth k the values of
θ m, ci are updated for all of the booths (denoted by m).
θ k , ci decreases by an amount ξ :

θ k , ci ← θ k , ci − ξ

(5)

and the thresholds θ m, ci of all other paint booths for
color ci increase by an amount φ :

θ m , ci ← θ m , ci + φ

(6)

Variations of θ m, c take place within the bounds θ min
i
and θ max . Equations 5 and 6 express the fact that
booth k tends to specialize on color ci, because it
increases its probability of responding to a truck with
color ci by decreasing its response threshold θ k , c, while
i
while all other booths tend to lose their sensitivity to
color ci by increasing their response thresholds θ m, c .
i

5 GENETIC ALGORITHM
To determine the best combination of values for the
parameters of both the market-based and the antbased algorithms, a genetic algorithm (GA) was used
(Goldberg, 1989; Riolo, 1992). There are 3 parameters in the market-based algorithm (P, L, C) and 6
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parameters in the ant-based algorithm (α , β , ξ , φ ,
θ min , θ max with which to assign relative importance
to certain components of the algorithms. The ranges
of variation of these parameters, summarized in Table
1, define the limits to the parameter space that the GA
searches.

MarketBased
0.0 ≤ P < 100.0
0.0 ≤ L < 5.0
0.0 ≤ C < 10000.0
Ant Based
0.0 ≤ α < 1000.0
0.0 ≤ β < 5.0
0.0 ≤ ξ < 10.0
0.0 ≤ φ < 20.0
0.0 ≤ θ min < 10.0
0.0 ≤ θ max < 200.0
Table 1. Ranges of variation of the parameters for the marketbased and the ant-based algorithms.

The same GA procedure was applied to both the
market-based and the ant-based algorithms. First a
random population of 50 individuals is generated. An
individual’s Genome is a 24- or 48-bit string of 0’s and
1’s that is a binary representation of a set of parameters, and its Fitness is a measure of how well that set
of parameters performs in the simulation. Each
parameter is represented as a binary string of eight bits
(or genes), and these strings together comprise the 24
or 48-bit Genome (Riolo, 1992). This combination of
parameters of an individual is fed into the program for
30 runs so that the range of Fitness, which depends
somewhat on the randomly assigned values of color
and priority to the trucks, can be averaged out. The
GA was run on four test sets:
1. Each one of the 20 colors has the same probability of occuring. One truck comes out of the line
per time step (one time step represents one
minute). The probability per time step that one
paint booth goes down is set to 0.05.

2. Same as test set 1 except that an alternate distribution of colors was created in which 70% of the
trucks had to be painted in black (color 0), 15% in
white (color 1), 7% in red (color 2), and 4% in
blue (color 3), with a random uniform distribution
of 16 other colors for the remaining 4% of the
trucks.
3. Same as test set 2 except that two trucks come
out of the line at every time step.
4. Same as test set 3 except that the probability per
time step that one paint booth goes down is set to
0.25 (on average one booth goes down every fourth
time step).
For the first 50 generations the Fitness is defined as
1000 minus the number of time steps over 420 needed until the last truck is painted during the 30 test
runs. In the remainder of the generations the Fitness is
this number minus the number of flushes needed by
the booths during the 30 test runs. The idea behind
this fitness function is that it is most necessary that the
trucks be painted quickly, and that being accomplished, we next want to minimize the amount of
wasted paint (although, of course, the two aspects are
not unrelated).
After all of the individuals are tested and their
Fitnesses assigned, a tournament is staged to decide
which individuals pass on their genes to the next generation. Two individuals are chosen from the population at random and the fitnesses of each compared.
The more fit of the two individuals is copied into the
new population with a 75% chance, otherwise the less
fit of the two is copied. There are as many tournaments as there are individuals in the population so
that the population size remains constant.
Following the tournament the new population is
modified. Again two individuals are picked at random. There is a 75% chance that crossover will occur
between their genomes. If there will be a crossover
event, a uniformly distributed random number ranging from 0 and the length of the genome is chosen as
the point of crossover, then the genes (single bits) of
the individuals’ genomes are exchanged from the
beginning of their Genomes to that point. A small likelihood of mutation is also introduced. There is a 0.3%
chance that any bit in any individual is changed from
1 to 0, or vice versa.
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MarketBased
P = 91.8106
L = 4.09477
C = 1791.99
Ant Based
α = 617.188

β = 4.66797
ξ = 7.85156
φ = 17.7344
θ min = 5.50781
θ max = 39.6875
Table 2. Best parameters found by the GA for the marketbased and the ant-based algorithms.

6 RESULTS
The GA was run for 100 generations for each algorithm (market-based and ant-based). The best and
average fitnesses increased significantly during the GA
search. The genomes of the most fit individuals map
to the parameter values summarized in Table 2.
The performance of the best market-based and
ant-based algorithms are compared on several configurations. We consider the use of storage to be the failure of the system, so in all tables presented in this section, we show data starting from the lowest necessary
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number of booths without storage (that is, storage was
never used in any of the simulations performed with
this number of booths). Table 3 shows the comparison
of the two algorithms on test set 1. The two algorithms exhibit comparable performance with respect
to makespan but the ant-based algorithm performs
significantly better in terms of the number of flushes
(t–test, df=998, P<0.01). Figure 2 shows the full histogram of flushes for the ant-based algorithm. As
expected, the required number of flushes increases as
the number of booths decreases.
Results obtained on test set 2 are presented in
Table 4. Here both algorithms exhibit comparable
performance with respect to both the makespan and
the number of flushes (t–test, df=998, P>0.05). Figure
3 shows the color number (0 to 19) for 4 randomly
selected booths out of 8. Number 21 corresponds to a
booth that is inoperable. A spike is added to the curve
each time a truck is processed. As can be seen, certain
booths specialize in the most frquent color (0), while
others are more polyvalent but still tend to process
trucks with low color codes (the most common).
Table 5 shows the results obtained on test set 3.
Here again both algorithms exhibit similar performance with respect to the makespan (t–test, df=998,
P>0.05), but the ant-based algorithm performs better
with respect to the number of flushes (t–test, df=998,
P<0.01). Obviously more booths are needed since
there is a physical limit to the number of trucks that
can be processed. If each truck required a paint flush
it would take 6 minutes to paint a truck, and therefore
require 6 booths to keep up with the trucks as they
come out of the line. While it really does not require

Test set 1

Booths
8
10
12
15

Market-Based
Time
Flushes
Avg.
Std. Dev.
Avg.
Std. Dev
5.21
3.02
326.82
10.85
3.01
1.13
298.39
11.17
2.72
1.04
263.52
13.15
2.27
1.31
211.49
13.74

Ant-Based
Time
Avg.
5.20
2.88
2.60
2.14

Std. Dev.
3.44
0.87
1.13
1.34

Flushes
Avg.
Std. Dev
315.65
16.19
260.96
11.89
220.06
12.18
162.12
12.92

Table 3. Comparison of the two algorithms on test set 1. Time is the number of time steps after the last truck comes out of
the line required to have painted all of the trucks. The time stops when a booth begins to paint the last truck, which is why
some values are less than the paint time, tp = 3 min. Flushes is the number of flushes required in one run of the program. The
average and standard deviation are computed for a sample size of 1000.
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Figure 2. Histogram of flushes over 1000 runs for 3 different numbers of booths: from left to right, 15, 8, and 6.

Test set 2

Booths
6
7
8

Market-Based
Time
Flushes
Avg.
Std. Dev.
Avg.
Std. Dev
5.94
6.80
122.94
16.13
1.82
2.13
95.72
12.87
1.19
1.95
79.15
11.29

Ant-Based
Time
Avg.
6.82
2.24
1.81

Std. Dev.
7.86
1.76
1.58

Flushes
Avg.
Std. Dev
114.46
21.95
77.52
12.36
9.53
61.94

Table 4. Same comparison as in Table 3, but on test set 2.

Test set 3
Market-Based
Booths
11
12
13

Avg.
4.03
2.80
2.26

Time
Std. Dev.
3.19
2.95
2.48

Flushes
Avg.
Std. Dev
161.10
20.16
136.15
17.30
119.09
15.75

Table 5. Same comparison as in Table 3, but on test set 3.

Ant-Based
Time
Avg.
3.43
2.74
2.41

Std. Dev.
1.75
1.33
1.34

Flushes
Avg.
Std. Dev
131.60
19.67
102.61
14.27
12.55
88.03

91

Dynamic Scheduling and Division of Labor in Socal Insects

20

20

color

color

15

10

10

5

0
0
0

100

200

300

400

0

100

200

20

400

300

400

20

color

color

300

time

time

10

10

0
0

100

200

300

0

400

0

100

200

time

time

Figure 3. Color number as a function of time for 4 randomly selected booths (test set 2). Number 21 represents a booth that
is inoperable and a spike is added to the curve each time a truck is processed.

Test set 4
Market-Based
Booths
13
14
15

Avg.
6.49
3.72
3.06

Time
Std. Dev.
6.03
3.02
2.62

Flushes
Avg.
Std. Dev
226.32
27.29
194.46
19.01
176.31
16.90

Table 6. Same comparison as in Table 3, but on test set 4.

Ant-Based
Time
Avg.
6.20
3.50
3.06

Std. Dev.
5.96
1.71
1.53

Flushes
Avg.
Std. Dev
208.00
30.64
170.41
18.10
15.02
150.02
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this many booths since some trucks will be painted
without a paint change, we must also consider the
effects of booths going down.
Table 6 shows the results obtained on test set 4.
Both algorithms exhibit similar performance with
respect to both the makespan and the number of
flushes.
In all of the examples, when the ant-based algorithm performs significantly better, it is mostly with
respect to the number of flushes, which results from
the specialization of paint booths. But specialization
could also be added to the market-based algorithm,
although with a different vocabulary. Again, the comparison was aimed at showing how similar the two
approaches are rather than at proving that one is better than the other. The results of the comparison itself
should not be considered significant in that a lot of ad
hoc choices were made.
7 CONCLUSION
In conclusion we have shown that a model of task
allocation in social insects could serve as a dynamic
scheduling algorithm. The parallel between our antbased algorithm and a market-based algorithm was
made explicit. For example, a black paint booth does
not bid high for white trucks but may still get a white
truck if no other better-positioned paint booth is
available; in a polymorphic ant colony, majors do not
perform brood care unless minors are not doing it.
These results suggest that the social insect metaphor,
which is powerful for static combinatorial optimizationproblems and for routing in communications networks (Dorigo et al., 1996; Dorigo and Gambardella,
1997; Shoonderwoerd et al., 1998; Bonabeau et al.,
1998), may also be efficient at dynamic optimization,
an assumption often made but rarely tested. More
testing is required to determine whether the ant-based
algorithm is really efficient, especially given our lack
of knowledge about the competing approach and the
number of ad hoc choices made in this paper. One
thing is interesting, however: the ant-based algorithm
(as well as the market-based algorithm for that matter) does perform better than the fixed statistics-based
scheduling approach used previously by the truck factory, for which the number of flushes ended up being
almost as large as the number of trucks to be painted
because of incidents and glitch propagation.

We do not believe that one particular agent-based
approach is intrinsically better than another one,
especially when they basically implement the same
features with different names. We do believe, however, that thinking in terms of agents is a big advantage
in distributed, heterogeneous problems, and that
thinking in terms of ant-like agents (with division of
labor and learning) may sometimes be more fruitful
than other types of agents, even if in the end, the same
processes happen to be implemented.
Another perspective on this work is also possible.
Task allocation can be seen as a scheduling problem,
which is continually solved by ants in a variable environment. One major difference between a market and
an insect colony is the role that evolution has played
in shaping social insect colony organization.
Evolutionary theory suggests that solutions found by
ants may be close to global optimality if the scheduling formulation is relevant to the behavior of ants.
Auction protocols, on the other hand, have been
designed by man to generate optimal resource allocation: why not use evolutionary algorithms to produce
optimal auction protocols?
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