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Abstract. Social insects provide us with a powerful metaphor to create
decentralized systems of simple interacting, and often mobile, agents. The
emergent collective intelligence of social insects — swarm intelligence -
resides not in complex individual abilities but rather in networks of
interactions that exist among individuals and berween individuals and their
environment. In particular, a recently proposed model of division of labor
in a colony of primitively eusocial wasps, based on a simple reinforcement
of response thresholds, can be transformed into a decentralized adaptive
algorithm of task allocation. An application of such an algorithm is
proposed in the context of a mail company, but virtually any type of
flexible task allocation can be described within the same framework.

1 Introduction

Evidence of the ecological success of social insects can be found almost everywhere
[56]. Some of the main reasons for this success are to be looked for in the
organization of insect societies, that allows, for example [45], division of labor,
specialization, collective regulation, plasticity, mass action responses or the building
of complex architectures. Theories of self-organization (SO) [35,43], originally
developed in the context of physics and chemistry 1o describe the emergence of
macroscopic patterns out of processes and interactions defined at the microscopic
level. can be extended to social insects to show that complex collective behavior may
emerge from interactions among individuals that exhibit simple behaviors: in these
cases, there is no need to invoke individual complexity [11,21].

These recent developments do not only have consequences on the study of social
insects, but provide us with powerful tools to transfer knowledge about social insects
to the field of intelligent system design. In effect, a social insect colony is
undoubtedly a decentralized problem-solving system, comprised of many relatively
simple interacting entities. The daily problems solved by a colony (at least party) by
means of self-organization include finding food [3,4,5,7,10,20,26,27], building or
exiending a nest [19,22,53,54], efficiently dividing labor among individuals
[9,49.56], efficiently feeding the brood [13,30], responding 1o external challenges,
spreading alarm [1,31], etc. Many of these problems have counterparts in engineering
and computer science. One of the most important features of social insects is that
they can solve these problems in a very flexible and robust way: flexibility allows 1o



adapt to changing environments, while robusiness endows the colony with the ability
to function eventhough some individuals may fail to perform their task. Finally,
social insects have limited cognitive abilities: it is therefore simple to design agents,
including robotic agents, that mimic their behavior at some level of description. In
short, the modeling of social insects by means of SO can help design antificial
distributed problem-solving devices that self-organize to solve problems. The paths to
problem solving are not predefined but rather emergent in these systems, and result
from interactions among individuals and between individuals and their environment as
much as from the behavior of the individuals themselves. Therefore, using a swarm
intelligent system to solve a problem requires a thorough knowledge not only of what
individual behavior must be implemented but also of what interactions are needed to
produce such or such global behavior. A possible path consists in studying how
social insects collectively perform some specific tasks, modeling their behavior and
using the model as a basis upon which artificial variations can be developed, either by
tuning the model parameters beyond the biologically relevant range or by adding non-
biological features o the model. This approach is similar to other approaches
consisting in imitating the way "nature” (that is, physical or biological sysiems)
solves problems [12,28]. Another possible and apparently very promising pathway is
Lo use economic or financial metaphors to solve problems [36,37,38,51,55].

Some authors have already applied this social-insect-based approach to optimization
(for example, ants can find the shorest path to a food source) [16,17,18,25], with a1
least one significant real-world implementation [2,32,50], or data analysis (ants can
cluster dead bodies and sort larvae on the basis of local information [14]) [6,39,42).
The aim of this paper is to show how another model of natural swarm intelligence
can be transformed into a useful distributed algorithm. This example is based on a
recently proposed model of division of labor in a primitively eusocial species of
wasp, and will be ransformed into an algorithm allowing flexible task assignment.

2 A model of sociogenesis in social insects

2.1 Division of labor

Division of labor is an important feature of colonial life in many species of social
insects [44,49]. One of the most sinking aspecits of division of labor is plasticity, a
property achieved through the workers' behavioral flexibility: the ratios of workers
performing the different tasks that maintain the colony's viability and reproductive
success can vary (i.e., workers switch tasks) in response to internal perturbations or
external challenges. An important question is to understand how this flexibility is
implemented at the level of individual workers, which certainly do not possess any
global representation of the colony's needs.

2.2 The notion of response threshold
We recently developed a simple model, based on the notion of response threshold

[9.46,47,48,49]: individuals start to become engaged in task performance when the
level of the task-associated stimuli exceeds their threshold. Differences in response



thresholds may either reflect actual differences in behavioral responses, or differences
in the way task-related stimuli are perceived. When individuals performing a given
task are withdrawn (they have low response thresholds with respect to stimuli related
to this task), the associated demand increases and so does the intensity of the
stimulus, until it eventually reaches the higher characteristic response thresholds of
the remaining individuals, that are not initially specialized into that task; the increase
of stimulus intensity beyond threshold has the effect of stimulating these individuals
into performing the task. This is exactly what was observed by Wilson [57] in
expeniments where he artificially reduced the minor:major ratio to below 1:1 and
observed a change in the rate of acuvity within 1 hour of the ratio change: for small
ratios, majors engage in tasks usually performed by minors and efficiently replace the
missing minors.

Let us give a simple example: the task can be larval feeding, and the associated
stimulus larval demand, which is expressed, e.g., through the emission of
pheromones. The nature of task-related stimuli may vary greatly from one task to
another, and so can information sampling techniques (which may involve direct
interactions among workers (rophallaxis, antennation, etc.) [33], nest "patrolling”
[41], or more or less random exposure to task-related stimuli). Several experiments
support the idea of thresholds in honeybees [47,49] or ants [23,24].

Assume that one task only has to be performed. This task is associated with a
stumulus or demand, the level of which increases if it is not satisfied (because the task
is not performed by enough individuals, or not performed with enough efficiency). Let
X, be the state of an individual i ( X, =0 corresponds to inactivity, X =1 corresponds
to performing the task), and ©, the response threshold of i. An inactive individual
starts performing the task with a probability P per unit time:
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The probability that an individual will perform a task depends on s, the magnitude of
the ask-associated stimulus, that affects the probability of being exposed 1o 1t, and on
8, the probability of responding to task-related stimuli, given exposure [49]. The
choice of the detailed nonlinear functional form (1) is rather arbitray, since any
threshold function is expecied to generate qualitatively similar results. An active
individual gives up task performance and becomes inactive with probability p per unit
ume (that we take identical for both castes):

P(X,=1—X,=0)=p. @

1/p is the average time spent by an individual in task performance before giving up
this task. It is assumed that p is fixed, and independent of sumulus. Individuals give
up task performance after 1/p, but may become engaged again immediatly if sumulus
is still large.Variations in stimulus intensity are due to task performance, which
reduces sumulus intensity, and the natural increase of demand irespective of whether



or not the task is performed. The resulting equation for the evolution of stimulus
intensity s is therefore (in discrete ime):

S(l+1}=s{t}+5—%, (3)

where N_ is the number of active individuals, N is the total number of potentially

active individuals in the colony, & is the increase in stimulus intensity per unit time,
and @ is a scale factor measuring the efficiency of task performance. The amount of
work performed by active individuals is scaled by N to reflect the intuitive idea that
the demand is an increasing function of N, that we take linear here. This corresponds
to the idea that brood should be divided by 2 when colony size is divided by 2: in
other words, colony requirements scale (more or less) linearly with colony size. This
simple fixed threshold model shows remarkable agreement with experimental results
in the case where there are two castes characterized by two different values of the
response threshold: when “minors”, with low response thresholds, are removed from
the simulated colony, “majors”, with higher response thresholds, start to perform
tasks usually performed by minors. Fig. 1 shows the fraction of majors engaged in
task peformance as a function of the fraction of majors in the colony (8 =8, 8,=1,

a=3, &=1, p=0.2; exact analytcal result). This curve is very similar to the one
observed by Wilson [57]. This simple model with one task can also be easily
extended to the case where there are two or more tasks to perform. Each individual has
a set of thresholds, each threshold being associated to the stimuli of a specific task or
group,of lasks.

| Fig. 1. Fraction of majors engaged in
| task performance as a function of the
g | proporuon of majors in the colony.
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2.3 Simple learning
Theraulaz et al. [52] have developed a model which is very close to the one described
in the previous paragraph, but with learning, that is, with variable thresholds, updated

in a self-reinforcing way: the more individual i performs a task, the lower its response
threshold with respect to sumuli associated with this task, and vice-versa:

6 —0 - 4)
if i performs the task, and

6 =0 +¢ (5)



if i does not perform the task in a given period of time. £ and ¢ are the learning and
forgetting coefficients, respectively. The evolution of 8, is furthcrmore assumed to be

restricted to an interval [0,_,,6_, . The decisions to become engaged in, or give up,

task performance are still given by equations (1) and (3), and the evolution of the
demand s is given by (3). Their model is therefore a model of the genesis of
specializauon. Fig. 2.1 shows an example of specialization: thresholds are represented
as a function of ume for 10 individuals (initial distribution of thresholds uniform in
[B__ =1,8_, =1{)IIJ]. a=4, &=1, p=0.2, E=10, ¢=I1: results obtained by
numerically integrating equations derived from transition probabilities). Some of
these individuals become highly responsive to task-associated sumuli, while others
become only weakly responsive. Fig. 2.2 shows the demand, which can be seen to be
kept under control, at a low level. One advantage of this strategy over the fixed
threshold strategy is that in the case where individuals with low thresholds are
removed, the demand is quickly taken back to a much lower level because individuals
with previously high thresholds lower their thresholds and become more responsive to
task-associated stimuli. Flexibility and robustness can also be observed when task
performance becomes less efficient (lower value of ). For example, Fig. 3.1 shows
how thresholds evolve when @ suddenly decreases from 5 to 2 at t=20{. One can sce
that the 7 individuals that had high thresholds before 1=200 quickly become
responsive to task-associated stimuli after t=200, because the demand increases (as is
shown in Fig. 3.2). But this increase stimulates individuals in performing the task,
so that the demand evenmally decreases to a level comparable 10 its level before 1=200
(Fig. 3.2). By contrast, a strategy based on fixed response thresholds is unable 10
bring the demand back to its non-perturbed level (Fig. 3.3; thresholds are quenched in
a random uniform distribution in [1,1000]): this is because the demand has 10 exceed
the average threshold of the group in order to be significantly reduced.
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Fig. 2.1. Dynamics of thresholds Fig. 2.2. Dynamics of demand

Because learning is involved in this model, the relevant timescale is naturally larger
than in the previous paragraph. Furthermore, the fact that the initial condition is a
uniform distribution of thresholds indicates that this model may be more appropnaie
for primitively eusocial insects, that is, those eusocial insects in which there is linle
or no morphological differentiation among individuals: this feature is particularly
appealing when it comes to problem-solving, since this model can explicitly account
for the (self-organized) genesis of division of labor, and does not require predefined
response thresholds. The original model [52] is slightly more complhicated than
simply a model of division of labor, since it is coupled to a mode| of self-orzamzing



hierarchies. It is a simplified version of this model which will serve as a basis for the
implementation of an adaptive task allocation algorithm.
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Fig. 3.1. Dynamics of thresholds Fig. 3.2. Dynamics of demand
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3 Adaptive task allocation inspired by division of labor in
wasps: the example of mail retrieval

Imagine that a group of mailmen (hereafier called agents), belonging 10 some express
mail company, have to pick up letiers in a large city. Customers should not have 10
wait more than a given amount of time: the aim of the mail company is therefore 1o
allocate the agents to the vanious demands that appear in the course of the day so as to
keep the global demand as low as possible. The probability that individual i, located
in zone z(i), responds o a demand S, in zone j is given by

s
AP . T — (6)
S: + ue:d + ﬂd] uky

where 8, (€[0,_,.0,,.]) is the response threshold of agent i to a demand from zone |,
4:1‘_“ is the distance between z(i) and j (this distance can either be euclidian or include

factors such as one-ways, lights, usual traffic jams, etc.), and « and B are two
positive coefficients that modulate the respective influences of 8 and d. Each ume an



agent allocates himself to zone j to retrieve mail, his response thresholds are updated
in the following way:

0, -8, -L, ]
B:.q" =¥ B:.-u: "_E.l:l {Ej
6, =8, +¢ for k=] ke{n(j} (9)

where {n(j)} is the set of zones surrounding j, &, and E, are two learning
coefficients corresponding to zone j and its neighboring zones respectively (E,> £ ),
and @ is the forgetting coefficient applied 1o response thresholds associated with other

zones. This procedure allows 1o increase spatial fidelity not only purely locally but
also with respect 1o other zones. We have performed simulations with a grid of 5x5
zones (we consider four neighbors for the update of equation (8), with periodic
boundary conditions), and 5 agents; at every iteration, the demand increases in 5
randomly selected zones by an amount of 50, «=0.5, B=500, 6__=0, 6__=1000,
E,=150, £,=70, p=10. Agents are swept in a random order, and decide to respond 1o
the demand from a particular zone according to equation (6). If no agent responds afier
5 sweepings, the next iteration starts. If an agent responds, this agent will be
unavailable for an amount of time that we take to be equal to the distance separating
his current location from the zone where the demand comes from. Once the agent
decides to allocate himself to that zone, the associated demand in that zone is
maintained at 0 (since any demand emerging between the ume of the agent's response
and his arrival in the zone will be satisfied by the same agent). Fig. 4.1 shows how
the demand fluctuates around a finite value in "normal condiuons”, and how the
demand increases but is still kept under control when one individual fails o perform
his task (at 1=2000). Fig. 4.2 shows how the threshold of an individual with respect
o a single zone can vary as a function of time. A special behavior can be observed
after the removal of another individual. The removed individual was a specialist of a
given zone: another individual lowers his threshold with respect to that zone and
becomes in turn a new specialist of that zone, This is what is observed in Fig. 4.2,
However, because the workload may be too high to allow agents to setile into a given
specialization, response thresholds may oscillate in ime. All these features point to
the flexibility and robustness of this algorithm.
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Fig. 4.1. Dynamics of demand Fig. 4.2. Dynamics of onc
{perturbed). threshold (perturbed).



Although we have briefly presented how the algorithm works on one specific
example, it can certainly be modified to apply to virtually any kind of task allocation:
the demand S| can be the abstract demand associated to some task j, 8, is a response

threshold of actor i with respect to the task-associated stimulus S. Finally, d_ is

an abstract distance between 1 and task j which can, for example, represent the ability
or lack of ability of i 1o deal with task j: if i is not the most efficient actor 1o perform
task J, it will not respond preferentially to 5, but if no other actor is in a position 1o

respond, it will eventually perform the task. It is certainly possible to design a
scheme in which d can vary depending on the efficiency of i in performing task j.

4 Conclusion

The aim of this paper was to draw a clear parallel between a mode of problem-solving
in social insects and a distributed, reactive, algorithmic approach. Some of the
mechanisms underlying the regulation of division of labor in social insects,
particularly those mechanims that can explain the workers' behavioral flexibility,
have first been modeled, and the model then served as a basis to regulate the allocation
of tasks in an artificial system. Not only have we shown that it is possible to
implement in artificial systems, with appropriate modifications, strategies used by
social insects to solve problems, we have also shown how modeling is the necessary
intermediate step between understanding natural behavior and designing artificial
problem-solving devices. The algorithm that we used for our toy example can of
course be greatly improved. One possible idea to improve the flexibility of the
algorithm would be to allow some kind of partial "reset” function, for example by
means of oscillations (as have been observed in ants [15,29,34]): in effect,
oscillauons allow the system to take new decisions, which is particularly desirable if
the environment has been modified within the tmescale of one oscillation [8]. If
thresholds are regularly allowed to relax partially, the set of thresholds can converge
1o a new state, possibly more adapted to the environment. Such a process should be
especially efficient when the system starts to fail to keep the demand under control.
How often and to what extent should the thresholds relax depends on the magnitude
and umescale of environmental perturbations.

Finally, let us mention one issue which is common to all adaptive algorithms, that is
algorithms that are designed explicitly to deal with dynamically varying problems:
there is no standard way of evaluating the performance of such algorithms, because
benchmark problems are static problems (such as the traveling salesman problem
[40]). It would be most important for adaptive algorithms to have their own
benchmarks, as these algorithms may not be very good heuristics in the siatic case.
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