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Abstract. A team of autonomous mobile agents can coordinate its behavior through a
continuows changing environment. The emergent behavior is a distributed sorting and clustering
activity based entirely on locd information processing. We derived an gptimum memory weighting
function besed on intermediate steady-states assumption using anguar second-moment (ASM) as
optimization criterion.
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1. INTRODUCTION

The reasons for growing interest in swarm inteligence applicaions are
twofold. Some tasks may be inherently too complex or imposshble for a single
robot to perform. On the other hand, a swarm of simple robas may also be more
flexible withou the need to reprogram the robots, and more reliable and fault-
tolerant because one or several robots may fail without acting task completion. In
addition, self-organization and decentralization made possble via interactions
taking place through the environment, point to the possbhility of significantly
reducing communicaions between robas. Most contributions to date in swarm
intelligent robotics present statistical analyses of the results [2] which, however, do
not allow experimenters to identify the system parameters which have influenced
the performance. Furthermore, the stochastic nature of the swarm intelligence
approach usualy leadsto high variability in performance, as clearly shownin [12].
Swarm intelligence models can, at least partially, describe the coll ective activities
of social insects, include the formation of trail networks and foraging patterns in
many ant species [4,6,7], rhythmical patterns of activity in ants (Leptothorax) [3],
thermoregulation in clusters of bees [20], the piling of dead badies by ants
(Pheidale) [5], larval sorting by ants (Leptothorax) [5], or the dynamics of colony
development in wasps (Polistes) [11]. Self-organization has also been applied to
the modeling of the social organization, including hierarchical differentiation
[10,18], divison d labor [17,18], and age (or temporal) payethism [19].



In our study, the robots misdon is to search and collect "food-items’ in a
foraging area and sort them in digoint piles. A theoreticd expression for the time-
dependent memory radius, r, for the functiona self-organization process
[1,8,13,14,1516] was derived. The optimization procedure is based on
intermediate steady states asuumption and its validity was numericdly tested using
the angular second-moment feaure as aggregation degree|[9].

2. THEMECHANISM OF STOCHASTIC FUNCTIONAL SELF-
ORGANIZATION BASED ON MEMORY-WEIGHTED MODEL

Our model is based on the following assumptions:

1. Theenvironment is atwo-dimensional periodic lattice with N, x N, sites. The
periodic lattice (torus) was considered in order to eliminate the finite size
effects.

2. Thelatticesitesare occupied by objects denoted by letters a, b, ¢ and so forth.
A freesiteis occupied by a @-type object.

3. Theagents cdled robot-like-ant (RLA)}, move randomly through the lattice
Anytime the RLAs transport an oljed. The caried objed might be of @-type
and, therefore, the roba move freely.

4. When arobot movesto agiven site, it must deddeif there ae mnditionsto put
down the carrying object andto pick up the existing one. The swapping
condtion writes

fo =15 )

where f, is the weighted frequency of the carried a-type objea and fg is the
corresponding weighted frequency of the encountered [3-type object.

Walking through the lattice, every RLA records in its memory register the
objed-types encountered. By analyzing its content, the RLA extracts information
abou the spatial arrangement of the objects. In the current implementation, a
binary string with the following structure characterizes every object-type:

Sx,r : ucx,l ch,z "'uﬂ,'[! (2)

where
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The following conservation rules take place Zua]i =n,, forany a = 1,...T,
1=

T
where n, is the total number of a-type object encourtered and Zuu'i =1, for any
a=

i=1,..., 1, where T isthe tota number of distinct object types.

An important memory register model, proposed by Deneuboug [5], consists
in a shift register of fix length with equal weight. As the time pass, the whale
record is Sifted ore place, the older (less significant) record is removed, and on
the first (most significant) place enters the new record. Anather important memory
register model, proposed by Oprisan [1,8,13,14,15,16], uses afirst order recurrence
to define the ectual state of the CA. The main advantage is its computational
efficiency and long (temporal) correlation. The computational efficiency reflectsin
an economic memory alocation: only two red variables must be stored - the
previous gate of CA and the state asciated with the newly encountered abjed-
type. Long (temporal) correlation means that the actual state depends on the whole
history of the system's gates. Actualy, it was proved (see [13,14,15,16]) that there
is an intringic limit of the temporal correlation imposed by the machine accuracy.
However, the temporal length of correlation for the model proposed is orders of
magnitude bigger than for the fix number of shift register.

In our weighted memory register, every ohjed-type is charaderized, at any
instant T, by aweighted frequency:

r w(i)u, ;
fo (1) ==, 4

ZW(i)

where w(i) is an appropriate weighting function. The weighting function is
. 1
w(i) = P 5

indicating that for r >> 1 the contribution d the r-th step (with 7 >> 1) to present
decisionis quite insignificant (short-type memory). This choice simulates the long-
term memory effed. The limit case r = 1 corresponds to an infinite and equally
weighted record. When r < 1 the contribution of older steps become significant
[1,8]. This type of memory function, that enhances the effect of past history, was
suggested as a possble microscopic mechanism in a model of metastasis
[1,14,15,16].

The abowve definition of the memory register leads to a first order recursive
definition of the weighted memory associated to every object-type [14].



Numericd simulations have shown that the memory radius, (r), should
depend onthe cluster dimension (i.e. aggregation stage) in order to optimize the
computational effort [13,14,15,16]. Thus, clustering processoccurs for any r > 1
but the speed with which the system reaches his ©orted steady state depends
sensibly on r: an abruptly decreasing memory radius drives the system into
equili brium state cnsisting in many small clusters (norequilibrium state). The
present study provides a proper memory radius-time relationship in arder to allow
sorting and avoid local equilibrium states.

3. RESULTS

3.1. Theoreticdly derived relationship between memory radius and
aggregation stage. The intermediate steady-states hypothesis

The swapping processthat take place between n-th and n+ 1-th computationa
timelead to

fan < fﬁn , fan+l > fﬁn+l- (6)

For simplicity, only two object-types, a, b, were considered. Based on(3), it results
Upyin =1- Ua]in s and

p=) i v
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Substituting above relationship into (6), it gives f,' <EZ_i . An"1" bit on the
1=

most recent entry of the a-type objed binary string forces svapping after n+1 time
L1

step. Using (4), the swapping condition writes f' < r%Z—i —1E, where the
= r C

following recurrent relationship was used f;™* = 1 + f,"/r. Summarizing, in the
limit of large memory T — oo, the swapping conditions (6) is:

r(2—r)<fn< r
2r-) 7 2r-1°

8

The agygregation process takes place progressvely: sarting with a random
distribution, first only two-object clusters appear, then only three-object clusters
and so forth. This intermediate steady-states assumption helps us to establish a



quantitative relationship between the memory radius, (r), and the aggregation
stage. For example, after n-th computational step, a two-object cluster appears if,
based on(8), the memory radius stisfiesr O (2*2, 2). For threeobjed clusters the
memory radius must satisfies r O ('3, r*?). Generally, it is gdraightforward that
transition from p-objeds clusters geady state to (p+ 1)-objects clusters requiresr O
(21/(p+l)' 21/p).

To determine how long it will take, in conventiond iteration steps, to redize a
complete two-objects clusters geady state and then a three-objects one axd so an, a
mean field view-point was adopted. Let us denote by N, the number of a-type

objeds in the lattice and by \/W the linear dimension of the square lattice The
mean distance, A, between the same objed-types, for a uniform distribution of the

JN

objeds, is given by conservation condtion N, = E+T§ which implies

JN 1+ AN 3

A= 2 N -1 . During the ggregation process the mean-free distance
a

between the objeds increases due to decreasing of the dusters number. We

propose & a mnventiona iteration time step nealed to switch between p and p+ 1-

objeds steady clusters a quantity proportional with the sum of the corresponding

mean-free distance between the dusters. For example:

A Zm T

where the superscript 1 — 2 design the initial and, respectively, final aggregation
steady states. The proportionality constant depends on the successve identica
steps required to visit the same cluster in order to transport them to the nearest
neighba ones. Therefore, taking into aacount this siccessve (minimal) number of
repetitive visits the above relation can be generalized asfollows

A=K = (2K +1) )

_Zm.—u

k+1

z
<

Repladng above sum by valid for N, >> 1, on the bases of Euler
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i f(i) DJ:'f(X)dx+%(f(a)+ f(b))+1—12(f'(b)— f'@)+...,

it results
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which smplifiesto k D%.

On the other hand, we previously found that to built clusters with k objeds (in the
k-objeds steady state sorting stage) the memory radius, (r), must lie in the range
(YD 2% Therefore, the last two relations give

r O exgd " 2F (10)

02N [

Thisisthe theoretically derived optimized relationship between the memory radius,
r, and the computational time step N.

3.2. Numericd results and the annealing rule

The functional self-organization algorithm above described (see [1,8,13,14] for
details) requires a well-defined measure of the aggregation stage. Our choiceis a
texture analysis using features, which considers that texture-context informationis
contained in the overall spatia relationship between its gray tone [9]. Let p(i,j)
denote the normalized matrix of relative frequencies with which two cells,
separated by distance d, occur on the image, one with gray tone i and the other with
gray tone j. A relevant feature is the angular secondmoment (ASM), which
represents a measure of homogeneity of the image.

In a homogeneous image this features has a great values and decrease if the
texture bemme lesshomogeneous (texture with different clusters):

ASM=§§Ip(i,j)2, (11)
G £

where Ny is the number of gray levels present in the image under investigation.
Numericd simulations demonstrate that the @ove-defined feature is sndtive to



aggregation stage and offer a quantitative meaning of this fuzzy concept (see
Figure 1).
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Fig. 1.- Different snapshats are uniformly sampled with 500 time-steps and shown onthe top panel.
The behavior of the mntrast feature against the iteration time-step is plotted (lower panel). Here the
environment is arectangular 100 x 100 lattice, with 10% black objects concentration, 40 RLAs and a
constant memory radiusr = 1.1. As the system approaches itsfinal steady state, the contrast feature
saturates. The minimum and maximum values were analyticdly evaluated and, therefore, can be used
to measure the distance between the current aggregation stage and the steady state.

Based on the above-defined global measure, we performed extensive
numerical simulations to find the optimal time-dependence of the memory radius,
(r), in order to validate the theoreticd derived relationship (10) and its badkground
hypahess - the intermediate stealy states asaumption. We found that at the very
beginning of the numericd simulations there is a quasi-linear relationship between
the slope of the feature and the time step (see Figure 2). Anayzing Figure 2, we
conclude that it is advantageous, in order to reduce the computationa effort, to
start the numerica simulations with a high value for the memory radius. A high
value of the memory radius means a very abrupt decrease of the feature and a
rapidly dowing-down of the dgorithm. If numerical simulation continues along
this path, the system needs along computation to readh itsfinal steady state. On the
other hand, an initial low memory radius determines a slow change of the feaures
but the end of linear region is more dosely to its fina steady state. Our
optimizaion procedure tries to combine the high speead of the features deaeases for
initial high memory radius with the lowest quas steady state & the end d linear
region for low memory radius. To determine the limits of the linear domain, which
means that for a particular value of the memory radius the dgorithm enters the
dowing cwn regime, we performed numerical smulations until the linear
correlation coefficient maximizes. At that point the final stage of aggregation was
reached, for a particular value of the memory radius (r). We recorded the sope of
the contrast feature for that specific memory radius value and the simulations were
started over for another value of r.



Fig. 2- The 3D plot of the contrast feature against the time-step and memory radiusr is shown. With a
constant memory radius, alinea dependence of the feature on the time step, at the very beginning of
the numerical simulations, can be observed. Decreases of the memory radius determine adecrease of
the slope of the feaure. On the other hand, the surfaces are highly fractured and, therefore, an
appropriate time-dependent memory radius relationship must be chosen in order to avoid trapping the
simulationin alocal minimum.

Figure 3a summarize the computationally derived optimal relationship
between the slope of the contrast feature and the memory radius in order to ensure
aminimum computational time. Once the relationship between microscopic control
parameter (memory radius r) and the macroscopic measure of aggregation stage
(the contrast fedure) was established, we get practical instrument to optimize the
aggregation process The computational procedure is as follows. We monitored the
dope of the contrast fedure and change the memory radius according to
computationally derived relationship (seeFigure 3a).
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Fig. 3- Theplot of the steady slope of contrast feature against the memory radiusr (a- left panel).
The environment is aredangular 100 x 100 lattice, with 10% black objects concentration and 40
RLAs. The chosen slope of the features maximizes the linear correlation coefficient and, therefore, is
an indication that the steady state was reached. The plot of the memory radius (r) against the time step
(n) when the sorting steady state was reached (b -right panel). The best fit is an exporential decaying
functionwith the indicated parameters.

The plot of the optimally controlled memory radius against the iteration step (see
Figure 3b) shows that the interpolation curve (continuous line) agrees with our
theoreticdly derived time-dependent memory radius (seeequation (10)).

4. DISCUSSION AND CONCLUSIONS

Previous gudies siggested that a redistic goproach on the problem of local
decision in the aygregation process performed by a team of mobile agents is the
first order recurrent memory function[1,8,13,14,15,16]. The present study analyses
the dynamicd aspects of the memory fedure, particularly, its correlation length or
memory radius. Based on intermediate steady state hypothesis we derived a
theoreticd time-dependent memory radius that leads to a minimum aggregation
time. The intuitive idea behind our approach is that each two-, three-, four-, etc.
clusters are metastable and the inherent stochastic behavior of the robot-like-ants
(RLA) is the mechanism that drives the systems from intermediate (metastable)
steady states to a final (stable) steady state. Once we found a time-dependent
memory radius, which we thought to be the optimum, the next step was to check
our finding using numericd simulation.

On the other hand, using a swarm of robots inspired from social insects
behavior has sme drawbadks. For example, stagnation is one: because of the ladk
of a global knowledge, a group d robots may find itself in a deadlock, where it



cannot make any progress Another problem is to determine how these so-called
"smple’ robas soud be programmed to perform user-designed tasks. The
pathways to solutions are usually not predefined but emergent, and solving a
problem amounts to finding a trgjedory for the system and its environment so that
the states of both the system and the environment constitute the solution to the
problem: although appealing, this formulation dces not lend itself to easy
programming. Until now, we implicitly assumed that al robots were identical
units. the situation becomes more complicated when the robots have different
characteristics, respond to different stimuli, or respond dfferently to the same
stimuli, and so forth; if the body of theory that roboticists can use for homogeneous
groups of robots is limited, there is virtualy no theoretical guideline for the
emergent design and control of heterogeneous swarms.
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