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Abstrac® In order to overcome difficult dynamic optimization
and environment extrema tracking problems, we propose &elf-
Regulated Swarm (SRS algorithm which hybridizes the
advantageous characteristics of Swarm Intelligence as the
emergence of a societal environmental memory or cognitive map
via collective pheromone laying in the landscape pfoperly
balancing the exploration/exploitation nature of the search
strategy), with a simple Evolutionary mechanismthat through a
direct reproduction procedure linked to local environmental
features is able to selfegulate the above exploratory swarm
population, speeding it up globally. In order to test his adaptie
response and robustness, we have recurred to different dynamic
multimodal complex functions as well as td®ynamic Optimization
Control (DOC) problems. Measures were made for different
dynamic settings and parameters such as, environmental upgrade

I. INTRODUCTION

OST research in evolutmary (EC) and swarm

intelligence(SI) computation focuses on optimization of
static, norchanging problems. Many reaforld optimization
problems, however, are dynamic,daoptimization isneeded
that are capable of continuously adapting the solution to a
changing environment. In fact, many rearld problems are
actually dynamic: new jobs have to be added to the schedule,
machines may break down or wear down slowly, raatemal
is of changing quality, etc8]. If the optimization problem is
dynamic, the goal is no longer to find the extrema, but to track
their progression through the space as closely as po<Siixe.
method for achieving this is to evolve a function-laie that

frequencies, landscape changing speed severity, type of dynamicmodels the dynamics of the environment direc8¢] [while

(linear or circular), and to dramatic changes on the algorithmic
search purpose over eachtest environment (e.g. shifting the
extrema). Finally, comparisons were made with traditional
Genetic Algorthms (GA) as well as with more recently proposed
Co-Evolutionary approaches. SRS were able to demonstrate
quick adaptive responses, while outperforming the results
obtained by the other approachesAdditionally, some successful
behaviors were found: SRSwas able not only to achieve quick
adaptive responses, as to maintaining a number of different
solutions, while adapting to new unforeseen extrema; the
possibility to spontaneously create and maintain different
subpopulations on different peaks, emerging ffierent exploratory
corridors with intelligent path planning capabilities; the ability to
request for new agents over dramatic changing periods, and
economizing those foraging resources over periods of
stabilization. Finally, results prove that the presenSRScollective
swarm of bio-inspired agents is able to track about 65% of
moving peaks traveling up to ten times faster than the velocity of
a single ant composing that precise swarm tracking system. This
emerged behavior is probably one of the most intesting ones
achieved by the present work.

another is to use the dynamics of the evolutiorarySwarm
Intelligent process itself otfine to track the progression of the
extremaAs described byAngeline[1] evolving a functionhat
describes extrema dynamics is preferable when the dynamics
can be modeled accurately difie. When a single function
cannot describe the dynamic accurately enough, alinen
approach using the implicit dynamics of the salfptive
method is preferde. However, while evolutionary
computation methods that evolve mutation variances perform
well in static environments, it is not clear that these methods
are beneficial when the gradient at each point is cotigtan

flux as in most dynamic environmentd], apart from
significant well-know and promising attempts. For these
reasons, it seems appropriatekéepthe suggestion of eline
methods, simultaneously attempting it withdifferent
computational paradigms such as those derived from Swarm
Intelligence which allows for distributed reakttime self
organization of solutions whilenaintaining strong adaptive
capabilities.Following this new research path, we propose a
SelfRegulated SwarnSR$ algorithm which hybridizeshe
advantageous characteristicd Swarm Intelligence as the
emergence of a societehvironmentalmemory or cognitive
map 50,49 via collective pheromone laying in thiandscape
(balancing the exploration/exploitation nature of the search
strategy) with a simple evolutionarynechanisnthatthrougha



direct reproductionprocedurelinked to local environment Il - Maintaining Diversity thoughout the runConvergence is
features is able to salégulate the above exploratory swarmavoided all the time and it is hoped that a speatd
population speeding it uglobally [17]. Our presentproposal population can adapt to changes more easily.

is fully discussed in section II. _ _
Il T Memorybased Approachedhe EA is supplied with a

A. Approaches memory to recall useful informatiofrom past generations,
Dynamic Ogimization O©O) problems, on a more abstractwhich sems especially useful when the optimum repeatedly
level can be characterized by sevesdlations this might returns to previous locations.
mean that the optimization function, the problem instance, or
some restrictions may change, and thus the optimum to thafechniques such dsypermutation(Cobh [13]) or Variable
problem might change as well.any of these events are to beLocal Search(VLS) (Vavak [66,67]) pursue categoryl,
taken into account in the optimization process, we call theeping the whole population after a change but increasing
problem dynamic or changing (both terms are usgsbpulation diversity by drastically increasing the mutation rate
synonymously and often in the literature, also the term nofor some number of generations. VLS on the other hand,
stationary is used). increases mutation gradually after a change has been detected
Since many approaches are gibke, BrankeandSchmeK8] [66], where the mutation range itself can be adap&d.
suggestedn 2002, a clasfication of DO problemssurveying  Another variantwith significant improvements in convergence
it, while classifying a number of the most widespreadpeed and solution quality have been found if the altered (old)
techniques that have been published in the literature so farifdividuals are reused (s&erwirth [5,6], Lin [39], Mattfeld
make evolutionary algorithm¢EAS suitable for changing [41], or Reeveset al. [55]). Artificial Neoteny techniques
optimization problemsAs pointed by them, one standardproposed forEAs by Ranos [52] can also be considered
approach to deal with these dynamics is to regard each chaagsong this approacheoteny, als&now asPaedomorphosijs
as the arrival of a new optimization problem that lm$e¢ can be defined in biological terms as the retention by an
solved from scratch4@]. organism of juvenile or even larval traits into later life. In
However, this simple approach is ofterpimactical: solving a some species, all morphological developmentetarded; the
problem from scratch without reusing information from therganism is juvenilized but sexually mature. Such shifts of
past might be too time consuming, a change might not beproductive capability would appear to have adaptive
identifiable directly, or the solution to the new problem shouldignificance to organisms that exhibit #nd the technique is
not differ too much from the solution of the old problefhus  used within EAs by simple reinjecting old artificial DNA
as in theortline trackingprocesssuggested byAngeline[1], which was randomly captured on the first generatigisally,
Branke[8,9,10 recommendedhat would be nice thave an theA approach ends up with a number of authors suggesting to
optimization algorithm that is capable of continuouslyeave the response to a change in the environment up to the
adapting the solution to a changing environment, reusiag strategy itself, by relying on hiseltadaptivenessThis is the
informationgained in the past. Since in nature adaptation iscase in wrks byAngeline[1], Back[4,62], Grefenstettg20]
continuous and continuing process, @aéds have much in andStephen$60].
common with natural evolution, they seem to be a suitableMaintaining diversity is anothepossible approach If).
candidate. However, these type of evolutionary approach@sefenstette21] introduced the methoRandom Immigrants
typically converge to an optimunand thereby lose their where in every generation, the population is partly replaced by
diversity necessary for efficiently exploring the search spagendonly generated individuals, whileAndersen[2] uses
and consequently also their ability to adapt to a change in thenotypic and phenotypisharing to increase the Genetic
environment when such a change occ@4(. The problem Algorithm ability to track optima in slowly changing
here can be stated as seeking an appropaadedifficult  environments. A very interesting sharing scheme was
balance between two contradictory characters of the seaiatroduced byLiles and DeJong[38], basedon Tag bits
procedure; those between tegploring (ideal for gathering There, tag bits are appended to each genotype, and only
new solutions)and exploiting (making the best use of pastindividuals with equal tag bits are allowed to mate, which
solutions)nature of the algorithm. somehow can be regarded as introducing subpopulations of
Over the past few years, a noen of authors have addressedsarying size $9]. The neighborhood used for sharing is then
the problem of convergence and subsequent loss the numbenf individuals with the same tag bit, i.e. individuals
adaptability in many different ways. According Boankeand with rare tag bits are favored. The approach is able to maintain
SchmecK8], most of these approaches could be grouped intifferent subpopulations on different peaks, however for a
oneof the following three categories established tgmih simple environment with two peaks of changing weights. Other
techniques inclde a crowdindike replacement scheme
| - React on Changeghe EA is run in standard fashion, bute n t i Worst éamoriy Most Similar ICgdeno[11], by

as soon as a change in the environment has been deteated,k i ng i n account each individ
explicit actions are taken to increase diversity and thdenction f..q = g (foe, 298 as proposed byshosh[18] or
facilitating the shift to the new optimum. finally by using the Thermodynamical Gestic Algorithm

(TDGA) proposed byori [45] addressing the diversity in the
popul ati on explicitly control |



e n e rFgRoova minimization problem this term is calculatednto a memory stressing the importance ofedsity for

asF = <BE>-TH, where €> stands for the average populatiormemorybased approacheés an exampleBrankefound out
fitness andH is a measure for the diversity in the populationthat a simple replacement of the most similar individual
The temperatur@ is a parameter of the algorithm and reflectperformed almost equivalently to a strategy that replaces the
the emphasis of diversity (adjustifigis discussed in4fe], a worse of the two individuals in the memory closest to each
problem similar in many respects in what we found to contraither.

schedling temperaturesn SimulatedAnnealing e.g. [52]). Althoughthe memory/search population approach was quite
Finally, a very interesting and recent approach wasuccessful, it soon became obvious that a strategy based on
implementedby Huang and Rocha [30,56] outperforming memorization would be too restricted to adapt successfully to a
traditional Genetic Algorithms via obtaining greaterwide range of dynamic environments. As an alternative,
phenotypic plasticity. They proposed a@mlutionary agent Brankeand Schmel8] developed an approach with multiple
based model of genotype editilt§BMGB), constructed using populations acting aSelfOrganizing Scout$¢SOS, watching
several genetic editing characteristics that are gleaned from theer the changing landscape. The basic ide&©@S8is that

RNA editing system as observed in several organisms. Thace a peak has been found (i.e. the population converged to a
incorporation of editing mechanisms provides a means faigh-perfaomance region), the poptien should split, while
artificial agents with genetiadescriptions to gain greatert he fc hi | ds hpooupl udl afti watn®h otheov er
phenotypic plasticity. By allowing the family of editors and theemainder should spread out searching for new pegikse
genotypes of agents to -ewolve using the rgeneration of our current approach is also based in S@lfganization
editors as a control switch faenvironmental changes, the[50,53], throughthe use ofstigmergic mechanisnas wellas
artificial agents inABMGE can discover proper editors to Swarm Intelligencd7], there aren fact some similarities as
facilitate the tracking of thextrema in dynamic environments.well differences between th&elfRegulated Swarm$SRS
Other approaches on this line are fully discusse8®10 by approach and SOS that will [eeresting tadiscuss latergee
BrankeandSchmeck sectionV-B).

Another kind of approach is to supply the algorithm with Finally some recent proposals have been made usiag
saome sort of memory (approachl ) storing good partial Swam Intelligent (SI) [7, 33] approach to attempt to solve
solutions in order to reuse them latefhis can be these dynamic problem&enerally,Swarm Intelligencean be
advantageous in cases where the environment is changiagarded as the property of a system whereby the collective
periodically, and repeated situations occur. However they albehaviors of (unsophisticated) entities interacting locally with
could be counterproductive ifhé environment changes their environnent cause coherent functional global patterns to
dramatically with opemended novelty. Memory may be emerge. Sl provides a basis with which it is possible to explore
provided in two general wayamplicitly by using redundant collective (or distributed) problem solving without centralized
representations, aexplicitly by introducing an extra memory control or the provision of a global model (Stan Franklin,
and formulating strategies to deposit and retrieve sokitio©oordination withott Communicationtalk at Memphis Univ.,
later. Generally, the most prominent approach to implicitUSA, 1996) f9]. These entities can be either regardebias
memory and redundant representation is multiplfi®y (e.g., inspired antlike agentsin which selforganization occurs
Ryan[57], Lewis[37] and Dasgupta[16]). On the other hand, through trail formation via pheromone deposition and
while redundant representations allow tBA to implicitty evaporation7,50,17,49,23,53,51] giving rise to the well know
store some wsul information during the run, it is not clear thatAnt Colony System$ACS and Ant Colony Optimization
the algorithm actually uses this memory in an efficient way. AACO) algorithmsby Dorigo et al.[7], or as physical particles
an alternative, the following approaches use an expli@mbodied with directionvelocity and intrinsic memory for
memory in which specific information is stored andbest global and local positid33,2,3,15,32] know asParticle
reintroduced into the populafi at later generationsThe Swarm OptimizatiofPSO) algorithmsleveloped byKennedy
memory can be used to transfer individuals fromBA&un to  Eberhartet al. B3].
seed the initial population on anotheA after a single change Apart from the Sl research branch tak&CGor PSQ, only
in the environment, as suggested lbyuis and Xu [40], or very recently there are being made efforts for dynamic
throughthe use of a knowledge base to mem® successful optimization problems using Swarm Intelligenc¥ia ACS
individuals in a permanent memory, assuming that the systé&nntschand Middendorf[23], applied population basedCO
can measure the environmental conditioRarfiseyand algorithms for tracking extrema in dynamic environments,
Grefenstette[54]). Other examples include a procedure bwhile others like Ramos Fernandesand Rosa [50,17,49)]
Trojanowski [64] where each individual is extended withdeveloped distributed pheromone laying over the dynamic
additional menory for a number of its ancestprsr via a environment itself, in order tdrack different peaksThey
variation of evolutionary elitism withinThermodynamical show that theselforganizedalgorithm is able to cope and
Genetic Algorithmg44,45,46 1 i.e., in every generation the quickly adapt to unforeseen situations even when over the
best individual is stored in the memory, and another individuame cooperative foraging period, the community is requested
is deleted from the memoryedending on its age and to deal with two different and contradictory pogeg(different
contribution to thisme mory popul at i on 0 sextrdnaycemparing tieir (esulés avihuthose drdPassinoet
as variance over bit positiongjinally, Branke[9] compared a al. [47] which developed @acterial Foraging Optimization
number of replacement strategies for inserting new individua#dgorithm (BFOA) for distributed optimization andcontrol.



Finally also viaACS Guntsch Middendorfand Schmeck22]  predict direction, time or, the severity of the next change given
developed anACO introducing local variance where neededthe changes encountered so far?
and a heuristic repair of solutioriEhey applied successfully
the novel algorithm for the combinatorial dynamic TSRV i Cycle lengh: This criterion measures how often the
(Travelling Salesman Problem optimum returs to previous locationsr at least gstclose to
Meanwhile via thePSO[33] approachCarlisle and Dozier them.
[2,3], adaptedit for dynamic environments. The process
consists of causing each particle in the swarm to reset §ince it seems difficult to measure some of these
record of its best position as the environment changes, to avolthracteristics, comparisons between different optimization
making direction and velocity decisions on the basis qfroblems may still be out of reacbut at least the above
outdated infomation. Thus, the authors explicitly discardcharacteristics can be varied on a single problem such that
memory from the standafdSQ and call itAdaptive PSOOn  their qualitative influence on a specific approach can be
the other handRarrott andLi [15] developed #SOmodel for examined §]. In our different experiments (section I11) we will
tracking a thregoeak multimodal environment. To achieveuse criterions of typeM (section 1l1A), type | (section I11.B)
this, a form of speciation allonyj development of parallel and of type Il (section 1lI.C), or with combinationwith the
subpopulations is used. The model employs a mechanismféomers.Moreover, in order to compare the relative abilities of
encourage simultaneous tracking of multiple peaks Hjifferent algorithmic approaches for -tine tracking of
preventing overcrowding at peak®&thers like Jansonand dynamic extrema,Angeline [1] suggested a number of
Middendorf[32], followed an hierarchical strategadjusting dynamical environments created from a single multi
the PSOaccordinglyand develojmg the first hierarchicaPSO dimensional function, referred to #se base functiotelow.
for dynamic problems. Dynamic environments were then obtained by translating the
Other authors likeAltshuler and Wagner[69], presented a base function along a number of distinct temporal trajectories
multi-agent system for a dynamic cleaning problem on the ar@f@. 1). This setup llows complete control of the dynamics
of Swarm CooperativeRobotics In order to find the inimal and generates simple yet nAmivial dynamic functions with
cleaning time possible for a givémontaminated shape, they know properties. Tests under this specific benchmark were
have designed the system in such a way that all the cleanRgfformed in section Ill. AAngeline[1] has made use of a
agents are controlled by a central unit (referred to as tRBMPIe convex parabolic function in tierelimensions, while
queen). Upon initialization, the queen is given the completd/® tested our algorithm over two complex multimodal
information regarding the contaminated shape to be cleandfctions, well know in evolutionary computation performance
While the agents are traveling along the grid, the queen qgaluatlon: _theAckIey(flg. 3) andSchafferF?_ functlons._The
immediately aware of any new information discovered by ty@ckleyfuncnon was used as our base function for sectioA Il

agents. The queens orders as to the next desired movemen 28l
the agents are alsonmediately transferred to the agents
which carry them our automatically.

B. Dynamism Characterization and Benchmarks
Branke and SchmecK8,10] suggested a number of criteria

along which dynamic environments could be categoriasd a)
well as tested. Since mangther authorson dynamic | . .
optimization and controlre following them, we will adopt t':r:g' t%é_‘f;i’:‘pff ?Kga?;?e ‘;Sﬁgt_g
. . . . . z j y uncti
themas \_/vell having in mind dlffe_rent comparison purposes over time in this study along wit
Four main aspectshould beconsidered. The firstwo are their projection onto thexfy)-plane
usually adopted: 7 . (grey); pictures and proposal fror
X ) ’ Angeline [1]. a) Linear dynamic
c : ; .
. . o . given by Eq. 1p) Circular dynamic
I Frequency of changd his crllterlon establishes how often given by Eq. 2: Inc) an example of
the environment changes (starting from very rare changes up to random dynamic using Gaussic

continuous change)A parameteruf (update frequengyis noise given by Eq.3.
introduced. If for instancaf = C, then at ever{ iterations(or

generations, in case Bf A Ptise landscap will suffer changes. As described byAngeline the temporal dynamicapplied to

the base function involve three distinct parametdysmamic

type step sizeandupdae frequencyDynamic type identifies

one of three distinct parameterized methods for translating the
Woase function. Severity is a parameter used as input to each of
the dynamics to determine the amount the base function is
displaced from its current positi. Finally, update frequency
determines the number of iterations (or generations) between
eachmovement of the base functiofingeline[1] tested three
di®erent dynamic types in his experiments: linear, circular and

Il T Severity of changélhis criterion establishes how strongly
the system is changingrom slight changes to completely ne
situations The severity paramet&will be defined later.

Il 7 Predictability of change The presentaspect gives a
notion if there is a pattern or trend in the changé&sat is,
depending on the problem at hands, it is somehow possible



random. Given a severity & the lirear dynamic updates the considered paradoxical observations: In an insect society

current offset for dimensiork, d e notyeas follows igulividuals work as if they were alone while their collective
(Eq.1) activities appear to be coomdted. The stimulation of the
workers by the very performances they have achieved is a
D =D, +S (1) significant one inducing accurate and adaptable response

(check applications in 5B351]). Keeping in mind these
which simply adds a constant displacement to the offset Gparacteristics we will present a stigmergic sefulated

each dimension equival ent tmpdeligackiesthe colectedaptation,of a,speialswariy o g ¢ -
On the other hand, the circular réymic is computed as dynamic trackingbased on real ant colony behaviors.
follows (Eq.2):

) 22046 Il. SELF-REGULATED SWARMS ; THE SRSALGORITHM
D, =D + S.Sina-)C—o k=13

As mentioned abovethe distribution of the pheromone
(2) represents the memory of thecent history of the swarrthis
k=2 social cogitive map) and in a sense it contains information
which the individual ants are unable to hold or trangb(j}.

wheret is the number of applications of the dynamic thus fa;l_'here is no direct communication between the uiegas but a

Equation 2 describes a trajectory that translates the b4¥ge Of indirect communication through theeromonafield.

function in a circular path through all three dimensions. The !N fact, ants areat allowed to have anlpcal memory and
equation is designed tode the values of the offsetevegy t € i ndividual 6s esticed itoalbcal k n o w
applications with the severity parameter determining the radiliformation about the whole colony pheromone density. In

of the circular pathFinally, for the random dynamic, randomorder to design this behaviour, one simple model was adopted

i
g
|- OO

D, =D, +S.co c

O

noise is added to the offset as follows (Eqg. 3): [12], and extended due to esfific condraints of the present
) proposal, in order to deal with 3D dynamic environmeAts.
D, =D, +SN(0)) (3)  described byChialvo and Millonas, the state of an individual

_ _ _ _ ant can be expressed by its positipand orientatiorg. Since
whereN(0,1) is a Gaussian randorariable with mean 0 and the response at a given time is assumed tmdependent of
variance 1. Here, the severity parameter determines i previous history of the individual, it is sigfent to specify
variance of the noise added to the base function ofgire 5 yransition probability from one place and orientatigg)(to
1 (from [1]) shows an example of a random trajectory,, o (,g) an insant later. Ina previous works by
generated by t_h|s dy“am"?’ our tests (s_ect|on i) we ka Millonas [42,43], transition rules weredlived ard generalized
made use of linear and circular dynamics (Eq.ughg the from noisy response functions, which in turn were found to
Ackley multimodal complex function(fig.3) as our base Y P ! .
function reproduce a number of experimental results with real ants. The

response function can effectively be slated into a twe

C. Our Proposal parameter transition rule between the cells by use of a
Many structures built by social insects are the outcome ofphieomone weighting functiofgq4):
process of selbrganization $0,49,51], in which therepeated
actions of the insects in the colony interact over time with the 8 s @ (4)

) . . - W(s):§+

changing physical environment to produce a characteristic end & 1+g
state P5]. A major mediating factor is stigmerg¥d], the

elicitation of specific enviromentchanging behaviors by éh 15 oquation measures the relative probabilities of moving

sensory effects of local environment changesdpeed by to a citer (in our context, to aell in the gridhabitaf) with

previous and past behavior of the whole community, . . . .
Stigmergy is a class of meatisms that mediate animahimal pheromone densitg(r). The parameteb is associated with

interactions through artifacts or via indirectnwaunication, the osmetropotaxic sensitivityyecognised bywilson [68] as

providing a kind of ewronmental synergy, information one of _tWO fundamental (_j'ﬁe_’ nt types _{iafta ant

gathered from work in progress, a distributed incrementB[C€SSIng. Osmotropotaxis is related to a kind of

learning and memory among the &y, In fact, the work instantneous pheromonal gradient following, while the other,

surface is not only where the constituent units meet each otképotaxis to a sequential method (though only therfer will

and interact, as it is precisely where a dymical cognitive map

could be formed, allowing for the embodiment of emergerllt _ , c , 1o o d
H H H . astlgmergle Sssal 0|nterpretat| sect es t

adaptl_ve memqry’ cooperative learning an.d petioe [50,49). Sociaux(1959), 6, 4183. The phrasing of hisintroduction to the term

Constituent !JnItS th only |e_am from th_e govment as they stigmergy is worth noting (translated to English25]): The coordinabn of

can change it over time. Its introduction in 1959 Brie-Paul tasks and the regulation of constructions do not depeinectlly on the

Grassé made it possible to explain what had been until themorkers, but on the constructions themsel¥é® worker does not direct his
work, but is guided by itlt is to this special form of stimulation that we give
1 the name Stigmergfstigma - wound from a pointed object, aretgon -
Grassé, P.P.: La reconstruction du nid et les coordinations- intexork, product of labor = stimulating product of labor)
individuelles cheBellicositermes natalesis et Cubitermes splLa théorie de




TABLE |
HIGH-LEVEL DESCRIPTION OFTHE SELF-REGULATED SWARM (SRS
ALGORITHM PROPOSED

/* Initialization */

For all antsdo
Placeantat randomly selected site
eanf=1.0

End For

/* Main loop */
For t = 1 totmaxdo
For all antsdo
/* According to Eqs.4 and 5 (section I1) */
Compute W({)) andPy
Move to a selected neighboring site not ggied by otheant
/* According to Eq. 6 (section I1) */
Increasepheromone?; at siter: P,= P+[A+p(qir]/qmax)]
/* Reproduction procedure (section II- A) */
Compute n, thenumber of occupied surrounding cells
If antmeetsant(i.e.,n2 1)then
Determine P” (n)
Compute reprodiction probabilityP” = P™ (n) [cd(r)/oqomax]
If realrandom [0, 1] <P’ then
Create oneantwith efanf|=1.0 and place it randomly on one of
the free cells surrounding the main parent atrsite
End If
End If
End For
Evaporate pheromone b¥, at all grid sites
For all antsdo
Decreaseantenergy:e[anfl=eanf- gqe
If fanf O Gherd
Kill thatant
End If
End For
Print location of all agents
Print pheromonaelistribution at all sites
End For

/* Values of parameters used in experimenty
k=13, h=0.07, b=3.52=0.2,qe=0.1,

p = 1.9,tmax= 1000r 400time steps.

/* Constant values*/

P"(0) =P"(8) =0,P™ (4) = 1,P" (5) =P" (3) =0.75,
P”(6) =P"(2)=0.5P"(7) =P" (1) = 0.25

/* Useful references?/

Check pbQ], [17], [49], [53] and [12].

be consideed in the present work as iad]). Also it can be

seen as a physiological invenseise parameter or gai

In practical terms, this parameter controls the degree 9
randomness with which each ant follows the gradient o
pheromone. Orthe other hand, 4/is the sensory capacity,

which des cr i bes t he fact
pheromone decreases somewhat at high cbrat®ns.

the difference in orientation for the previous diren at time
t-1. Since we use a neighbourhooduosed of the cell and its
eight neighbours} can take the discrete values 0 through 4,
and it is sufficient to assign a valwe for each of these
changes of dimgion. Chialvo et al, used the weights of =1
(same direction)w; =1/2,w, =1/4,w; =1/12 andw, =1/20 (U
turn). In addition coherent results were found fdr=0.07
(pheromone deposition ratéd;0.015 (pheromone evaporation
rate), b=3.5 (osmotropotaxic sensitivity) ang=0.2 (inverse

of sensorycapacity), where the emergence of well defined
networks of trails were possiblExcept when indicated, these
values will remain in the folleing test framework. As an
additional condition, eacdindividual leaves a constant amount

_ W(Si
" a- ‘/kW SJ‘ j (5)
T=h+p ol (6)
Dmax

h of pheromone at theell in which it is located at every time
stept. Simultaneously, the pheromone evaporates akrae,
the pheromonafield will contain information about past
movements of the organisms, but notitebily in the past,
since the fieldorgetsits distant history due to evaporation in a
time t @1/k. As in past workstoroidal boudary conditions
are imposed on the tate to remove, as far as possible any
boundary #ects (e.g. one ant going out of tigeid at the
southwest corner, will probably come in at the neetst
corner).

In order to achieve emergent araltocatalytic mass
behaviours aroundpecific extrema Icetions (e.g., peaks or
valleys) on the habitat instead of a constant pheromone
depodtion rate/7 used in 2], a term not constant is included.
This upgrade can siginifantly change the expected ant colony
cognitive map (pheromonal field). The strateghdws an idea
implemented earlier by Ramos [53], while extending the
Chialvomodel into digital image habitataiming to achieve a
collective perception of those images by the end product of
swarm interactionsThe main differences to théhialvo work
%that ants, now move on a 3D discrete grid, representing the

nctions which we aim to study (f&y3,4, section 1) instead
of a 2D habitat and the pheromone update takes in account

that nét %rﬁyhthe Bk p%esromo%é) élisltribuEio¥1 as'wRll ad Sohé ©

featuresof the cells aroundne ant. In here, thisadditional

In addition to the former equathn, fcherg IS a We'ghtmgerm should naturally beslated withspecific characteristics of
factorw(Lx), whereLyis the change in direction at eachéim qos around one ant, like their altitude alue or function
st(_ap, €. measures _the mﬂg“_'? of the ) dn_‘fe_rence N value at coordinatesy), having in mind our present aim. So,
orientation.As an additional condition, each individual Ieave%ur pheromonedepostion rate T, for a specific antat one
a constant amou-nm of pheromone at theell in which it is specific celli (at timet), should change to a dynamic valye (
located at every time stép _ is a constant 4.93) expressed by equati@ In this equation,

This phe_romone d_:z_iys at ez_if:_h time step a‘_raiek. Then, Prax= | Znax T Znin |, DEINGZnaxthe maximum altitude found by
the normalised transition poabilities on the lattice to go from o colony so far on the functidmabitat andzy, the lowest
cell kto celli are given by (Eq. 5[12]), where the notation altitude. The other termp{] is equivalent toif our aim is to

j/k indicates the sum over all tisairrounding cellg which are minimize any given landscapap[] = |z i zmay |, beingz the
in the local neighbatnood ofk. 3 measues the magnitude of b



current altitude of one ant at cellif on the contrary, our aim (Eq.7) of generating offspng 7 one child for each

is to maximize any givedynamiclandscape, then we should reproduction everit is canputed in two stepgsee table 1)
instead usemp[] = | z T znn |- Finally, notice that if our .

landscape is completely flagsults expected by thisxtended P =p" (n)_wg (7)
model will be equal to those found BhialvoandMillonasin EDrac

[7], since giil/Dnax equals to zero.n this case, this is

equivalent to say that only the swarm pheromonal field First, the surrounding area is inspected in order to see if it is
affecting each ant choices, and not #rironment i.e. the t00 crowded. Being the number of oampied cells around this
expected netwér of trails depends largely on the initial @nt, the probability to reprodud® is set to the values shown
random position of the colony, and tirail clusters formed in N table Il. Notice that: 1) an ant completely surrounded by
the initial configurations of pheromon®n the other hand, if Other ants, or isolatech8, n=0) do not reproduce; 2) the
this envirmmental term is added stableand emergent maximum probality is achieved when tharea that ant is half

configuration will appear whicks largely independent on the occupied §=4). After the probabiliP

initial conditions of the colonand becomes morand more TABLE Il
dependent on the ature of the current studieddynamic REPRODUCTION PROBABILTY P~ ACCORDING TO N MOORENEIGHBORS
landscapdtself. n Mooreneighbors Reproduction probabilitP™ (n)

As specified earlier, the environment plays an active role, in

conjunction with continuous sitive and negive feedbacks n=(r)]2r2:8 2'88
provided by the colony and their pheromone, in order to n=5orn=3 0.75
achieve a stable emergent pattesgcietal memory and n=6orn=2 0.50
distributed learning by the commity [50,53). n=rsom=1 0.25
A. Reproduction procedure is set to one of the previouglues, the final probabiyi is

In addition to the above advantageous charistics of computed according to Eq.With the help ofgdr) a n dmax @
Swarm Intelligence as the emergence of a societalSimilarly as in Eq.6). This operation guantees bat any ant
environmental memory or cognitive ma0[49] via collective reaching the higher/lowepeakévalleys has more chance to
pheromone laying in thdynamic landscapave hybridizedit ~Produce offspring (notice that one anttire higher/lowessite
with a simple evolutionary mechanism titatougha direct hasP =1 if n=4 and will reproduce for certain). If this ant
reproduction pocedure linked tosomelocal environmergl ~Passes the reproduction tgsable 1), then a new agent is

features is able to seleégulate the above exploratory Swarnpreated'\(l)cwpyifng one of h:; vagant bce"sil arour;;i tlhe main
population, speeding it up globallyihe full SRS strategy parent.Noneinfant ants areleowed to be allocateth places

adapted for dynamic extrema trackitigenfinally consists of where Ot.h er ants aréinally notlceth.at whenn=0 or r.‘—8.”°
using Swarms with Varying Pagation Size(SVPS) proposed re.pr.oc!wtltgn tak(teshplace and tEat hlgther/Iov(maX|m|zat|on/
and analyzeeéarlier byFernandesRamosandRosa[17]. minimization)antshave more chance to reptce.

This characteristic is achieved by allowing ants tosgpce  B. Shifting the Extrema- Past workresults

and die through their evolution in the landscapes. To l@ne of the features @warns with Varying Population Size
effective, the process of vaation must incorpor& some kind SVPS discussed in 1[7] was the ability to adapt to dden

of environmentapressure towards successful behawieatis, changes in the roughness of the landscape. These changes were
ants that reach peaks/valleys must have some kind of rewagfihulated by abruptly replacing one test functionampther
by staying alive for more generatioris generating more after the swarm reachetle desired regions d@he landscape.
offspring - or by simply having a higher poability of Another way of simulating changes in the environntemtsists
generang offspring at each time step. In addition, theon changing the task from minination to maximization (or
popuktion density in the area surrounding the parents must bge-versa). The swarm performance was convincing and
taken into account during aaroduction event. When one antreinforced the idea that the system is highly salale and

is created (during initialization or by the reproduction processexible.

a fixed energy &lue is assigned to igfanf = 1). Every time  Furthertests usingSVPSconcluded that vging population
step, the aumeasedby a coestay gmouns® dsize increases the capabilitf the swarm to react to changing
(usually0.). The antds probabil i tlandseabefld]Urigid2¢HolsS\ePhilyigg'to fidd the lowee st e
is propational to its energy during that same iteration, whiclalues ofPassino F1[47] until t=250, and then searching for
means that ar ten generation@vith ge = 0.1), this and other the higher valuesComparisons with fixed sized swarms and
ants will inevitably die lanf = 0). Within these settings one Bacterial Foraging Optimization Algorithm$BFOA [47])

ant that is, for instance, 7 iterations old, has a probability @fere made in49,50].

0.3 to suwvive through the current time step. Meanwhile, for

the reprodudon process, we assume the following hstigi

an ant (main parent) triggers a reproduction edace if it

finds at least another ant occupying one of its 8 surrounding

cells (Moore neighbshood is adopted). The probabiliy’
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For our specific tests we have made as¢he domainx,y
Y -2.0,2.0],}2.0,2.0] containing 16 valleysin order to
a) 3D view b) 2D view changet over time, we haveefined a target path line over our
7 " domain, from northwest-2,2) to southeast (2). Figure 3,
shows three typical minimal target poirt®ng this line A, B

£l

N . and C: A(-1.5;1.0),B(0.0;0.0) andC(1.0-1.5). To introduce
= fﬁ the dynamics into the problem, the base function minimal
it ‘t~_-2?'5';0v target point stats to move fromB, moving continuouslyto

southeast (passingG). Arriving at the southeast corner, the
target point then moves to the northwest corner (since our

1@ 3 : = habitatis toroidal), then passing, andB again,over and over

5 & again has times passes, B@veral specific test speedgote

E - S S — Z— R 4 that in equation 8a; definesthe pointcoordinatesvhere the
=300 t=320 t=500 Ackleyfunction has his minimatargetpoint, thus introducing

Fig. 2. SVPS evolving on a complex multimodal functiorseen ina-b) a more severe change than translation itself, since around that
[17,47,49]: the selforganized swarm emerges characteristic flocking 9 !

migration behavior between one deep valley (south region) and one ~ Minimal point all the functiorchanges differently depending
(north region), surpassing in intermediate stépEKey Mouseshapeatt = on where this minimal point precisely i$his collectionof

300) some local optima. Over each foraging step, the population : : :
regulates.From t=0 to t=250 the swarm is induced to search twest dynamicswhen used with the complex multimodtkleybase

valleys of the landscape. After250 the task changésrgetpeakmovesto
the north of the territojyand the swarm must find the higher values of o A S T B SR O s Uy
function. Check for etailed results anextendedanalysis in 17].

I1l.  DYNAMIC ENVIRONMENT T ESTBED AND RESULTS

In order to compare the relative behavior of our prese
SelfRegulated Swarm&RS approach foon-line tracking of
dynamic extremawe followed diverse kind oftest beds
reflecting different dynamism characterization and benchmar
describecearlierin section 1.B namely according tadynamic =0 at@()
type (section 1ll.A), severity and speed tegtectionlll.B), as
well as the application of the current setfjanized algorithm

to dynamicoptimal control problemg(section 1V). :
y \ ‘ J

A. Dynamic TypeTests : s :
Over this specific test bed,ymamic environments were i -

obtained by translating th&ckley complex multimodalbase , . :
function (fig.3_) anng a nymber (_)f distindinear and circular Zoin=0 at &)=0,0 (normal view) Zmin=0 at &y)=0,0 (from above)
temporal trajectories (fig). This setup allows complete il
control of the dynamics and generates simple yettricial
dynamic functions with know propertieShe Ackleyfunction
[14,28] (Eq.8) is consideredas a minimization problem.
Originally this problem was defined for two dimensions, bu
the problem has been generalized Nodimensions 62].
Formally, this problem can be described as finding a strir
x={Xy, X, 4}, under the domaiw; Y (-32.768, 32.768), - . :
that minimizes equatioB. In order to define an instance of Znin=0 at &y)=1-1.5 (normal view)  zmn=0 at &y)=1-1.5 (from above)
thls function we need t_O provide the dimension ofphﬂ)!em Fig. 3. The Ackley complex multimodalfunction seen from different
(in here,n=2). The optimum solution of the problem is the perspectives andwith respective global minimunZy=0 at A(-1.5;1.0),
vectoru = (0,...,0) withF(u)=0. We will apply it to several B(0.0;,0.0) andC(1.0:1.5), over the domainxy Y [-2.0,2.0],}2.0,2.0]
swarm dynamic tests extending past analysis [50,17]. containing 16 valleys.

1.5,1 (normal view)  zyi=0 at &,y)=-1.5,1 (from above)
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function has a number of nice features for testing tt
performance of selidaptive algorithmic optimization. The
linear dynamic will always move away from the position tha
the population igonverging towards with the speed parameter
determining how quickly it moves awa¥he SRSalgorithm
was then tested fordifferent test speeds: v=0 (static
environment) v=0.5,v=1, v=1.5,v=2, v=3, v=5 andv=10. In
order to have an idea of the severity of this pataméor
instanceat v=2, the targetvalley is traveling to southea&t
habitatcells at eacht time step startingn the B(0.0;0.0) mid-
point, while eachSRSant can only move one cell for each time
stept. SRSparameter values were the usual ones asanefi

in table 1, section II.

Figure 4 showsSRSagents spaetme distribution (ec) and
their pheromone distribution ¢d) for v=0 (ab) (the target
valley is constantly aB=(0;0)) andfor v=0.5 (c-d) (the valley
is traveling to southeasnecell at eah two time stejg starting
at the B mid-point), for several time steps1,5,10,15,20,
30,50,70 and 100n (b-d) black pixels show where each ant
agent is placed in the environment at a precise time step,
startinginitially by a random distribution a£0. On the other
hand, heromone distributiomepresents the societal memory
and the recent history of the swar(oonsidered ashis
emergentsocial cognitive map 12,4950])), and in a sense it
contains distributed informatioembeddedwithin the dynamic
emvronment itself. This pheromone distribution is represented
in grey levels, i.e., points in space with higher levels of
pheromoneare represented bglarker pixels.The mapping
from the amount of pheromone at each cell and its
correspondent gray level Imear and coded in 8 bit images
(i.e., 256 gray levels). Figures 5, 6 and 7 sh8R&results for
speedsv=1, v=1.5, v=2, v=3, v=5 andv=10. These tests and
respective figures show that for low values of dynamic
environment speed/£0, v=0.5, v=1 andv=2), the swarm can
consistently track the target extrema while he moves through
the entire space. This is perfectly visible for speed3 and
v=0.5 (fig.4) where the target remains moving to the southeas§. 4. SRS agents spatime distribution §-c) and pheromone distributior
corner over his 100 time steps run. As the targetamdhe (b-d) for v=0 (a-b) (the valley $ constantly aB=[0.0;0.0]) andfor v=0.5(c-
swarm as a whole keeps following and converging to i) FIE YRS AT 8 SRR R a0 S0t
simultaneously selfegulating his population, i.e., downsizingng 100.
it. At the same time, the whole swarm emerges a strong
pheromone concentration at the right location of the targél/hen after some time steps the targetagured again the 2
increasing th concentration as times passes. #ot and clouds of agents congregate in one big cluster, and the chase
v=1.5 however, due to speed, the target passes once atabetinues with good tracking results. Somehow this emergent
southeast corner and reappears=&0, 40 respectively for short path strategy is followed by the swarm, splitting in
v=1, 1.5, at the northwest corner. In here, the swarm asdéferent clouds when needed for test speeds equat2mr
whole evolves a different globélehavior. Fov=1 andt=50 above that value (figs. 6,7). For dramatic values of speed
(fig.5), the swarm quickly adopts a short path (movinglowever ¢=5), the swarm is constantly and properly following
northeast) instead of moving ahead to northwastere the the target but due to the value of severe speed, he is loosing
target is), taking profit of the toroidal habitat. The same is trube run.In order to overcame this lack of control the swarm
for v=1.5 and fort=40, whereas in here the swasplits into itself seltregulates its population, and for dramatic speed tests
two different clouds or clusters, one with the above short paf v=10 (fig.7c) or above, he explodes its population, trying to
strategy, while the other moving directly to it, followingcollect much spatial information as possititegure 8 can help
backwards the linear patN\VY SB of the target dynamic.  us understand more profoundly the swarm behavior facing

these diffeent speeds. Fig. 8 {Irow) shows the population
size as time passes.

a) v=0 b) v=0 c)v=0.5 d) v=0.5



