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I. INTRODUCTION This paper describes how taking a broad view of

. information processing within distributed biological sys

Robot systems have been modeladanimals, have P g wi I g Y
Items results a set of design guidelines that have a very

been modeldor animals, and have served as mOdeéifferent flavor to those that result from microscopic

of animals[12]. Among the most notable examplesexamination of biological systems. The intention is to

particularly in the third category, are robotic swarms S . .
e . o use macroscopic insights in a constructive sense rather
consisting of several simple robots that exhibit com; . A .
. ) L . . than simply as loose inspiration. To do so one requires a
plex collective behavior despite simple local interaction o . L
method for synthesizing predictable behavior in swarm
(e.g. Kube [5], Beckers et al. [2], Holland and Mel- . T .
huish [4]). In such cases, robots are tools with whic obot systems. The following section is an overview
' T . of the beginnings of one such method currently under
to explore the nontrivial relationship between behavig . )
evelopment. The remainder of this paper shows that

at the level of the individual (microscopic detail) an . v Tomiem e .
. despite the method’s limitations, it can reproduce a form
that produced through the aggregate actions of each . . . . .
L : . - Ot distributed computation found in nature.
robot within the group (macroscopic behavior). With

increasing robot swarm size, the distinction between Il. SYNTHESIS METHODOLOGY

spatio-temporal behavior at these two levels becomeswe propose aompositional approaclin which the
Idnecsrifilsluinogrz ;:'eszxag(ij[ezotgse?gﬁ?gﬁ’msﬁ?ar:zzlt"scagementary components are simple distributed processes
R bp i P ; 9 I i pd b b'l | that use local communication. These processes are cou-
. to otic s_\:c\_/arms grel yplc‘?hy guided by IIO Olgypled together to produce robot controllers. The key
N WO Specitic ways. (1) at the MICTroScopic 1eVEI—4a7 s that macroscopic predictions of the elementary
hypothes!zed af‘d \{veII understood mechamsms PrOVififhcesses can be used guide controller design. The
c_onstr_uctlve gwdellnes, design .constralnts, and so fitention is produce controllers in an incremental fashion
times interaction rules for robots; (2) at the macroscopu:sing macroscopic predictions at each step. The micro-
level—observations of natural collective behavior sugz = . predictions rely on the processes themselves

gest_po;entlal ltasks andd problem_ domlams a? Wetl)l ving a mixing property (more formally ergodic dynam-
metrics for evaluation and comparison. Most often o? s) which permits construction of a time-independent

micro- and macroscopic insights operate concomitanty, equilibrium characterization. This characterizatien i

thz ttV_V‘_’ tcoThpIerlnentlmg ;acdh ?the;'_ a|_f1d prowdmlg g;foarse-grained to give a macroscopic description. Pro-
roboticist with a focal method ot achieving Some globgyggeg 5re coupled at different time-scales in a manner

!oe_havior% When.a vyell understood st_ructure OF PTOCeSp 5t preserves equilibrium. These two assumptions, er-
is implemented in simulation or physical hardware, th odicity and a “slow” coupling, limit the generality of

knowledge is used to guide the design of the result He method but they also permit a degree of controller

s¥stem ![n at_congtru_ctrll\{e sens;eh. To datﬁ:- thfe V‘?‘St majo_rﬂyediction. We view the predictions as primarily qualita-
of constructive InSIgnts are the Tesult of MICroSCopify o g are satisfied to the point of considering further
observation. This is likely a consequence of the dear

D . : ~modeling simplifications. As of now, the limits that the
of methods for achieving predictable collective behav'%[ssumptions have on the generality of the approach is
during the design time.

poorly understood.

1 . , Focusing only on processes for which analysis has
However, this need not necessarily be the case as therevamalse . . L.
researchers who perform tasks inspired by nature, e.qgifgg10], Successfully prodgced a s_wtable characterization limits
without using biologically plausible methods. the number of options available to the programmer, but
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mechanism (the position of the pheromone directly rather
ey than symbolically represents a path choice), or the ef-
fects of diffusion (to propagate and smooth the route
o voting represented by the pheromone markers). Whereas
(a) Controller structure. (b) Example of swarm o250 simulated symmetry breaking is an_atomlc operation, thes_e aspects
robots switching foraging strategies. ~ are features and convenient but are not essential from a
computational point of view.
Fig. 1. Symmetry-breaking by employing ergodic interautioles. Thus, at a high level of abstraction, the biological
system suggests that a multi-robot system should have
a symmetry breaking procedure, and that this procedure
the framework permits the sequential generate-and-tesin be used for collective decision making. We have
method widely used to be sped up or eliminated alt@et out to demonstrate this capability from within the
gether. Current work has employed the analytical tools synthesis methodology described above. The robots ex-
study the computational aspects of the controller rathecute two processes, each of which is analyzed inde-
than spatial properties of the swarm itself. Particulgzendently but coupled to achieve a symmetry-breaking
random or dynamic spatial coverage behaviors coufthase-transition. The resultant behavior is then used to
be analyzed in a similar manner. Also, the approadwitch tasks during a simulation in whi@50 robots are
stresses a perspective in which complexity is achievedfataging. See the figure 1.
the macro-level rather than through adding increasingly The view that symmetry-breaking is a fundamental
complex local rules. It remains an open question as tmordination primitive is also supported by the fact that
what levels of complexity can be achieved through ants make use of operation for other tasks too, e.g., in
predominantly macroscopic viewpoint. colony relocation [8].

Time (s)

Ill. EXAMPLE: SYMMETRY-BREAKING IV. EXAMPLE: DIVISION OF LABOR

Pheromone trail laying and following by ants is The same synthesis method can be used to reproduce
the single entomological phenomena that most stimanother form of collective decision making: ant-inspired
lated computer science and robotic research in recgmbportional division of labor. Task allocation is possibl
years. Research ranges from robots that lay phy$inough reuse of one of the processes developed for
cal chemical trails[9], to those that share trails in aymmetry breaking. The process requires that each robot
shared virtual space[11], to placement of computationghss some portion of its observations to a random
devices within the environment and generalization toeeighbor. Executing the process on each robot results
“pheromone robotics”[7]. Each of these examples irin the diffusion of information through the system.
volves extracting an aspect of the microscopic mecha-This was used in a multi-robot foraging scenario
nism employed by real ants, but various authors chooise which robots forage one of two types puck. Each
to consider these aspects increasing levels of abstractiozbot could occasionally switch foraging type but at

In the case of pheromone trails, early observatiom®me cost. Robots randomly encounter either type puck,
suggested that the dynamics of trails themselves servettiaking observations of each type in proportion with
optimize the route length. Dorigo et al. [3] generalizethe puck distribution. These observations are smoothed
the procedure in order to perform distributed optimizaby the dynamics of the two processes. Low probability
tion of problems beyond spatial routing. The essentiabservations (e.g., observing ten types of minority puck)
computational aspects at the macroscopic level were sate averaged out over the entire group of robots. Each
cessfully isolated and reproduced. The preceding robotimbot makes a local decision as to which type of puck
examples show biological insight at the algorithmito forage. The result is a group of robots that adapts
and implementation levels [6], but ultimately the entir¢he division of labor in proportion to the distribution of
process is driven by insight at the computational leveltasks. Figure 2 shows the result of simulations it

Trail laying results in distributed optimization becauseobots.
positive feedback is able to pick one route from several
candidates. Elimination is achieved through a mechkurther examples of macroscopic information processing
nism that performs biased symmetry breaking. This that are exhibited by natural systems include meta-
the elementary information processing procedure thsiiable states, hysteresis and transitions between stable
the pheromone trials enable. In physical pheromoneguilibria in relatively rapid phase-transitions. Each of
there remain other aspects such as a spatial indexithgse has potential for robot swarms.
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gives the proportion of tasks (for the broken line), and tivisibn of
robots among tasks (the solid lines).
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V. CONCLUSION

Although the synthesis methodology employed is not
biologically inspired (there is similarity with Ashby’s
notions of equilibrium[1]), we believe that high-level
information processing descriptions of the computational
capabilities of natural systems can inform swarm design
within the methodology. Specifically, nature provides
examples of capabilities that agents ought collectively to
have. It suggests essential problems in which to test the
limitations of a synthesis method. It is also conceivable
that, with enough biological study, one could argue
a sense of (non-formal) completeness of a particular
synthesis method if it is sufficiently general to produce
known biological distributed information processing.

By emphasizing macroscopic structures instead of the
details pertaining to implementation, we hope that nature
can provide insight for robot system programming in the
form of general computational primitives.
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