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Abstract| This pap er describ es the application of a
swarm engineering metho dology known as the Hamil-
tonian method of swarm design to the articial physics
problem. We demonstrate how to use this metho dol-
ogy to create swarms of predened global prop erties
by applying it to the basic articial physics problem
whic h creates locally hexagonal grids of agents, but
fails to generate global hexagons. A condition for
global hexagonal structure is deriv ed, and two meth-
ods are describ ed whic h accomplish this goal. Neither
metho d requires global information.
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1 Intro duction

Since the mid 1980's, scientists have been investigating
swarms of agerts [1, 3, 5, 6]. Swarms, or bidirectionally
communicating groupsof agerts, have beenof interest for
a number of reasons. Peoplehave studied ememgene, or
the ability of the agerts to a ect a property of their sys-
tem despite being unaware of that property, extensiwely.
This is thought to be one of the most intriguing qualities
of swarms, sincethe e ect tends to occur without care-
ful planning or analysis, but can be fascinating and quite
useful. Someswarms have other advantageousproperties
including fault tolerance, the ability to concerirate re-
sourcesdynamically, and the ability to changethe group
behavior despite being unaware of that behavior.

One of the approachesto generating these emergen be-
haviors is arti cial physics[1, 7, 8, 9]. Articial physics
(AP) is a control mechanism for a group of agerts intro-
duced by Spears[8]. The basic idea behind the method-
ology is that simple force laws \b orrowed" from physics
can be usedto control the movemen of simple agerts
in a decernralized group. Since physical force laws are
simple vector equations of distances and \charge”, the
implemenrtation of such laws is remarkably simple, as is
the gathering of the information required to implement
theselaws on real, physical platforms. Agents needonly
be able to determine the distance and direction from any
of the other agerts, and the appropriate behavior can be
calculated asthough the agert itself werea \particle" re-
acting accordingto thesephysical force laws. Self-repair,
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self-organization, fault-tolerance are expected to result
from the application of this framework. Moreover, small
changesto abasicAP systemcanresult in complexglobal
behavior using only simple cortrols and primitiv e sensors.
Since the method is not built with a speci ¢ group size
in mind, it can be applied to groups of any size without

changeto any cortrol algorithms.

The main problem with this control medanism is that
there is an apparent disconnectbetweenthe global vari-
ablesgoverning the desiredglobal outcome and the local
behaviors of the agerts. In any complex system, the goal
of the systemis to generatea predetermined global out-
come; this requirement forms the starting point for any
complex systemengineering. Howewer, it hasbeenshownn
elsewherehat systemsbuilt from very simple subsystems
can generate unpredictable global outcomes with wild
changesin global variable as a result of small changesto
the interactions betweenthe individual pieces[12]. The
di culties in generatingpre-speci ed global propertiesin
swarms of agerts governed by the machinery of arti cial
physics derives from just this property of complex sys-
tems: it is relatively simple to designthe local structures,
but dicult to generateglobal structures from these lo-
cal structures. Without somemachinery built in which
ensuresthe global properties are designedproperly, it is
unlikely that any local designwill correctly generatethe
desired global properties the rst time it is created.

Someresearders have tackled the problem of generating
global structures[1], 8, 4, 10]. Wineld et al. seemto
focus on generating an understanding of what some of
the emergen properties of a constructed systemwill be.
Howevwer, it is not clear that this generalizesto generat-
ing behaviors oncethe desired global behavior has been
decidedon. While Spears'intent was to use completely
autonomous agerts, it was necessaryfor him to use an
ordering to generatethe global structure. This ordering,
however, might be viewed as global information.

In this paper, we apply a methodology termed a middle-
meeting methadology[5] to an arti cial physics system
consisting of simple agerts that locally arrange them-
selwes into a hexagonal lattice. The middle meeting
methodology has aspects of top-down design as well as
aspects of bottom-up designand requiresboth to be ap-
plied in order to generate a global design. While this
method is not optimal in the sensethat there is a readily
applicable algorithm for generating local behaviors once



the global goal hasbeendecidedupon, it is an important
rst step in generating provable global properties. Our
theoretical results are applied to a swarm of simulated
agerts. Weobsenethat the simulated agerts perform the
desiredtask of arranging themselwesin a large hexagon,
a result previously unattainable using the basic arti cial
physics system.

The remainder of the paper is organized as follows. The
middle meeting methodology will be applied to an AP
problem in section 2. This application will generatelo-
cal behaviors of the individual agerts. In section 3, we
employ these behaviors on a simulated swarm of two-
dimensional autonomousagerts. Section4 concludesthe
paper with a discussionof the relevant issues.

2 Swarm engineering articial
systems

physics

In this section,we usethe swarm engineeringapproac to
explore the hexagonalcon guration problem. This prob-
lem certers around the correct placemen of agerts in a
hexagonalgrid. In order to create a hexagonalgrid, eac
agert must take its placein a larger hexagonally shaped
structure. The task hasbeenaccomplishedpreviously [7]
by Spearsand colleagues. However, to date, no method
hasyet emergedthat allows the global task to be accom-
plised without explicit global information.

This section begins with an investigation of the way in
which microscopic hexagonal lattices may be built up
from an originally randomly organized group of agerts.
These microscopic hexagonallattices must then be com-
bined in such a way asto produce a macroscopichexago-
nal lattice. We assumethat the agerts are capable of lo-
cal sensingand carrying out moderate computation. The
theory behind the systemdemonstratesthat the nal so-
lution is the desired macro-hexagonalstate.

Application of this theory in real, physical systemsshould
be direct. In order to make that happen, the agerts
should be restricted to actions, computations, etc. that
could realistically occur on a mobile platform and with
real local sensors. We restrict ourselvesto sensorsand
actions that are realistic in terms of the actuators and
sensorscommonly available or likely to be available in
the near future. Where reasonable,if preceders exist
in the literature, we will omit the details of somegroup
behaviors that we can reasonablyassumecan be donein
tandem with the actions we are developing here.

In accordancewith the middle-meeting methodology de-
scribedin [5], we beginby rst creating a global property
using local agen-level properties. Once this has been
built sothat the desired global structure occurs when a
speci ¢ unique value of the global property occurs, we
cortinue by generatinglocal behaviors that will yield the
desired global property.

2.1 Micro-theory

The rst stepis to list the various sensory capabilities
of the agerts. We assumethat ead agert is capable of
measuringthe distance from itself to any of its neighbors.
That is, eadh agert i hasaccesgo a measuremenwe label
asd; which indicates the distance betweenagerts i and
j . Note that ead d; can be calculated as
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It is interesting to note that in the following derivations,
no other individual measuremet is required to generate
the micro and macro behaviors of the swarm. As a re-
sult, the agerts need have no other sensorycapabilities.
We also note that the distancesare two-dimensional dis-
tances, indicating the tacit assumption that our agerts
are constrainedto a two-dimensionalsurface. Suc a lim-
itation might be reasonablefor a swarm constrained to
act on the ground, or airborne swarms limited to a par-
ticular altitude by designor behavior.

In order to generate the hexagon, agerts that are too
closeto one another must move away from ead other,
and thosethat are far away from one another must move
closer to one another. As with the original arti cial

physicsstudies, we adopt the convertion that the actions
of the agerts will be calculated and then implemented
as though external forces are at work on the agents l.e.,
we assumethat ead agert senseghe distancesto eat
of the other agerts within sensoryrange. Then, using
this data, the agert calculates what the next move will
be. The implemertation is carried out by activating the
agert's actuators, which simulate the e ect one might
expect if the motion camefrom a real physical system.

Using this micro-measuremerm, we now proceedto con-
struct a global property. The global property is a prop-
erty which has a well-de ned and unique value when the
desiredglobal structure is achieved. Moreover, that value
is not capable of being achieved in any other con gura-
tion. Generating that value, then, is a matter of under-
taking behaviors that produce this value. The need for
local properties derives from the requiremert that the
value be attainable using behaviors that are achievable
by the individual agerts.

We begin by de ning a function known asthe force func-
tion, G. This function determinesthe virtual force cased
by the proximity of two agerts. Too close, and the
force will be strongly repulsive; too far, and it will be
attractiv e[9. G is de ned as

Gy t> Dy

G(t)= G, t< Dy

(2)

When many agerts are involved, the e Ect of all the
agerts is cumulative. A single agert behaves as though



it is reacting to the net force
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The force equation de nes the way in which the individ-
ual agert will behave at the microscopiclevel. However,
we don't yet know whether or not this will lead to the
desiredglobal state { that of a single macroscopichexag-
onal structure. We useforceto derivethe global property
enemy, as
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Energy measureghe total energyrequiredto moveall in-
dividuals from their current positionsto their equilibrium
positions. It decreasesas the system gets more perfect
(stable) and increasesasthe systemgetslessperfect (un-
stable). Our goal is to achieve the smallest value of E
possible,becauseE at its lowest value producesthe most
stable hexagonallattice possible. We defer the proof of
this fact for a later section of the paper.

In the following discussions,we approximate the force
function as
G(t) =
n 0
kIlilm G+ (G2 Gjp) arctan[k(t Do)l + > : (5)
Note that whenk ! 1, the function hasthe samebe-
havior asthat given abovein (2).

In order for the system, which is likely to be in a ran-
dom initial state, to cortinually ewolve to a minimal en-
ergy, the time-derivativ e of the energy must be negative.
Therefore, we begin by computing the time derivative
and work badkward to the condition that eadh member
of the swarm must adhere to to make the global task

occur. Accordingly,
11
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We canignore the secondterm, asit is always zeroexcept
whenjki §<jj = Dg. This correspondsto a physical sit-
uation that will not generally occur and cannot be stable.
As a result, we focus exclusively on the rst term.

We have noted that the energy is positive de nite and
that the minimal energy is the desired state. Thus, we
are seardiing for all casesin which the rst term of (6)
is negative. This indicates that the systemenergyis de-
creasingwhich is what we want it to do.

There are two casesleading to a negative value for the
rst term. First, if Dj < Do, G will be negative if

X+ yo£ > 0. This will happenif the two agerts
are moving further away from one another. As a result,
two agerts that are too closeto one another must move
away from one another. On the other hand, if Dj > Dy
then x*+ y4% < 0. This meansthat agerts that
are too far apart must start coming closer to one an-
other. Combining these two behaviors necessarilypro-
duces a behavior that makesthe energy in the system
non-increasing.

Despite the fact that the energy is non-decreasing,it is
still possiblefor the agerts to be in a stable, low energy
lattice that is not a perfect hexagon. This is becausethe
energyof the local hexagonis very low and the agerts are
very stablein their current positions. Although the global
energy is smallest when perfect hexagonis achieved, the
stable lattices do not changebecausethe energyrequired
to move the misplaced agerts out of their equilibrium

positions is greater than the immediate di erence in the
global energy In order to achieve the perfect hexagon,
the lattice needsto be shakento give the lattice the edge
to move the misplaced agerts out of their equilibrium.

Once those misplacedagerts are out of their equilibrium

positions, they haveto gobadk to a stable position. They
can either go badk to the original equilibrium position or
they can nd a new equilibrium position that is more
stable than the original equilibrium position.

This analysis has begun with the creation of a property
called energy This property has the requiremert that

the speci ¢ numerical value we are trying to achieve may
only be attained with a unique systemcon guration. The

fact that the systemis non-degeneraten this sensemeans
that oncethe speci ¢ valueis achieved, the desiredsystem
con guration will be achieved.

The rst step in generating behaviors has also been
achieved in this subsection. In order to generatea hexag-
onal lattice, we must rst generate hexagonal sublat-
tices. This can be accomplishedby placing ead individ-
ual agert at a speci ¢ distance from any of its neighbors.
We've generateda method of achieving this utilizing an
analysis of our energy property. This has generated a

- very general method which may be applied in a variety

of ways to individual agerts.

The next two subsectionswill deal with the question of
the minimal energycon guration of the larger lattice and
with the methods of moving the ertire lattice into an
energycon guration which is closerto this global energy
con guration.

2.2 Lowest Energy Con guration

In previous sections, we have assumedthat the lowest
energycon guration of the lattice wasa perfect hexagon.



We prove this fact using a simple geometrical argumert.

In the lattice, the minimum distancesbetweenead pair
will always be greater than the equilibrium distance due
to the high repulsion coe cien t:

G t> Dy

GM=" 3006 t< D,

()
Sud high repulsion coe cien t of G makesit energetically
impossiblefor any agert to getcloserthan the equilibrium
distance other than transiently. Distance error, de ned
asj(Do Dj)j, is zeroonly when the pair are at their
equilibrium distance. As a result, the only instancesthat
the distance error from a pair of agerts is nonzero are
when the pair are further away from one another than
the equilibrium distance. Energy of a pair is given by

X)) (Do (8)

Accordingly, the energy is always equal to the sum of
all the energythat comesfrom two agerts that are more
than the equilibrium distance apart:

X!

Eexcess = Gatr action (Do
i6]

E = (G(x Dj);

Dj ) %)

The main factors in calculating energythen, are the num-
ber of pairs that are more than the equilibrium distance
apart and the magnitude of the distance. In hexago-
nal lattices, all six sidesare completely symmetric. This
symmetry minimizes the number of pairs of agerts whose
distancesapart are greater than the equilibrium distance.
Moreover, any agert moved out of this con guration will

increasethe sum of the distancesbetweenit and all other
agerts, thereby increasingthe overall energy Therefore,
the lowest energy con guration will be the completely
symmetric, perfect hexagonallattice, as any other con-
guration will have a larger total distance error.

We have proved the following theorem.

Theorem 2.1 The macrosmpic state of the lattice of
agents which minimizes the enemgy is the large hexago-
nal state.

2.3 Transitioning between minima

What we've demonstrated in the preceding subsections
is that we can create a property and use this property

to motivate a class of behaviors, all of which are guar-
anteed to causethe desired global property. Moreover,
we've demonstrated that this system has a unique mini-

mal value to this property, and that minimal value occurs
at the systemcon guration we're after in this system. As

aresult, minimizing the property generatesa systemwith

the desired con guration.

Figure 2.1: This gure illustrates a single
translation of the agerts in our system dur-
ing which an outlier inserts itself between two
agerts, forcing two other agerts to move left,
and reducing the overall systemenergy At the
sametime, four of the agerts at the bottom right
of the group translate down in an energy-neutral
shift.

Now, we turn to the di cult task of correcting the initial
con guration. As depicted in Figure 2.1, the actual con-
guration of the lattice of agerts can be di erent from
the desired con guration when the energyis minimized.

We implemented this theory to move the misplaced
agerts out of their temporary equilibrium positions and
into their true equilibrium positions. The lattice as a
whole movesin a hexagonalcourse, providing shocks at
ead turn. This givesthe agerts enoughdi erence in en-
ergy to move out and possibly nd a equilibrium position
with even lower energy This idea nds its roots in simu-
lated annealing, which nds the incorrect elemen of the
set and changesit, instead of replacing the whole set.
With decreasingenergyfunction and implemented move-
mernts, the lattice will always achieve a perfect hexagon.

3 Simulation

In this section, we apply two swarm control methods de-
rived from our understanding of the problem outlined in
section2 to avirtual swarm using a two dimensional sim-
ulation. We begin by describing the simulation, focusing
on the elemerts of the simulation which should make the
cortrol approades easily useful to real robot platforms.
Next we describe, in turn, two di erent solutions to the
cortrol problem givenin section 2.

3.1 Description of the simulation

Our simulation is basedon the arti cial physics simula-
tions of Spearset al. [8]. Brie y, that simulation focused
on generatingagert control using analogsof radial physi-
cal laws such asthe law of gravity or electrostatics. Indi-
vidual agents are represeried aspoints and are capableof
moving within the two-dimensionalplane that makesup
their ervironment. Each agen is assumedto have sen-
sors capable of determining the distancesand directions
to its nearestneighbors. These distancesand directions



are then usedto generatemotion vectors. By utilizing a
force function similar to that given in section 2, Spears
and his collegueswere able to have the individual agerts
arrange themselesin a locally hexagonallattice.

Our simulation is essetially identical to theirs. All

agerts are represerted as points and are capableof move-
ment within atwo-dimensionalplane, which is their envi-

ronment. Agents are assumedto be equipped with direc-
tional sensorawhich provide them with rangeand bearing
to other agents. Each agert is assumedto have actuators
which allow them to move, stop on a dime, and turn in
place; inertia is not consideredto be much of a consider-
ation.

Processors

Actuators

Sensors

Figure 3.1: This gure illustrates the data
pathway of the agerts in our system. All agerts
arereactive, and sodata erters through the sen-
sors, is processedlirectly in the processorsand
is translated to actuator commands. No mem-
ory is utilized in the control of theseagerts.

Figure 3.1 illustrates the data pathway of the agers. In
our system, all agerts are reactive; memory is not re-
quired or utilized in cortrol algorithms. Thus, all sensory
data is directly processedand translated to actuator com-
mandsin the sameway that the original arti cial physics
simulations were. As a result, reaction times can be ex-
ceedinglyhigh. However, no special hardware is assumed
here, and so moderate timescaleseasily implemented on
real agerts may be usedfor real robotic implementations.

As indicated in section 2, the basic behavior is nearly
identical to the original behavior. This quickly changes
a randomly organizedgroup of agerts to a relatively well
ordered group of agerts whose energy value is signi -

cartly lower than the original energy level. Howewer, it

alone is incapable of generating a perfect hexagonallat-

tice, and sothe perturbations describedin section2 must
be applied. The basic behavior and energy minimization

is illustrated in Figure 3.2.

Figure 3.2: Basic articial physics behavior
producesa semi-orderedlattice from a random
lattice quickly. As expected, the energy de-
creasesquickly. Howewer, when the energy lev-
elso, the systemis caugh in a higher energy
state than the absolute minimum state.

We already noted that the basic behavior could be aug-
mented by adding behaviors that encouraged energy-
requiring transitions betweenminimal energy states. We
shall seetwo di erent methods of achieving this in the
next two subsections. Note, that in both cases,the re-
quirement of energyincreaseis a guiding factor.

3.2 Behavioral addendum 1

It is clear from the form of the G function that increas-
ing the energy of the system entails utilizing a behavior
that either movesthe agerts toward oneanother or moves
them away from one another. As aresult, we now look at
methods of moving agerts in such a way that they will in-
creasethe system'senergy but alsosomehav accomplish
the translations discussedin section 2.

An important assumptionis that the agerts have the ca-
pability to synchronize their actions. Others have shovn
[2] that relatively simple behaviors may be utilized to
obtain decernralized synchronization of agerts. We as-
sumethat our agerts have this added ability for the rst

solution.
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Figure 3.3: Moving a group of agerts left, as
shown, createsa "drag" onthe outer agerts who
have no surrounding agerts to "push" them for-
ward if they are left behind during an imper-
fectly synchronized turn. As a result, the outer
agerts' energy levels may be increasedenough
to shift.

We alsonote, asdepicted in Figure 3.3, that when agerts

move in tandem and nearly perfect synchrony, the ini-

tial movemen tends to create temporary movemens of
outer agernts. This increasesthe outer agerts' energies
su cien tly to create a shift in agerts asthe entire group
movesin a single direction.

As we've noted, it is possible to generate a hexagon
through energy reducing shifts occurring in the group
of agerts, bringing agerns to more perfect positions and
lowering the overall energy However, in order to do this,
one must move the group in such a way that the shifts
happen along the outer edgesof the large hexagonthat
is to be formed. Thus, the group movemers must be
aligned with the edgesof the large hexagon. As a re-
sult, the group of agerts must execute movemens that
are hexagonal, and this will both maintain the interior
of the group's organization and e ect movemerts of the
outlying agerts, sincetheseshifts require a small amourt
of energy

Figure 3.4: This set of imagesillustrates the
"drifting" behavior which accomplishesthe en-
ergy increase of the group of agerts and the
shifting of the outermost agerts. As canbeseen,
this results, after seweral cycles,if necessaryin
the completion of the hexagonalstructure.

We implemernt this behavior, asillustrated in Figure 3.4.
As can be seen,the motions of the group move the group
over a rather wide area. During these motions, the out-
ermost agens shift, while the innermost agerts stay in
formation. At the completion of sometimesseweral cy-
cles, the agerts take on a very stable formation which
does not support further shifts. This formation is the
hexagonalformation, and is the only one which doesnot
allow shifts.

It is interesting to examine the graph of energy versus
time as the system settles into its lowest energy state.
As the systemshifts into a new state, though momertary
variation cortinues, the baseenergytends to step down
until it reachesa minimal value. This is illustrated in
Figure 3.5.
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Figure 3.5: The energyof acon guration steps
down as the con guration becomesmore per-
fect. The energy con guration completes this
step-dovn pattern when the desired state is
reached.

The main drawbadk to this method is that the ertire
group must have an added layer of complexity asit ex-
ecutesthe drifting behavior in tandem. Moreover, this
behavior requires space,and the group may not be de-
ployed until the behavior is complete. We have not ex-
plicitly built a behavior into the systemwhich allows the
agerts to detect whenthey arein alarge hexagon,asthis
added ability is beyond the scope of this study.

The next subsectionexaminesa behavior that does not
require the spaceof this method.

3.3 Behavioral addendum 2

As we saw in the section2.2,it is possibleto create group
behaviors which accomplish the shifting of the agerts
using behaviors that increasethe energy of the system.
However, the rst method had a few drawbacdks that are
dicult to ervision allowing for deployable groups. In
this section, we examinea more direct method of increas-
ing the energy of a systemin such a way that it goesinto
a shifting action but which does not require synchrony
among the agerts or motions of the agerts.

As a result, we now look at a secondmethod of accom-
plishing the samething which requires neither the coor-
dination nor the spacerequired by the rst method. We
start once again by considering what we can do to in-
creasethe energy of the system. As before, we realize
that the energy can be increasedby an individual agert
by moving the agent out of equilibrium. A movemert
away from another agert will increasethe energy much
lessthan a movemert towards the group. We therefore
considermovemerts of agerts towards one another, care-
fully attenuated so as to produce small jumps required
for the sliding action, but not for the rearrangemen of
the entire array.

The agerts to which this behavior will be addedmust also
be carefully cortrolled, asagens in the interior will gen-
erate larger energy changeswith small movemerts than

those on the exterior. Therefore the behavior requires
the agerts to considertheir surroundingsto qualify them
for the random triggering. Thus, the behavior's trigger
is limited to those agerts whose neighbors fall below 3,
which happensonly to agers in external positionsin the
lattice, or to those at corners as a result of the agerts'
jostling around.

Figure 3.6: The approad of a single agert can
causea set of other agerts to slide into another
position, with little changein the overall energy
of the group.

Figure 3.6 illustrates this behavior of an agert outside of
a group of other agens. The exterior agert momertarily

approadhesthe group. The approad increaseshe energy
of the lattice, and the energy reduction behavior moves
the exterior agerts in a translation motion. Theseactions
can be initiated by single agerts even though the ertire

group is in motion or static.



Figure 3.7: This set of imagesillustrates the
“closing"” behavior. The behavior initiates a
number of di erent sliding behaviors that even-
tually causesthe generation of a hexagonal
structure. As before, the energy inches down
to a minimum under the action of the individ-
ual agert perturbations.

Figure 3.7 illustrates the behavior of a group of agerts
working under this behavior. The group begins with a
state very far from the desired hexagonal state. How-
ever, as the translation movemerts cortinue, the system
falls into a lower energystate, which evertually is that of
the hexagonalorganization. In all simulated runs?!, the
systemwill settle into the hexagonalstate evertually.

4 Summary and Conclusion

In this paper, we examined the swarm control problem
in the context of the hexagonallattice construction asa
result of the basic arti cial physics system. The original
arti cial physicssystemwas capableof producing imper-
fect hexagonallattices with little or no symmetry. Our
purpose,then, was to enhancethis basic behavior so as
to produce perfect symmetric hexagonallattices.

Our method consisted of generating a property which is
a measurableconstructed from other properties (or mea-
surables) that the agers could realistically be expected
to be able to measure. In our case,the only thing we
neededwasthe distanceand bearing to construct a prop-
erty that had the proper requiremerts:

1The simulation was run more than 10000 times.

1. The property was constructed from existing proper-
ties that the individual agerts could measure.

2. The property has a single well-de ned value at the
desiredsystemcon guration that cannotbe obtained
in any other way.

Using theserequiremerts, we wereableto generatesimple
behaviors that moved the system from any initial state
to a state more like the desiredstate. Not only were we
ableto generateonemethod, but wewereableto generate
two methods, which weremodi ed from the basicmethod
that itself wasidentical to Spears' original algorithm.

The power of this method lies in the ability of the en-
gineerto create one or more properties whose numerical
valuesare unique to the state that the systemis in. The
engineer, then, needsonly chart a path through the al-
lowed phasespaceof the systemto the nal desiredvalue,
hopefully utilizing behaviors which individual agerts can
accomplishon their own, with or without guidancefrom
a certral cortroller. The method can be applied to sin-
gle properties or to vectors of properties, provided that
the desiredvector is well-de ned in the sameway a single
property might be. We believe that the method is sopow-
erful, in fact, that we now coin a term for this method:
The Hamiltonian Metho d of Swarm Design .

In the future, we intend to apply this method to swarms
of greater complexity than this one. We expect that
this method of not only swarm design, but complex sys-
tem design, may be applied to a large number of dif-
ferent systemsincluding, but not limited to, systemsof
autonomousmedanical agerts, computing systems,eco-
nomic systems, and social systems. While some of this
researd is currently under way, we expect that the ex-
ploration of all elds to which this methodology might be
applied will reveal an extraordinarily vast scope. More-
over, we expect that an extension to this work will be
able to solve the problem originally posedten yearsago
which led us to these results: "Is it possible that the
global speci cation of a problem is enoughto yield the
basicrequiremerts of the solution including all actuators,
sensorsprocessing.and other capabilities of agerts in the
solution?" We believe the answer is yes.
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