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Abstract How does one engineer robust collective behavior from the local inter-
actions of immense numbers of unreliable parts? On the one hand,
emerging technologies lik e MEMS are making it possible to assemble
systems that incorporate myriad of information-pro cessingunits at al-
most no cost: smart materials, self-assembling structures, vast sensor
networks. On the other hand, the plummeting cost of ad-hoc wireless
communication is realizing the idea of pervasive computing: the creation
of environments saturated with wireless computing devices collectively
providing servicesanytime and everywhere. We discussorganizing prin-
ciples and programming methodologies for controlling such amorphous
systems, by combining robust algorithms inspired by nature with com-
puter sciencetechniques for controlling complexity.

Keyw ords: multi-agent, self-organization, pervasive computing.

1. In tro duction

Over the next few decades,emergingtechnologieswill make it possible
to assemble systemsthat incorporate myriad of information-pro cessing
units at almost no cost, provided that all the units neednot work per-
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fectly and that there is no need to manufacture precisegeometrical ar-
rangements or precise interconnections among them. This technology
shift requiresfundamental changesin methods for constructing and pro-
gramming computers, and perhaps in our view of computation itself.

Microelectronic mechanical components have becomeso inexpensive
to manufacture that we can anticipate combining logic circuits, mi-
crosensors,actuators, and communications devices, integrated on the
sametiny chip to produce particles that could be mixed with bulk ma-
terials, such as paints, gels, and concrete. Imagine coating bridges or
buildings with smart paint that can senseand report on tra�c and wind
loads and monitor structural integrit y of the bridge. A robot, built of
millions of tiny programmable modules, could assemble itself into dif-
ferent shapes,perhapsas a cube for storageand then recon�guring into
a shelter or tool as needed. Already many such novel applications are
being envisioned and built [3, 5, 7, 13]. Even more striking is the emerg-
ing research in biocomputing, that may make it possibleto harnessthe
many sensorsand actuators in cellsand program biological cells to func-
tion as drug delivery vehiclesor chemical factories for the assembly of
nanoscalestructures [29]. Pervasive computing and sensornetworks are
creating massive distributed systemsat a di�eren t scale, from remote
habitat monitoring to smart buildings and smart cars [16, 26].

These novel computational environments posesigni�cant challenges,
beyond just the manufacturing of parts. Digital computers have always
been constructed to behave as precise arrangements of reliable parts,
and almost all techniquesfor organizing computations depend upon this
precision and reliabilit y. We can envision producing and deploying vast
quantities of individual computing elements | whether microfabricated
particles or engineeredcells or wirelesssensors| but we have few ideas
for programming them e�ectiv ely.

The opportunit y to exploit thesenew technologiesposesa broad con-
ceptual challenge, the challengeof amorphouscomputing [1]:

1 How does one engineerrobust collective behavior from the coop-
eration of immensenumbers of unreliable parts that are intercon-
nected in local, irregular, and time-varying ways?

2 How doesone translate prespeci�ed global goals into the local in-
teractions of vast numbers of parts?

The critical task is to identify appropriate organizing principles and
programming methodologiesfor controlling such systems. Hints for how
to design robust collective behavior may come from natural systems,
such as biology. The growth of form in organisms demonstrates that
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well-de�ned shapes and functional structures can develop through the
interaction of cells under the control of a genetic program, even though
the precisearrangements and numbers of the individual cells are vari-
able. At the sametime, asengineers,we must learn to construct systems
sothat they endup organizedto behaveaswea priori intend, not merely
as they happen to evolve. Therefore a critical piece is to develop pro-
gramming methodologies,and languages, that allow us to combine these
robust organizational principles to achieve the global goalswe want.

In this article wedescribework that hasbeendoneaspart of the amor-
phous computing e�ort to addressthese challenges. Section 2 presents
the amorphous computing model, section 3 discusseshow developmen-
tal biology can provide inspiration for robust algorithms and section 4
presents examplesof how wecancombine thesealgorithms into program-
ming languages.In section 5 we discussthe relationship with pervasive
computing and show how similar methodshavebeendevelopedelsewhere
to coordinate behavior in mobile networks of agents[16].

2. The Amorphous Computing Mo del

An amorphous computer consistsof massive numbers of identically-
programmedand locally-interacting computing agents, embeddedin space.
We can model this asa collection of \computational particles" sprinkled
randomly on a surfaceor mixed throughout a volume.

The individual agents have limited resources,limited reliabilit y and
local information. The agents are all programmed identically , although
each agent executesits program autonomously and has meansfor stor-
ing local state and generating random numbers. Each agent can com-
municate with a only a few nearby neighbors. In amorphoussystemsof
microfabricated components, the agents might communicate via short-
distance radio or through the substrate itself; bioengineeredcells might
communicate by chemical means. For our purposeshere,we assumethat
there is a communication radius r , which is large comparedwith sizeof
individual agents and small compared with the size of the entire area,
and that two agents can communicate if they are within distancer . The
agents can also senseand a�ect the environment locally.

In many ways the massively parallel nature of an amorphouscomputer
resembles,and takesinspiration from, modelssuch ascellular automata.
However it presents a signi�cantly di�eren t challengebecausethe mech-
anismsmust be independent of the detailed con�guration of the agents.
We assumethat accessto centralized sourcesof information is limited,
whether it be global clocks or globally-accessiblebeaconsfor triangu-
lating position. Rather the goal is for the agents to self-organizeglobal
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information asnecessary. The agents are not synchronized, although we
assumethat they compute at similar speeds,sincethey are all fabricated
by the sameprocess. The agents have no a priori knowledge of global
position or orientation; however someagents may be started in a spe-
cial initial state. The agents are possibly faulty, and are can die or be
replacedat any moment. The individual agents may be mobile, but in
many of the exampleshere we assumethat they have �xed location and
are randomly distributed on a two-dimensionalplane.

3. Dev elopmen tal Biology as an Inspiration

Biological systems regularly achieve coherent, reliable and complex
behavior from the cooperation of largenumbersof identically programmed
agents. Oneof the most fascinating examplesis embryogensis.Cellswith
identical DNA, cooperate to form incredibly complex structures from a
nearly homogeneousegg,with incredible precision and reliabilit y in the
face of constantly dying and growing parts[30]. There is a plethora of
examplesof regulation in di�eren t organisms, that can compensatefor
large variations in cell size,cell numbers, cell division rates and develop-
ment time [9]. Even after development, organismssuch as the star�sh,
retain incredible abilities for self-repair and regeneration.

These examples hint at powerful underlying mechanisms that can
adapt to variation, while maintaining constraints that may begeometric,
topological or functional. Studies of developmental biology can form an
important sourceof inspiration | not only for mechanisms,but also for
the kind of robustnessthat is achievable.

Morphogen Gradien ts. One example of a mechanism common
throughout development is the use of gradients of morphogensto de-
termine positional information and polarit y. In the Drosophila embryo,
cells at one end of the embryo emit a morphogen(protein) that di�uses
along the length of the embryo. The concentration of this morphogenis
usedby other undi�eren tiated cells to determine whether they lie in the
head, thorax or abdominal regions [14]. Di�eren t morphogensare used
for determining the dorsal-ventral axis, wing and limb development, and
even leg bristle polarit y. Gradients of morphogensare believed to play
an important role in providing position and polarit y information in many
di�eren t organisms,and even in regeneration[30].

We can emulate the concept of a morphogengradient using a simple
agent program. An initial \source" agent, chosen by a cue from the
environment or by generating a random value, creates a gradient by
sendinga messageto its local neighborhood with the morphogenname
and a value of zero. The neighboring agents forward the messageto
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Figure 1.1. (a) Emulating morphogen gradients; gradients created by point and line
sources(b) Spacing created by lateral inhibition

their neighbors with the value incremented by one and so on, until the
morphogen has propagated through the entire population. Each agent
storesand forwards only the minimum value it hasheard for a particular
morphogenname,thus the morphogenvalue represents the shortest path
from the source. The value provides an estimate of distance from the
source: a point reached in n stepswill be roughly distancenr away. The
quality of this estimate dependson the density of the agents and can be
theoretically predicted for random distributions [20].

This very simple program can be usedin powerful ways.

1 Regions and Polarit y: By limiting the maximum value of a
morphogen, one can create regions of controlled size. The mor-
phogencan also be usedto provide a senseof local orientation; an
agent can compare values in its local neighborhood to determine
the direction towards or away from the source.

2 Spatial Patterning: More than oneagent could be the sourcefor
the samemorphogen, in which casethe morphogen value re
ects
the shortest distance to any of the sources.Thus, if a single agent
emits a morphogenthen the value increasesas one movesradially
away from the agent, but if a line of agents emits a morphogen
then the value increasesas one moves perpendicularly away from
the line. Complex spatial patterning can be createdby positioning
the sources,without any changeto the agent program.

3 Selectiv e Propagation: The agent program can be modi�ed
such that agents selectively choose which morphogensto propa-
gate. Thus agents in particular state can act asbarriers to speci�c
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morphogens,or as obstaclesaround which the morphogen must
travel. Similarly morphogenscan be limited to propagate only
with certain spatial regions.

4 Activ e Morphogens: We can allow the source agent to con-
stantly produce a morphogen message,and have the morphogen
value stored by any agent lose signi�cance if not constantly rein-
forced. The result is that the morphogen values adapt as agents,
or sources,appear and disappear.

These are just a few of the ways in which the morphogen gradients
can be used. This simple agent program is the basis of many di�eren t
amorphouscomputing algorithms for self-organizingcoordinate systems,
distributed storage, and ad-hoc routing. In section 5, we seethat the
sameidea appears in many di�eren t forms elsewhere.

Lateral Inhibition. While morphogensproducea senseof distance
and orientation, lateral inhibition is believed to produceregularly spaced
patterns in many di�eren t organisms. For example, in the Drosophila,
epidermal cellson the leg can producebristles, however not all cellsgrow
bristles. The bristles are regularly spacedwith someminimum distance
between them. Lawrence [14] describes the mechanism by which this
is achieved: When a cell produces a bristle, it also secretesa short-
range morphogen that inhibits nearby cells from growing bristles. An
uninhibited cellswill eventually attempt to producea bristle. The result
is bristles appear throughout the leg surfacebut never too close. Lateral
inhibition is believed to play a role in creating uniform spacingin many
di�eren t settings, from the spacingof hair on human skin, to the regular
crystal like spacingof ommatidia in the Drosophila eye.

Again this mechanism can be emulated by a simple agent program.
An agent picks a random number within a range L, and counts down.
If it reaches zero without being interrupted, then it becomesa leader
(grows a bristle) and sendsout an inhibition messageto all its neighbors
within the distancer . If an agent hearsan inhibition message,then it no
longer counts down to becomea leader but instead becomesa follower.
The processendsafter L steps,with all agents as leadersor followers.

The result of this very simple local rule is that leaders emerge with
a spacing of r to 2r apart, throughout the surface. If we extend the
inhibition to travel h hops distance, then the spacing between leaders
increasesto hr to 2hr . To seewhy this is true, consider an agent that
becomesa leader. It could only have done so becauseno other leader
was within distance r inhibiting it; and once it becomesa leader it in-
hibits leaders forming within distance r . At the same time, an agent
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that is not inhibited continues to count down and eventually becomes
a leader. This guarantees that every agent is within distance r from
someleader,and with high probabilit y no leadersare closerthan r . The
spacing is not perfect becausetwo neighboring agents may choose the
samerandom number and reach zero at the sametime. Therefore the
rangeL is chosento make the probabilit y of such collisions low. Nagpal
and Coore have shown that the behavior of this algorithm can be ana-
lyzed theoretically, even for asynchronous agents and unreliable agents
[22]. This is a valuable algorithm in an amorphous computer, and can
be used for spontaneously electing leaders,self-con�guring hierarchical
routing and graph coloring.

Robust Primitiv es. Morphogen gradients and lateral inhibition
are well-matched to the amorphoussetting becausethe grossphenomena
of di�usion and spacingare insensitive to the precisearrangement of the
individual agents, so long as the distribution is reasonably dense. In
addition, if individual agents do not function, or stop broadcasting, the
result will not changevery much, so long as there are su�cien tly many
agents. Many phenomenaexist in multicellular systems, from quorum
sensingto programmedcell death, that canprovide inspiration for robust
multi-agent algorithms.

At the same time, it is extremely important to be able to analyze
the behavior of these algorithms, so that we have a solid ground to
build on top of. We can theoretically analyze the behavior of both
algorithms, using techniques from distributed graph algorithm analysis
and geometric analysis. For example, the morphogen algorithm can
be thought of as computing a breath �rst search tree, while the lateral
inhibition algorithm is a computing a maximum independent setof nodes
[15]. The spatial locality of communication givesus a relation from tree
depth to distance, and maximum independent set to uniform spacing.

A key di�erence however, is that rather than produce a perfect an-
swer from a perfect graph, as is typical in distributed algorithms, these
algorithms aim to provide a good-enoughanswer with high probabilit y
| good enough estimates of distance and direction, and good enough
spacing. This allows the agent behavior to be simple, scalable,and tol-
erant to variation. Looking to biology may provide insights for new
approachesto fault tolerance. Traditionally , one seeksto obtain correct
results despite unreliable parts. However it seemsawkward to describe
mechanisms such as embryonic development as producing a \righ t" or-
ganism by correcting bad parts and broken communications. In the
amorphousregime, getting the right answer may be the wrong idea. In-
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stead, the question is how do we structure systemsso we get acceptable
answers, with high probabilit y, even in the faceof unreliabilit y.

4. Towards Programming Languages

While biology may provide a means for thinking about organizing
local behavior robustly, computer sciencecan provide tools for manag-
ing complexity. One such tool is a programming language. The abilit y
to think and describe goals in terms of high-level abstractions, make
possible a complexity that is almost inconceivable to generateby ma-
nipulating 1s and 0s. Yet the �nal computation does happen as bits,
and the compiler translates from a languagethat is natural for express-
ing how to do something, to a low-level executionmodel that a computer
can interpret [2].

In the amorphous computing setting the goal is similar | we would
like to be able to translate complex global goals into local behavior,
but in such a way that the translation is not mysterious and not hand
crafted for each goal | in other words, a global-to-local compiler. In
this section we describe two programming languages,aimed at pattern
formation and self-assembly. The global shape or pattern is described
as a program in terms of abstract entities, which is compiled to produce
the behavior of an agent, such that the identically-programmed agents
organizeinto the prespeci�ed goal.

Gro wing Poin t Language. Coore developed a languagefor pat-
tern formation on an amorphous computer[8]. The growing point lan-
guage(GPL) can be used to specify topological patterns consisting of
lines of various thickness, such as those specifying the interconnect of
an electronic circuit. The speci�cation is compiled into an agent pro-
gram. Initially the agents start out with identical state except for a few
agents. As a result of executing the program, the agents \di�eren tiate"
into components of the pattern.

The languagerepresents processesin terms of a botanical metaphor of
\growing points" and pheromones.A pheromoneis the sameas a mor-
phogenwith a limited range. A growing point is a locus of activit y that
modi�es the states of agents as it passesthrough, and it can respond to
the gradient of a morphogenby moving towards lower, higher or similar
values of morphogens. A pattern is created by writing a program in
terms of abstract entities: growing points that lay down materials, ma-
terials that secretepheromones,and tropisms that govern the tra jectory
of the growing point. However, at the level of the agent thesehigh level
conceptstranslate to a set of simple local rules. For examplea growing
point is simply a pieceof state at an agent. The agent collects valuesof
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(define-growing-point (make-red-line length)
(material red-poly)
(size 1)
(tropism (and (away-from red-pheromone)

(keep-constant pheromone-1)
(keep-constant pheromone-2)))

(actions
(secrete 2 red-pheromone)
(when ((< length 1) (terminate))

(default
(propagate (- length 1))))))

Figure 1.2. A program in GPL. This procedure generatesa line of speci�ed length
that attempts to follow constant values of pheromones1 and 2.

Figure 1.3. The amorphous surfacedi�eren tiating to create the inverter pattern. All
agents execute the same program, which is compiled directly from the GPL speci�-
cation of the pattern on the left.

morphogensfrom its neighbors and usesthose value to locally compute
which neighboring agent to passthe growing point to. The next agent
then repeats the sameprocessto determine where to send the growing
point next.

Figure 1.2shows a fragment of a program written in the growing-point
language: A growing point processcalled make-red-line , takes one
parameter called length . This growing point \grows" material called
red-poly in a band of size 1. This implies that each agent it moves
through sets a state bit that will identify the agent as red-poly . The
growing point moves according to a tropism that directs it away from
higher concentrations of red-pheromone, in such a way that the concen-
trations of pheromone-1and pheromone-2are kept constant. All agents
that are red-poly secretered-pheromone; consequently , the growing
point will tend to move away from the material it has already laid
down. The growing point stops when the correct length line has been
grown. This procedure is part of a larger GPL program that generates
the pattern on the right. This pattern is a caricature of the layout of a
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CMOS inverter, where the di�eren t colored regionsrepresent structures
in the di�eren t layers of standard CMOS technology: metal, polysili-
con and di�usion. Figure 1.3 shows the agents di�eren tiating to create
the inverter pattern. The agents that are part of the top blue rail emit
pheromone1 and the bottom rail emits pheromone2, thus the code frag-
ment represents the method by which the �rst red line is drawn parallel
to these two rails and away from the edge. The entire program that
speci�es the shape is only a few paragraphslong, and the resulting state
machine for the individual agents requires only about twenty states.

Programmable Self-Assem bly . Nagpal developed a languagefor
shape formation on a simulated foldable sheet [20, 21]. In this casethe
two dimensional surfaceof agents represents a sheetwith a single layer
of randomly and densely distributed agents; a set of agents in a line
can coordinate to fold the sheetalong that line. The folding is modeled
abstractly by the simulator, but is inspired by epithelial tissueswhere
a line of epithelial cells can deform to cause the entire sheet to fold
along that line; this is believed to be the basisof neural tube formation
during embryogenesis[30]. One could imagine building a programmable
recon�gurable sheetcomposedof such 
exible agents.

The shape is speci�ed as folding construction on a continuous sheet,
using a languagecalled the Origami Shape Language(OSL). The lan-
guageis basedon a set of geometry axioms, described by Huzita to cap-
ture the mathematics behind origami paper-folding [10]. A large class
of 
at folded shapes and line patterns can be constructed using these
axioms. OSL builds on these geometry axioms, but also adds concepts
such as naming and regions.

The interesting thing about this speci�cation is that it is abstract |
there is no notion of morphogens,coordination or even agents! Rather
the programmer thinks in terms of a continuous sheet. The agent pro-
gram is automatically compiled from this description and is composed
from a small set of primitiv es: morphogens,neighborhood query, cell-
to-cell contact, polarit y inversion and 
exible folding.

Figure 1.4shows a diagram for constructing a cup from a blank square
sheetof paper, and the corresponding OSL program. The basicelements
of the languageare points, lines and regions. Initially , the sheet starts
out with four corner points (c1-c4 ) and four edgelines (e12-e41). The
axioms describe how to generatenew lines and points from an existing
set of lines and points, purely through folding and unfolding paper. For
example, the �rst operation constructs the diagonal d1 from the points
c1 and c2 by using axiom 2; axiom 2 folds the sheetsothat c1 lies on c2
and then unfolds the sheetto createa line. The sheetcanbepermanently
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;; OSLCup program
;;---------------------
(define d1 (axiom2 c3 c1))
(define front (create-region c3 d1))
(define back (create-region c1 d1))
(execute-fold d1 apical c3)

(define d2 (axiom3 e23 d1))
(define p1 (intersect d2 e34))
(define d3 (axiom2 c2 p1))
(execute-fold d3 apical c2)

(define p2 (intersect d3 e23))
(define d4 (axiom2 c4 p2))
(execute-fold d4 apical c4)

(define l1 (axiom1 p1 p2))
(within-region front (execute-fold l1 apical c3))
(within-region back (execute-fold l1 basal c1))

Figure 1.4. OSL Program for folding a cup

folded 
at along a line, hencethe structures createdby OSL are 
at, but
layered. Lines can be usedto create regionsand regionscan be usedto
restrict folds.

Figure 1.5 shows a programmable sheetdi�eren tiating to fold into a
cup. Initially the surface is mostly homogeneous,with only the agents
on the border having special local state. When the agent program is
executedby all the agents in the sheet, the sheet is con�gured into the
desired shape. The overall global view of this processis very close to
what the diagram of the continuoussheetsuggests.This is becauseeach
global operation is translated into a local agent behavior. But instead of
folding, the geometry is emulated using the biologically-inspired prim-
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Figure 1.5. Simulation images from folding a cup

(a)

(b)

Figure 1.6. Inverter pattern created by (a) GPL (b) OSL when run on a longer sheet
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itiv es. For example in order to implement the �rst line creation, the
agents belonging to c1 and c2 create two distinct morphogens.The re-
maining agents test if the morphogenvaluesare equal; if so then they lie
on the new line. This is the local rule corresponding to axiom 2. Mor-
phogensalso serve as a form of barrier synchronization, so that agents
can determine when it is safe to move on to the next fold operation.
Selective propagation of morphogensis used to create regionsand con-
�ne operations within regions. Each axiom translates into a set of local
rules, and the program translates to a sequenceof rules.

The Power of Programming Languages. The power of the pro-
gramming languageapproach is that it allows us to take advantage of
traditional computer sciencetechniques for managing complexity, while
relying on biological models for achieving robustnessat the local level.
The global-to-local compilation confers many advantages: (1) We can
reason about the classesof structures that can and cannot be gener-
ated by analyzing the expressivenessof the language. (2) The primitiv es
themselvescan be maderobust by relying on mechanismsinspired by bi-
ological systems(3) The analysisof a complexsystembecomestractable
becauseit is built in understood ways from smaller parts (4) The high
level languagemakesit possibleto easily specify complexbehavior, with-
out worrying about the millions of parts that are involved.

For example, Coore proved that GPL can generateany prespeci�ed
planar graph pattern, up to connectiontopology, on an amorphouscom-
puter. Similarly, OSL can generateany 2D Euclidean construction pat-
tern and all 
at folded shapes composedof simple folds. These results
are basedon results from geometry, that have nothing to do with multi-
agents or self-organization. At the sametime we can separatelyanalyze
the robustnessof primitiv es such as morphogens,and how error accu-
mulates when we combine those primitiv es,so that we can predict what
densities and numbers of agents are required to satisfactorily achieve a
given high-level goal. Similarly we can analyzetime and spacecomplex-
it y. In both languages,the complexity of the agent program is directly
proportional to the complexity of the high-level description; by using
procedures to capture regular patterns and common folding sequences,
one can compile more e�cien t agent programs.

The languagesthemselvesimply certain global properties. For exam-
ple, the GPL encodes patterns with an inherent length scale and can
easily describe fractal and space�lling structures. The OSL language
on the other hand describes structures in a scale-independent manner,
by recursively segmenting relative to the original sheetboundary. This
results in patterns that scale automatically, and even asymmetrically,
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without any change to the program. For example when the GPL pro-
gram for an inverter is executedon a long sheet, it results in a chain of
inverters of the samesize. In OSL a longer sheet simply stretches the
inverter (�gure 1.6). The two languagesencode very di�eren t properties,
that can be derived directly from the choice of high-level language,and
result in di�eren t local strategies. Insights from these languagescan be
usedto designnew languageswith similar properties.

Sofar the work in amorphouscomputing hasfocusedon languagesfor
pattern and shape formation. However, the desire to achieve global-to-
local programming is not unique to amorphouscomputing. The emerg-
ing �eld of pervasive computing posesthe samechallenge - vast num-
bersof computing devicesembeddedin our everyday environments, need
to be programmed so that speci�c global servicesresult from their co-
ordinated activities. In the rest of this chapter, we discuss how this
programming methodology can impact pervasive computing.

5. Perv asive Computing

Considera scenarioa few yearshencein which a large city like Boston
might have several wirelessbasestations in every building - a number
of nodes in the order of 107. If most of the electrical devices in the
buildings and those carried on by people are wirelessly networked too,
then the total number of nodescould be as high as 1010. If thesenodes
communicate peer-to-peer with nearby devices,then one could envision
the entire city asconnectedinto a mobile ad-hoc network approximately
103 hops in diameter. It is clear that this pervasivecomputing scenario
strongly resembles the amorphous computing model, and posessimilar
challenges,with the signi�cant addition of mobilit y.

For example,considerthe problem of programming a group of agents
to coordinate their movements through an environment. Such agents
may represent humans carrying wireless PDAs, navigator-augmented
cars, or autonomous robots. As in the amorphous computing scenario,
insteadof programming the individual agents behavior directly, wewould
like to expressdesiredmotion patterns in a global way. For example, in
a tra�c management application, the goal may be to engineercollective
behaviors to reducethe tra�c. We would like to be able to translate the
desiredglobal behavior into the agents' local interactions (e.g. who gives
the precedenceto whom) [17]. Becauseof theseanalogies,we started to
look at ideas similar to the onesexploited in amorphous computing to
organizethe behavior of pervasive computing devices.

Co ordinated Mo vement in Mobile Agen ts. In our research
project at University of Modena and Reggio Emilia, we have used an
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Figure 1.7. TOT A keeps a distributed �elds' structure coherent despite dynamic
network recon�gurations: (a) A peer Px propagates a �eld that increasesits value by
one at every hop. (b) When the �eld source Px moves, all �elds are updated to take
into account the new topology.

idea similar to that of morphogengradients, which we call �elds, to drive
agent motion patterns. Agents are wirelessly connectedin a mobile ad-
hoc network (e.g. they are humans carrying on Wi-Fi PDAs) and �elds
have beenmodeled by meansof distributed data structures, created by
an agent, and propagated to its neighbors hop-by-hop. Speci�cally , we
have developed the TOTA [16] middleware that provides agents with a
high-level interface to de�ne and spread these distributed data struc-
tures. Each �eld is de�ned by meansof a content C and a propagation
rule P identifying how the �eld should distribute in the network and how
its value should changeduring the distribution.

Moreover, to take into account the dynamism of mobile networks the
spatial structures resulting from �eld propagation are kept coherent by
the TOTA middleware despitenetwork dynamism (see�gure 1.7). From
the agents's viewpoint, executing and interacting are basically reduced
to injecting �elds, perceiving local �elds, and acting according to some
application-speci�c policy.

Let us focus on an example, imagine security guards in a museum
who move and monitor the museum in a coordinated way; they have
to preserve a speci�ed distance, say d, from each other. The security
guardscanbeprovided with wirelessenabledpalm computers,connected
through an ad-hoc network and running the TOTA middleware. Each
guard's palm (agent) can generatethe �eld in �gure 1.8-a that propa-
gates in the surroundings and reaches a minimum value at distance d
from the agent. The �nal shape of this �eld approachesthe distribution
shown in �gure 1.8-b. Each agent can then senseits immediate neigh-
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C = (peerName,val)
P = ("val" is initialized at d, propagates to all peers,

decreasing by 1 in the first d hops,
then increasing "val" by 1 for further hops)

(a)

(b)  
 (c)  


Figure 1.8. (a) Field propagation rule; (b) Distribution of a single �eld; (c) Regular
formation of peers

borhood, looking for the �elds generatedby all the other guards. It can
combine the perceived �elds, by computing the minimum value at each
point. The result can be considereda �eld in itself, having minimum
points at distance d from other agents. At this point, each agent can
just follow downhill this computed virtual �eld. The �eld is automati-
cally updated as the agent moves. The result is a globally coordinated
movement in which agents reach and maintain an almost regular grid
formation (see�gure 1.8-c). Following similar strategies,it is possibleto
realizea vast number of coordinated motion activities (e.g. have a group
of agents to meet somewhere,let them move avoiding the emergenceof
crowds or queues,let them cooperatively surround a prey, etc. [17])

It is worth noting that the TOTA approach is adaptive, in that the
�elds associated to a given motion coordination policy automatically
adapt to the environment in which they are propagated. For example,
if the application is executedin a building, as long as the rough mobile
network topology resembles environmental physical constraints (i.e. no
network links through walls), the �elds' shape and thus the coordinated
motion patterns adapt to the building topology, without any change in
the application code. This property resembles the scale-independence
property of the OSL languagedescribed in section 4.

Moreover, in TOTA - as in GPL and OSL - agents are not designed
in isolation. In the casestudy, for example, agents achieve the goal of
maintaining the formation not becauseof their own internal algorithm
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| actually, they do not evenknow about any kind of formation | they
just follow downhill the gradient of the �elds being propagated,but this
allows the system,as a whole, to enforcethe formation.

Apart form thesesimilarities, there is still a gapbetweenthis approach
and the GPL and OSL programming languages. In TOTA, in fact, we
still have not identi�ed a generalmethodology to help us identify , given
a speci�c motion pattern to be enforced,which �elds have to be de�ned,
how they should be propagated, and how they should be followed by
agents. So this must be coded by hand for each speci�c application. On
the contrary , the availabilit y of a programming language like GPL or
OSL, would enableus to specify the global motion pattern we would like
to achieve and have a compiler to automatically derive suitable �elds,
propagation rules and agents' algorithm to follow �elds. We are con�-
dent that such a programming languagecan be found in the future, and
would possibly make the model applicable to a wider classof distributed
coordination problems, even beyond motion coordination.

Other Examples. Distributed data structures, like morphogen
gradients, driving agent activities, are emerging in many disparate sce-
narios. The research projects Anthill [18] and SwarmLinda [19] both
usealgorithms basedon �eld-lik e data structures spreadin the network
by mobile software agents to enable �le sharing in Internet-scale peer-
to-peer (P2P) applications. Instead of being propagated in a breadth-
�rst manner, like the morphogengradients, the agents spread the data
structure as they randomly move acrossthe network. As a result paths
are created between peers that share similar �les, thus enabling a fast
content-based navigation in the network of peers.

Similarly, in wirelessad hoc networks, morphogengradients and �elds
can be used to design of routing mechanisms. Examples of this can be
found in Gradient Routing [25] and in Directed Di�usion [11], where
peers spread morphogen gradients across the network, so that other
packets can reach their intended destination by following downhill the
gradient associated with the destinations. Analogous techniques have
beenalsousedin [23] to createa coordinate systemover ad-hoc networks.
Here nodes evaluate their coordinates by triangulating the distances -
expressedby meansof morphogengradients - from electedbeacons.

In robotics, the idea of �elds driving robots movement is not new.
One of the most recent re-issueof this idea, the Electric Field Approach
(EFA) [12], has been exploited in the control of a team of Sony Aib o
leggedrobots in the RoboCup domain. Following this approach, each
Aib o robot builds a �eld-based representation of the environment from
the imagescaptured by its headmounted camera,and decidesits move-
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ments by examining the �elds' gradients of this representation. Simi-
larly, PheromoneRobots [24] use�eld like distributed data structures to
drive robot vehiclesto achieve useful large-scaleresults in surveillance,
reconnaissance,hazard detection, and path �nding.

A modular robot is another example; it is a collection of simple au-
tonomous actuators, with few degreesof freedom, connectedwith each
other. A distributed control algorithm is executedby all the actuators
to let the robot assumea global coherent shape or a global coherent
motion pattern (i.e. gait). An interesting proposedapproach adopts an
ideasimilar morphogengradients to control such a robot [27]. Here,mor-
phogengradients (called hormones)are createdand propagatedthrough
the robot. Robots' modulesdecidehow to bend their actuators depend-
ing on the locally perceived hormone pattern.

Shifting from physical to virtual movements, the popular videogame
\The Sims" [28] exploits sorts of computational �elds, called \happiness
landscapes" and spread in the virtual city in which characters live, to
drive the movements of non-player characters. For instance, if a char-
acter is hungry, it perceives and follows a happinesslandscape whose
peakscorrespond to placeswhere food can be found, i.e., a fridge.

The fact that similar notions, such asgradients, are found everywhere,
suggeststhat they are fundamentally suited to these types of environ-
ments. However high-level programming languagesand global-to-local
compilation are rare. In the amorphous computing examples,the pro-
gramming languagesmade it possibleto easily achieve complex and ro-
bust desired behavior. We believe that in these other environments,
the invention of appropriate global languagescould have a similar far-
reaching impact.
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