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Abstract

How do multiple elemerts/agents self-organize into
global patterns based on local communications and in-
teractions? This paper describes a theoretical and sim-
ulation model called \Digital Hormone Model" (DHM)
for such a self-organization task. The model is in-
spired by two facts: complex biological patterns are re-
sults of self-organization of homogenouscells regulated
by hormone-like chemical signals (Jiang et al. 1999),
and distributed controls can enable self-recon gurable
agerts to performance locomotion and recon guration
(Shen, Salemi, & Will 2000; Shen, Lu, & Will 2000
Salemi, Shen, & Will 2001). The DHM is an integra-
tion and generalization of reaction-di usion model (T ur-
ing 1952) and stochastic cellular automata (Lee et al.
1991). The movemerts of agers (or cells) in DHM are
computed not by the Turing's di eren tial equations, nor
the Metrop olis rule (Kirkpatric k & Sorkin 1995), but by
stochastic rules that are based on the concertration of
hormones in the neighboring space. Experimental re-
sults have shown that this model can produce results
that match and predict the actual ndings in the bi-
ological experiments of feather bud formation among
uniform skin cells (Jiang et al. 1999). Furthermore,
an extension of this model may be directly applicable to
self-organization in multi-agent systemsusing simulated
hormone-like signals.

In tro duction

This paper is to develop a generalcomputational model
for self-organizationin multi-agent systems. In particu-
lar, we describe the Digital Hormone Model (DHM) that
is generalizedfrom an existing distributed control system
for self-recon gurable agerts (Shen, Salemi, & Will 2000;
Shen, Lu, & Will 2000; Salemi, Shen, & Will 2001).
The model is inspired by the fact that many complex
patterns in biological systemsappear to be the results
of self-organization among homogenouscells regulated
by hormones,and self-organizationis basedon local in-
teractions among cells rather than super-imposed and
pre-determined global structures (Jiang et al. 1999;
Chuong et al. 2000). The paper describes the model
in detail, reports the experimental results in simulat-
ing feather buds formation among homogeneousskin

cells, and nds a number of correlations between indi-
vidual hormone di usion proles and the features of -

nal patterns. Theseresults match the ndings in the ac-
tual biological experiments and predict casesthat have
yet beenobsened in biological experiments but consist
with the expected behaviors of hormone-regulated self-
organization.

Computational Mo dels for
Self-Organization

Throughout the history of science there have beenmany
computational modelsfor self-organization. Perhapsone
of the earliest is Turing's reaction-di usion model (Tur-
ing 1952), in which he analyzed the interplay between
the di usions of reacting speciesand concludedthat their
nonlinear interactions could lead to the formation of spa-
tial patterns in their concerrations. Turing's model uses
a set of di erential equationsto model the periodic pat-
tern formation in a ring of discrete cells or continuous
tissues that interact with ead other through a set of
chemicalshe called \morphogens". Assumingthat there
arer = (1;:::N) cellsin the ring, and two morphogens
X and Y among these cells, and letting the concerra-
tion of X and Y in cellr be X, and Y;, the cell-to-cell
di usion rate of X and Y be u and v, and the increasing
rate of X and Y causedby chemicalreactionsbef (X;Y)
and g(X;Y), respectively, Turing modeledthe dynamics
of this ring asthe following set of 2N di erential equa-
tions:

dX, =dt
dy, =dt

F(OXr;Ye) + u(Xy s
o(Xv;Yr) + v(Yr41

2X; + X, 1);
2Yr + Yr l):

By analyzing the solutions of these equations, Turing
illustrated that a given ring of cells, which initially has
the uniform concerration of Y and X, can self-organize
through random uctuations, chemical reactions, and
di usion, into a ring of periodic patterns in the con-
certration of Y. Two important conditions for Turing
stability are: (1) between X and Y, one must be the
inhibitor and the other activator, and (2) the inhibitor
must have a greater di usion rate than the actuator.
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Turing's reaction-di usion model was startlingly
novel, and it has been supported both mathematically
(Murray 1989) and experimentally (Ouyang & Swinney
1991), and many applications are described in (Mein-
hardt 1982). Interestingly, Witkin and Kass (1991) ex-
tended the traditional reaction-di usion systemsby al-
lowing anisotropic and spatially non-uniform di usion,
as well as multiple competing directions of di usion.
They use these models to synthesize textures with dif-
ferert patterns.

Cellular Automata (CA) (Gutowitz 1991; To oli
2000), especially those that have stochastic character-
istics (Lee et al. 1991), are another important model-
ing technique for self-organization. Perhaps the most
famous illustration of self-organization using CA is the
Game of Life, where randomly distributed cells on a
space of grids will live or die basedon a set of very
simple and deterministic rules. Life is a deterministic
CA, but when rules of a CA have stochastic charac-
teristics, then they could also be capable of modeling
random uctuations in the ervironment, and that may
be a critical elemen in simulating interactions among
many autonomous elemens that perceive and react to
local information in the environment. In fact, the Digi-
tal Hormone Model to be proposedhereis essetially an
integration of stochastic CA, reaction-di usion models,
and network-lik e di usion spacewith dynamic topology.

The Digital Hormone Mo del

The Digital Hormone Model (DHM) is designedfor sim-
ulating, understanding, and cortrolling self-organization
in large-scalemulti-agent systems. In this model, agerts
are simulated as cells that secretehormones, and hor-
monesdi use and in uence the behaviors of other cells.
The Digital Hormone Model consistsof a space(we use
grids in this paper) and a set of moving cells. The term
\cell" here can stand for any type of autonomous and
intelligent elemens, sudc as agerts, agerts, unmanned
vehicles, mobile sensors, network nodes, or weapons.
Among the grids, cellscanlive, evolve, migrate, or die as
time passes.Each living cell occupiesone grid at a time
and a cell can secretechemical hormones(or communica-
tion signalsin general), which di use into its neighboring
grids to in uence other cells' behaviors. Hormonesmay
have di erent typesand di usion functions. Two types
of hormonesare most common: an activator hormone
that will encouragecertain cell actions, while an inhibitor
hormone will prohibit certain cell actions. We assume
that hormonesmay reactto ead other (summation, sub-
traction, or modi cation), and may di use to the neigh-
boring grids according to certain functions. Similar to
the extensionsusedin Witkin and Kass(1991), we allow
anisotropic and spatially non-uniform diusion. Cells
are autonomousand intelligent agerts that can react to
hormonesand perform actions such as migration, secre-
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tion, di er entiation, proliferation, death, or adhesion
At any given time, a cell selectsand executesone or
more actions accordingto a setof internal behavior rules.
These rules can be deterministic or probabilistic. We
assumethat the rules are given and will not causea
cell to selectconicting actions. Given the grids, cells,
hormones,actions, and rules, the DHM works asfollows:

1. All cellsselectactions by their behavior rules;
2. All cellsexecutetheir selectedactions;

3. All grids update the concerration of hormones;
4. Goto Step 1.

To illustrate the above de nitions, let us consider a
simple DHM in Figure 1, where cells (showvn as black
dots in the grids) migrate on a spaceof N2 grids. The
spaceis a torus in the sensethat the leftmost and right-
most columns are neighbors, and the topmost and bot-
tommost rows are neighbors. Cells in DHM have only
two actions: secretionand migration, and the former is
a constart action that always producestwo hormones:
the activator A and the inhibitor 1. The di usion rates
for A and | secretedfrom a cell at the grid (a;b) to its
surrounding grids are characterized by Guassian distri-
butions:

facy) = (2 ?) 'expf[(x a’+(y b?=2%g
fiocy) = (2 ?) ‘expfl(x a’+(y bZ=2 g
where < in order to satisfy Turing's stability condi-

tion. Notice that the activator A hasthe positive value
and the inhibitor | has the negative value. Because
< , A hasasharper and narrower distribution then | .
We assumethat the two hormonesreact to ead other so
that the concertration of hormonesin any givengrid can
be computed by summing up all presert \A"s and \I"s
in the grid. In Figure 1, we have illustrated in the grids
the combined hormonesaround a single cell and around
two nearby cells. Sincethe grids are discrete, the rings
around the cells are showvn as squaresinstead of circles.
In this simple model DHM g, two simple rules govern
the cell's actions. One rule states that \secrete A and
| for every step”, and this meansthat ead cell secretes
these hormones at every step. The secondrule states
that \migrate to an immediate neighbor grid basedon
the hormone distribution in these neighbors". More
speci cally, the probability for a cell to migrate to a par-
ticular neighboring grid (including the grid it is currently
occupying) is proportional to the concerration of A and
inversely proportional to the concerration of | in that
grid. This rule is fundamentally stochastic, sothat the
selection of migrating grid is non-deterministic. To im-
plemert this rule, let the hormone value in the occupy-
ing grid be hg and let the valuesin the eight immediate
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Figure 1. The simple DHMg

neighbors be hy, hy, hs, hyg, hs, hg, hy, and hg, respec-
tively. Basedon their signs,thesevaluesare groupedinto
three groups: G1, G2, and G3, wherethe membersin G1
all have positive values (say sum to Pg1), those in G2
have zero values, and those in G3 have negative values.
To decidewhich group to migrate to, a random number
X is generatedin the rangeof (0; 100Pg; + 10/G2j+ jG3j].
If 0 < x <= 100Pgi, then the cell will migrate to
G1l. If 100Pg; < x <= 100Pg1 + 10jG2j, then the
cell will migrate to G2. Otherwise, the cell will mi-
grate to G3. The decision ensuresthat a cell will mi-
grate to G1 with the highest probability, to G2 with
lower probability, and to G3 with the lowest probabil-
ity. After a group is selected,we then selecta grid from
the group with a similar procedure. For example, to
selecta grid from G1, a random number will be gener-
ated in the range of (0;hj1 + hi2 + hiz + 11+ hijgy],
where h; are individual valuesin G1 (h; > 0), and
a grid will be selecteddepending on where the number
falls in the range. This ensuresthat grids with higher
concertrations of the activator hormone will be selected
with higher probabilities. To selecta grid from G2, we

all these grids have zero hormone values), and a ran-
dom number y is generatedin the range of (0;jG2j],
and the grid of g, is selected. To selecta grid from
G3, a random number will be generatedin the range of
0;( hj1) *+( hj2) *+( hjz) T+:i+ ( hyjeg) 1,
where h; are individual valuesin G3 (h;j < 0), and
a grid will be selecteddepending on where the number
falls in this range. This ensuresthat grids with lower
concertrations of the inhibitor hormone will be selected
with higher probabilities.

Notice that the above rule for selecting migration di-
rection is dierent from the Metropolis rules used in
simulated annealing (Kirkpatric k & Sorkin 1995), which
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rst randomly selectsa neighbor without consideringthe
concerration of hormones,and then makesa go or no-go
decisionbasedon the energy di erence and the current
temperature. In the Digital Hormone Model, the no-
tion of temperature is embeddedin the decisionrules de-
scribed above. Interestingly, our experiments show that
the Metropolis rule doesnot allow cellsto cornvergeinto
patterns in this model no matter what temperature is
set.

Sinceall movemerns are local and synchronized, there
may be a chance where multiple cells \collide" in the
same grid. The collision of cells is solved in a simple
manner. All cells rst \virtually" moveto the grids they
selected. If there are multiple cells in the same grid,
then the extra cellswill be randomly distributed to those
immediate neighboring grids that are empty. This is an
ernvironmental function, not a cellular action. But this
action will ensurethat no grid is hosting more than one
cell at any time.

The Exp erimental Results of the DHM

Using the digital hormone models, we hopeto learn valu-
able detailed computational knowledge about how hor-
monesand receptorsa ect the result of self-organization
in a large system with many autonomous elemers. In
particular, the initial researt issueswe would like to in-
vestigate are as follows: Will the proposedDigital Hor-
mone Model enable cells to self-organizeinto patterns
at all? Will the size of nal patterns be invariant to
the cell population density? Will the hormone di usion
proles aect the size and shape of the nal patterns?
Will an arbitrary hormone di usion prole enable self-
organization and pattern formation?

To nd solutionsfor thesequestions,we ran two setsof
experiments using the simplied digital hormone model
DHM described above. In the rst set of experimerts,
we set the hormone di usion prole to approximate the
standard distributions. For any single isolated cell, let
the cell'sn' ring of neighbors be the neighboring cellsat
a distance of n cells away from the cell. Using this de -
nition, we de ne the concerration level of the activator
hormone at the cell's surrounding grids as follows: 0.16
for the O™ ring (i.e., the occupying grid), 0.08 the 1t
ring, 0.04 the 2" ring, 0.02the 3™ ring, and 0 the 4"
and beyond. For the inhibitor hormone, the concerra-
tion levelsfor the 0" through the 4" rings of neighbors
are: 0:05, 004, 003, 002, and 0:01, respec-
tively, and 0.0 for the 5" ring and beyond. Thus the
combined concerration levels of hormones at the Oth
through 4th rings are: 0.11, 0.04, 0.01, 0, and 0:01,
respectively, and 0.0 for the 5" ring and beyond. We
assumethat the concerrations of hormonessecretedby
a cell at grids beyond the 4" ring are so insigni cant
that they can be practically ignored.

Given this xed hormone diusion prole, we have
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run a set of simulations on a spaceof 100 100 grids
with di erent cell population densitiesranging from 10%
through 50%. Starting with cells randomly distributed
on the grids, eat simulation runs up to 1,000 action
steps, and records the con guration snapshotsat steps
of 0, 50,500, and 1,000. As we can seefrom the resultsin
the upper part of Figure 2, cellsin all simulations indeed
form clusters with approximately the samesize. These
results demonstrate that the digital hormone model in-
deed enablescells to form patterns. Furthermore, the
results match the obsenations madein the biological ex-
periments. The sizeof the nal clustersdoesnot change
with cell population density, but the number of clusters
does. Lower cell densitiesresult in fewer nal clusters,
while higher densitiesform more clusters.

In the secondset of experiments, we started with the
same cell population density, but varied the hormone
diusion proles. We wanted to obsene the e ects of
di erent hormone pro les on the results of pattern for-
mation. As we can seefrom the results shown in the
lower part of Figure 2, when a balancedpro le of activa-
tor and inhibitor is given (seethe secondrow), the cells
will form nal patterns asin the rst setof experimerts.
As the ratio of activator over inhibitor increasegseethe
third row), the sizeof nal clustersalsoincreases.These
results are an exact match with the ndings in the re-
ported biological experiments (Jiang et al. 1999).

When the ratio of A=l becomesso high that there
are only activators and no inhibitors (see the fourth
row), then the cellswill form larger and larger clusters,
and eventually becomea single connectedcluster. On
the other hand, when the ratio is so low that there is
only inhibitor and no activator, then the cellswill never
form any patterns (seethe rst row), regardlessof how
long the simulation runs. This shows that not all hor-
mone pro les enableself-organization. Theseresults are
yet to be seenin biological experiments, but they are
consistert with the principles of hormone-regulatedself-
organization and thus quali ed asmeaningful predictions
of cell self-organization by hormones.

The results presenrted in Figure 2 not only demon-
strate that the proposeddigital hormone model is in-
deedan e ectiv e tool for simulating and analyzing self-
organization phenomena,but that it is also capable of
producing results that match the actual ndings in the
biological experiments and can predict the possibleout-
comesfor new biological experiments. The results shov
that hormonesplay a critical role in self-organization,
and they enable many autonomous elemeris to form
globally interesting patterns based on only their local
information and interactions. This provides a departure
point for new hypotheses,theories, and experiments for
self-organization. Sincethe model is mathematically ad-
justable, it is much more economicand e cien t for sci-
ertists, including biologists, to design new experiments
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Figure 2: Two setsof experimental results on DMH g

and to hypothesizenew theories.

In addition to changing the ratio of activator and in-
hibitor hormones,we also have also varied the shape of
hormone di usion proles and obsene their e ects on
the featuresof the nal patterns. For example, we have
obsened that if the prole is a narrow and long sand-
wich with the sameorientation (the activator is in the
middle and the inhibitors are on the outside), then cells
will form striped patterns. This shaws that given the
proper hormone di usion pro les, the DHM will allow
cellsto form patterns with di erent shapes.

Furthermore, we have alsoexperimented with di erent
mechanisms for decision making when selectingthe mi-
gration direction, including the random procedure and
the Metropolis rule. Experimental results have shown
that Metropolis rule does not enable cells to aggregate
into groups no matter what temperature setting is used.
This is a bit unexpected, but one possiblereasonis that
Metropolis rule rst randomly selectsa neighbor with-
out consideringthe concerration of hormones,and then
makesa go or no-go decisionbasedon probability. This
does not re ect the true distribution of hormone con-
certration in the neighboring grids. Similarly, and as
expected, the random procedurefor selecting migrating
directions does not produce any interesting results ei-
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