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Abstract

A flock, school, and swarm are collective behavibia can be
compared to a human consciousness or body. Throeggnt
developments in image analysis and model simulaitohas
been found that the collective behavior of aninmzds, as a
whole, show characteristics of a single “body™hidts also been
found that intrinsic noise can positively contribibd swarming
and/or flocking. Motivated by field observations sbéldier
crabs,Mictyris guinotae we propose a swarm model based on
inherent noise and back propagation in time thatios mutual
anticipation. A swarm generated by this model iarahterized
by flexible, dynamical and robust behavior contagninherent
turbulence. We demonstrate that the model can pedu
water-crossing, hourglass and logic gate behaviehsch are
also found in real soldier crabs. We describe hosemse of
ownership and a sense of agency of the “body” ariseur
model, and we propose that the concept of a boduldhbe
verified in terms not of stability but of robustses

Introduction

Does a swarm, flock or school have a single constiess
or body (Vicsek, 2001, Couzin, 2007; 2008; 2010m§Bier,
2010? This question has been addressed in the confext o
collective decision making by computer models, ipatarly
BOIDS (Reynolds, 1987) and SPP (Vicsek et al., 1995
Czir'ok et al. 1996). Owing to developments in imagalysis
that have made it possible to obtain kinetic data tle
movements of real organisms (Ballerini et al., 2008,
Carere et al.,, 2009 several internal dynamical structures
within groups have recently been identified. Thesactures
include topological distance (Ballerini et al., 300, scale
free correlation (Cavagna et al.,, 2010) and inheraise
(Yates et al., 2009). This research also sugghatsirtherent
turbulence could play an essential role in collectmotion.
The collective behaviors of animals might be based
inherent noise, and the internal structures of eugrare
perpetually generated and modified to maintainkasb unity
as awhole.

A flexible but robust swarm (flock or school) care b
compared to a human’s body (Gunji et al., 2010).tHis
sense, an animal group might recognize externalctdjn the

environment by an embodied cognitive process (\daeglal.,
1992, Pheifer and Scheier, 2001, Pheifer et ab72Human
body awareness can be described by a sense of shimer
(i.e., the sense that | am the one who is undeggain
experience) and of a sense of agency (the senseédtare the
initiators of our actions) (Wegner et al., 2004aHiss, et al.,
2008. Although a body appears to be very stable and
unambiguous, it is well known that synchronous weitactile
stimulus can make body illusions, such as the mulblaed
illusion (Botvinick, M. and Cohen, 1998) and an-ofdbody
experience (Lenggenhager et al., 2007, Ehrsson,7)200
possible. The body is also a robust and flexiblstesy that
can be adapted to environments. The problem stittains
whether a swarm, flock and school can be compaved t
“body” in these senses.

Here, we show how inherent noise in conjunctionhwit
organisms’ mutual anticipation can actively conitéto the
generation and maintenance of a robust swarm onguter
model. Mutual anticipation was implemented
asynchronous updating and back propagation thrdingé.
The time slice of a swarm is thus so complex thstvarm is
robustly maintained and contains inherent turbudenthe
model was constructed through observations of eoklabs,
Mictyris guinotae(Bradshaw and Scoffin, 1999, Shih., 1995,
Peter et al., 2010). Our model can reproduce arsveatering
and crossing water through the emergence of a yhighl
concentrated subpopulation driven by inherent tierize; an
hourglass of crabs showing regular oscillations;d an
collision-based-computing logic gates implementeg &
swarm ball. The generation of these behaviors digpen the
robustness and flexibility of swarming. Finally, wegue that
a body-like character is embedded in our swarm imiodéhe
form of the interplay between anticipation and mgmo
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Swar ming by mutual anticipation

Through observations of soldier crabs in the Iriteno
Islands, Okinawa Prefecture, Japan, we discovenexdeafor
inherent turbulence in collective behavior. A swafisoldier
crabs always contains inherent turbulence such
individuals in a swarm have different velocitieshile the
swarm maintains a coherent and dense unity. Inheren
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turbulence in particular plays an essential role in
water-crossing behavior. When a small swarm ofieplctabs
confronts a water front, it cannot enter the wated moves
along the perimeter of the water pool. In movingnal the
water front, inherent turbulence creates a higllycentrated
locus inside the swarm, which can then enter andscthe
water.

If inherent turbulence provides the essential meisima to
generate robust collective behavior, an importargstion is
whether this robustness can be distinguished fitaimilgy. In
the context of stability, perturbations conflict thvi the
mechanism that generates order. In the contexbmistness,
inherent noise positively contributes to the geti@na of
collective behavior. To implement inherent noiseg w
proposed a mechanism of mutual anticipation based o
multiple potential transitions.

Basic model

A model is defined in a discrete spaceSof Swith S= {1,
2, ..., Suax}. The co-ordinate of th&" agent at the™ step is
given by

Pk, 1) = (x, y) 1)

wherexJ S yO S andk O K={1, 2, ...,N}. Eachk" agent at
thet™ step ha$® number of potential vectosgk, t; i) with i 0

I ={0, 1, ...,P-1}. If i = 0, the vector iz(k, t 0), which is
known as the principal vector. Otherwise, the wved®
represented by the angh, such that

v(k, t i) = (Int(L7; cos@+&)), Int(Lr sin(@.+&))) v

where for any real numbes Int(x) represents integef such
thatX < x < X+ 1.L is the length of principal vector. Because
of the wrapped boundary belongs toS If i # 0, random
valuess, andé are selected with equal probability from [0, 1]
and [am arf, respectively. The target of the vector is
represented by(k, t i) = P(k, f) +v(k, t i).

The mutual anticipation depends on the popularityao
site,

{(x, v 1) = [k, £ i), KOK, i01 |7kt D)=(x, Y},
If B(kOK)P(k, D£(X, Y);
0, otherwise. 3) (
(%, v, t) represents the number of potential transitioneseh
targets reach the site,(y) where there is no agent. Before
updating the location, for any,(y) at thet™ step andw(x, Y
t)[{O, 1} we setat(X, y; t) = 0.

The agents’ locations are updated asynchronoustiiete
existsi O | such thaf(r(k, t i)) = 2, the next site for the"
agent is defined by

Pk, t+1) = r(k, § ), (4)
wheres satisfies the condition such that for any I, (7(k, t
9)) = {(1(k, t i)). These conditions ensure that an agent moves
to the most popular site. If multiple sites satigfis condition,
one is chosen randomly. Because the popularities ar
propagated backward in time, agents in a swarm can
anticipate each other’'s moves.

A set of updated sites is representedJay= {(x, y) 0 Sx
S|Pk, t+1) = , y)}. The vacated site generated by equation
(4) is recorded in memory agx, y; § = Lif Pk, § = (X, y)
andP(k,t+1) O Uy. An agent that is not updated by equation
(4) then moves to the vacated site by

P(k, #1) =Rd[(x, YON: | alx, ¥, 1)=1}, (®)

if [{(x,y) 0N | aX,y, )=1}] = 1, whereRdJ represents an
element randomly chosen from getandN; is the follower’s
neighborhood. The agent moving by eq-(5) is calkd
follower because it follows a predecessor.

If an agent is not updated by (4) or (5), it mokigs

P(k,t+1)
=Rd 7(k, t i)] (6)

whereK’ is an index set of agents that are not updated. An
agent moving by eg-(6) is called a free mover.

Finally, principal vectors are locally matched withch
other in the neighborhood through velocity matchig This
matching operation is expressed as

(OK)PG, )z a(k, t i)Or(k, t)OUy }

()

The bracket withM represents the operation of averaging
velocity directions in the neighborhodd,

Fig. 1a shows the neighborhood of velocity matctangd
of the follower. Figure 1b shows the procedure elogity
matching, mutual anticipation, and following.

G 1= <G Pwm.
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Figure 1 Schematic diagram of the transition anueti
development of the model simulation: (a) Principaktor

(black arrow) and alternative vectors (red arroa&h crab
(blue square) in the matching neighborhood withi nag(pale

gray lattices) and the following neighborhood witdii r¢

(pale gray + pale blue lattices). (b) Transitiofisc@abs in a
two-dimensional discrete space. Velocity matchifag (eft),

mutual anticipation (second from left), followingch free
movement (second from right) and the resultingrithistion at
the next step (far right). (c) Time development (500-850)
of our swarm model of 100 agents, wikh= 20,0 = 0.9,L =

4, ra=1;=2.



First, velocity matching is applied to the prindipactors,
and the agents then move to the most popularsit& §ite in
Fig. 1b), yielding a vacant site (pale blue siteFig. 1b).
Highly popular anticipated sites propagate backwartime,
revealing the asynchronous transitions. Thus, nhutua
anticipation is here implemented by back propagaitictime.
Agents move to a vacant site if it is within thdldwer’s
neighborhood. Fig. 1c shows a series of snapshbtsuo
swarm model. Each agent is represented with it$ep-s
trajectories. It is easy to see that a swarm costairbulent
motion despite maintaining a highly dense whole.

Fig. 2a shows polarization/density of a swarm phbtt
against external perturbation in our model wkh= 1.
Polarization is defined by the length of the averaglocity
over all agents in a swarm. Density is defined gy average
number of agents in the neighborhood of*2Q0 lattices. In
the model withP = 1, the external perturbatiod, is randomly
chosen from [0, 1] and is coupled with velocity oiibg.
When the projected velocity of agent is expresseghav), Vi
+ andy, + £ are given for the unit vector. = 1, the model
corresponds to BOIDS because each agent has omy on
velocity. The coherence of a swarm can result dnbyn
velocity matching or high polarization; the mordgrized and
dense the population, the less external pertunbtiere is.
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Figure 2 Polarization/density plotted against pition. (a)
The polarization/density ratio plotted against exa
perturbation in the model witR = 1. (b) The ratio plotted
against internal perturbation, which is definedttas number
of potential transitions normalized by the maximammber
of potential transitions. For this pld,ranged from 1 to 30.

Fig. 2b shows the polarization/density of a swalotted
against the inherent perturbation in our model. Tr@rent
perturbation is expressed b} ¢ 1)Pyax, WhereP is given
from 1 toPyax (30). The more inherent noise (i.e., mé&e
that is present, the higher the density and theelothe
polarization are. This relationship reveals thdiighly dense
swarm is generated by mutual anticipation and/tweiant
noise. For this reason, a coherent swarm (i.eiglayhdense
swarm with an extrinsic boundary) contains inherent
turbulence.

In the next section, we illustrate how inherent seoi
positively contributes to robust swarm behavior by
demonstrating the role of noise in water-crossiegavior,
hour glass behavior and collision-based computing
implemented by swarm balls.

Water -crossing behavior

The water-crossing behavior observed in real soldie
crabs can be easily approximated by our model.nfroduce
a tidal pool into the simulation, we define a sfiecreal, ]
SXS in which the condition allowing mutual anticipatios
replaced by

{(nk, t 1)) =c. (8)

The valuec is an integer larger than 2. Because 2, it is
more difficult for agents to go through the atda Only by
introducing the specific aréd, can we simulate the behavior
of crossing water.
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Figure 3 Snapshots of the time development of swarm
trajectories in a model simulation. Numbers in tipper left

of each plot denote the time step. Each agentpeesented
with its 5-step trajectories. The rectangle locatethe center
indicates U,, which represents a tidal pool. For these
simulations,P = 10,a = 0.3,L = 4, andr, = r; = 2. Blue and

red arrows represent the directions of motion adrsms. Blue
circle represents highly concentrated area of arawa

Fig. 3 shows a series of snapshots of our swarmemod
demonstrating water-crossing behavior. Although irgls
agent or a small swarm cannot enter the tidal podiighly
concentrated, large swarm can enter and crossdhlepool.
These behaviors are consistent with the behavibrseal
soldier crabs observed in Iriomote islands.

Fig. 4 shows the frequency of a swarm invadingtitial
pool in a model given bl = 20,a=0.5,L = 4, andr, = r; = 2.
For each experiment, we prepared 2000 cases ofaanmsw
confronting the tidal pool. If the size of a swaaxceeds a
certain value, a constant high probability of irwasis
achieved. If P is smaller, the possibility of which the
popularity exceeds the threshold decreases. Thhe, t
minimum size of a swarm invading the tidal poolrgases.

Because a swarm generated by our model is so ritatst
a swarm can go through the tidal pool once the wemters



the water. Yet, if an agent is isolated in the wateen he or
she cannot move and is left alone. This phenoménhatso
observed in real solider crabs.
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Figure 4 Frequency of a swarm invading a tidal pasla
function of swarm size.

Hourglass made of soldier crabs

In field observations, we found a soldier crab mgyi
along the wall in a closed container, and we creaa
hourglass made of real soldier crafidishiyama et al.,
2011) Forty soldier crabs are collected and are coméim
a closed container, where the floor was made ofk cor
providing friction enough to walk for soldier crabl$ the
container is left for while, solder crabs walk ajathe wall in
keeping a half-broken swarm. Since a concentratveairs
oscillates along the wall, the hourglass made fisocrabs
produced periodic oscillations for approximatelytar three
hours with a period of 70 seconds.

This behavior can be approximated by our model by
slightly modifying one rule.

To simulate hourglass behavior as shown in Fignd &,
we introduced a tendency to walk along a wall. fibarglass
scenario is constructed as follows. We first defitlee wall
state for any latticex( y) such that

w(x, y)=1 if the site is the wall state;
0, otherwise.

9)

In the hourglass simulation, an agent can be Idcatdy at a
site wherew(x, y) = 0. The angle of tangential direction is
defined for each wall state sit&, (y) and is represented by
a,(x, y). The tendency of walking along a wall is defirmd

a=Rd g p+1}

BRA 8,(x, YIA(Pk, 1, x, )< d(P(k, 9, (U, V), w(x,
y):W(U, V):l, (Xv »! (U, V)DNW}'v (11)

whered((p, 9, (x, y)) represents the metric distance between
two sites p, g) and &, ), andN,, represents the neighborhood
of wall-monitoring for each agent. If an agent Isse to the
wall with respect td\, the agent’s velocity4,; is parallel to

(10)

the tangential direction of the wall. After this evption,
velocity matching (equation (7)) is applied to adjents. Only
from (10) and (11) can agents close to the walkvaédng the
wall and other agents pass using the shortcut.

Figure 5 Snapshots of the time development of swaoue

in the model simulation for the hourglass. Timegaeds from
left to right and top to bottom. For this simulatj® = 10, a =
0.5,L =4,andr, = r; = 2. Each agent is represented by a black
square with its own trajectory. First (top leftjrain swarm is
located at right hand, and then it moves to thie(tep right).
After that the swarm moves to the right again (rf@dzénter),
and so on.

A solitary agent separated from a flockmate in our
model undergoes a random walk because a potential
transition is randomly chosen for each step. It folloved th
potential transitions stand for inherent noise. Wheneve
agents are highly concentrated, mutual anticipatiom ca
occur; inherent noise positively contributes to foraease
swarm. Thus, even if agents are exposed to large external
perturbations, the perturbed transitions cannot be
distinguished from inherent noise. A swarm resulting from
mutual anticipation is thereby robust to external
perturbation. In order to demonstrate the robustness of
swarm we implement “crab hour glass” (Nishiyama et al.,
2011).

Fig. 5 shows snapshots of model simulations. It was
assumed that an individual has a principal vector patallel
the tangent of the wall if it was close to the walwhich
the direction is chosen with uniform probability t@ b
clockwise or anti-clockwise. Other rule settings were th
same as in previous models. In the simulationsh hig
concentrations initially occurred at the left or righdgn
and the swarm rotated anti-clockwise. Most of the
individuals walked along the wall, and some followed
shortcuts. After a long period, the rotational direction
reversed from clockwise to anti-clockwise and vice-versa.

The numbers of individuals in the divided areas (left,
center, and right) shows regular oscillations (Fig. & T
oscillating behavior of the model satisfies the praperdf
an hourglass of real soldier crabs. This oscillation
mechanism is different from the periodic pattern of insect
swarms based on escape-and-pursuit behavior.
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Figure 6 Numbers of agents in the left (blue), eefited) and
right (green) areas of the container over time. FEus
simulation,P = 10,a=0.5,L =4, andr, = = 2.

L ogic gates made of soldier crabs

A swarm is so robust that it can be used as a fball
collision-computing (Adamatzky, 2002). In additiada the
hourglass model, we prepared a special scenamdich the
area in which agents can move freely is tightlyrmed by a
wall, and there is a gradient of preferred directid@he
constructed OR gate made of agents is shown in7Fig.

Each diagram of Fig. 7 shows a snapshot of theviehef
OR gate in time. Two entrances on the left represgout
positions for two variableg andy, and one exit on the right
represents the output position foDRYy. If a swarm is present
at positionx, this state represents1. Agents move along the
wall and rightward because of the gradient. After tollision
of two swarms (each consists of 40 agents), theedidwarm
moves rightward and reaches the output positiorevéalsx
ORy=1for &, y) = (1, 1). Because ORy = 1 for §, y) = (O,
1) or (1, 0), andk ORy = 0 for §, y) = (0, 0), this setup can
implement the OR gate.

Figure 7 An OR gate of swarm balls. A swarm ballsists of 40
agents. Each agent is represented by a square tsitB-step
trajectories. Four snapshots of a swarm at diffetieme steps are

numbered. Red arrows represent the direction ofiomodf a
swarm ball.

AND and NOT gates were also constructed using arswa
Fig. 8 shows the behavior of an AND gate. In eaeym,
two entrances on the left represerandy for input, and the
three exits on the right represenAND NOT(y), x AND v,
and NOTK) AND vy, respectively. In the central exit on the
right, there is a tidal pool in which a small swazemnot enter.
We define the tidal pool as a specific arfdg with the
thresholdc = 10. Because a swarm of 40 agents at the input
position cannot enter the tidal pool, it retredterethe contact
with the tidal pool and moves toward the outputxoAND
NOT(y).

Figure 8 An AND gate of swarm balls. A swarm ball comsst

40 agents. Each agent is represented by a squtretsvb-step
trajectories. Four snapshots of a swarm at diffetiere steps are
numbered. Red arrows represent the direction ofiomodf a

swarm ball.

Figure 9 An AND gate of swarm balls. A swarm ball comssadt

40 agents. Each agent is represented by a squtrdtsvb-step
trajectories. Four snapshots of a swarm at diffetieme steps are
numbered. Red arrows represent the direction ofiomodf a

swarm ball.



Fig. 9 shows the behavior of an AND gate fanj = (1, 1).
In this case, the collision of two swarms creatdarge and
united swarm, which enters the tidal pool. Thusyréted
swarm produces the output &f AND y. If a swarm ball
located at the input position gf is part of the logic gate,
NOT(X) AND y can be utilized for NOKj for inputx. Thus,
this device can be utilized as a NOT gate. In &AND gate
for (x, y) = (1, 1) sometimes the united swarm does notrente
the water pool. It results in low performance (72%)
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Figure 10 Another AND gate of swarm balls. A swarml bal
consists of 40 agents. Each agent is representedsyare with
its 5-step trajectories. Four snapshots of a swardiffarent time
steps are numbered. Red arrows represent the diregtimotion

of a swarm ball.

Thus we construct another AND gate as shown in Fg.
We set the initial principal directions of agenty khe
direction along the corridor represented by redwasrin the
diagram 1 in Fig. 10. Actually we implement thidegay real
soldier crabs. If the soldier crabs are set airihi@l position
and are threatened by a shadow suddenly appehesdniove
straight. That is underlying implementation corsging to
the initial setting for principal vectors of agenthe swarms
go straight. After the collision the united swarmoves
following the united vectors. The performance dbtAND
gate is beyond 95%.

We here show three dynamics of our swarm model,
water-crossing, hourglass and logic gate behavidise
underlying mechanisms are based on mutual anticipadr
inherent noise, which contribute to a robust, ceheswarm
containing inherent turbulence. The characteriiégibility
and robustness of a swarm can be compared to anfsima
body awareness. A bird flock forms a large sub-dontiaat
scales linearly with flock size. Because the prtporof the
correlated domain against flock (body) size is tams the
flock appears to move as a single body (Cavagah,e2010.
Our model can also show the scale-free correlatian has
been observed in starlings and soldier crabs (Muralet al.,
2011). We believe that mutual anticipation is a &egnponent
in the generation and/or embedding of body awaseires
system. We now implement these logical gates blysaédier
crabs, and the results will be given anywhere.

Robustness of a swarm plays an essential role
water-crossing, hourglass and logic gate behavidesause
of robustness, a swarm can cross the water witheirg
fallen into separated, hour glass shows periodidlagson and
logic gate shows high performance. In our modekight
noise (i.e. a number of potential transitions facle agent)

contributes to make a robust swarm. Even if externa

perturbation is very large, the inherent noise oanbe
distinguished from external perturbation. It erstathat even
external noise can coordinate to a robust swarm.

Even if the external noise increases, density and

polarization of a swarm is not changed at all ancblaust
swarm is maintained, as shown in Fig. 11. The exler
perturbation is given by the product of the strrmfta noise,
A and random variabl&, The random variable, is randomly
chosen from [0, 1] and is coupled with velocity aieig.
When the projected velocity of agent is expresseghavy), vy

+ Aé and vy, + A& are given for the unit vector. In this
simulationP = 20,a = 0.5,L = 4, andr, = r; = 2. We tried other
conditions with respect td®, and obtain similar results of
polarization and density for 18<20.
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Figure 11. Polarization and density of a swarm gemed by
the model plotted against external noise.

In the next section, we discuss the significancenafual
anticipation to embodiment.

Future and Past coordinate Present

The question whether a swarm, flock or school hsingle
consciousness or body has been addressed by gatesji
kinetic data from real animal groups and model &tns. A
notable finding is that a swarm or a flock has aleséree
proportion of correlated domains, which reveals ediéd
collective behavior. Although it has been suggested the
interplay between anticipated states and memongsstean
contribute to a scale-free correlation in an asyobus
updating model (Gunji et al., 2011), our model he first
attempt to implement the interplay of anticipated anemory
states in a swarm. We here discuss the relationsinipong
the concept of body awareness, the interplay otipated
and memory states, and flexibility and robustness.



Body awareness is studied in terms of a sense néship
(So0) and of a sense of agency (SoA) in neuroseieinds
known that SoO and/or SoA can be easily implantedn
object instead of a participant's own body through
synchronous interplay of visual and tactile stimuli
(Ramachandran et al., 1996, 1998

The generation of SoO and SoA in cognitive systbas
also been studied. Fig. 10a shows a schematicasiiagf SoO
and SoA in sensory-motor coupling (Pfeifer, et @007,
Gallagher, 2000, Synofzik, 2008). After receivingtanulus
from the environment, a controller (brain) computhe
anticipated state of its motor to adapt itselftte €énvironment.
The order from the controller is sent to the motrd the
actual state is revealed. A reaction from the emwirent is
received again. In this scheme, the anticipatete gtiacessed
on motor command is compared to the original indenin a
controller. Because the comparison between thecipated
state and the original intention is executed betbee motor
moves, it constitutes a feed-forward process. Imtrest, the
actual state of the motor is compared to the caigimtention
after the movement of the motor. This dynamic dtutsts
feed-back process. SoA is thought to be relatedato
feed-forward and SoO to a feed-back process (Gaiag
2000).
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Figure 12. Sense of ownership (So0) and sense oicagd&o0A)

in embodiment compared with body awareness in a swavdel.
(a) Schematic diagram of SoO and SoA in a sensorgmot
coupling system. (b) The schematic diagram of So©S%oA in a
system in which the sensory-motor distinction is uegn the
“embodied body”. (c) SoA and SoO in our swarm moddlie
arrows represent back propagation in time from ahg&cipated
popularity of transitions.

Because adaptive cooperation in a system entads th
exploitation of decentralization and embodimeng thody
includes redundancy resulting from reciprocal dotsl
among components (Cruse et al.,, 2006uch redundancy
makes it possible to achieve complementary intgrp&ween
different modalities without forced learning andheasult in a
vague distinction between body and environment ¢avella
at al., 2006). The body and/or the boundary betvikerbody
and the environment is perpetually generated aridtaiaed.
The scheme involving SoO and SoA when the enviraime

sensor and controller are mixed up in the form ofiybis
represented in Fig. 12b. The motor command and ma®
here represented by their featured, anticipated raathory
states. In Fig. 12a, SoO and SoA constitute a tukical
system. However, if there many redundant paths from
controller to motor and embodiment between partsthef
system can occur (i.e. the boundary of subsystems i
sensory-motor system becomes indefinite), the icglship
between SoO and SoA in Fig. 12a can be replacettidiyin
Fig. 12b in which SoO and SoA are distributed ipagallel
manner (Gunji, Sonoda & Niizato, 2011). The coniosct
between SoO and SoA is dynamically generated tarens
consistency.

The dynamical connection between SoA and SoO is
embedded in our swarm model. Through mutual argip,
the anticipated popular sites are propagated backingime,
which can reveal actual transitions by asynchronggating.
Due to asynchronous updating and the avoidancelli$ions
by agents, a swarm is perpetually generated ashareat
system. These features can give rise to dynanegibfe and
robust swarming. After that, actual transition ig@morized
and is utilized as a principal vector to generateefent noise
(i.e., potential transitions) along the principa&ctor. SoO is
here implemented as a reservoir to generate inhamése or
potentiality.

The underlying mechanisms of SoO and SoA emerge
clearly in our swarm model. The interplay of amggation and
memory plays a central role in flexible and robsisarming.
This interplay is characteristic of body awaren&ecause a
swarm is generated as a “body”, it can show a @tter
density containing inherent turbulence. The swarmobust to
perturbed environments. A system that appears toinbe
equilibrium (e.g., a swarm ball or hourglass shanperiodic
oscillations) is in fact perpetually and robustigngrated far
from equilibrium. The idea of a “body” is thus welkfined
not in the context of stability but of robustness.

Conclusion

Based on the field observations of soldier crabgtyris
guinotae we find that inherent noise can contribute to a
dynamic and coherent swarm in which internal tuzbaoé
continuously flows. We implement such a phenomemnpan
aggregation of agents of which each one have nhltip
potential transitions and can anticipate with eattier. As a
result we obtain dynamic and robust swarm evennagahe
external perturbation.

Due to the robustness the swarm cannot be disturbed
perturbed environments such as water pool, and lmn
utilized as hour glass and logic gate. They ardirpirary
implemented by real soldier crabs, and that can be
approximated by our model.

Since the swarm model is equipped with anticipatod
memory, the model can be compared to the comparaidel
for SOA and SoO in body image, as long as a hibieat
structure is given up. Two loops including antitguhstate or
past state (memory) can cooperated with generatirey
current state. This structure is an essential sirecto
generate human body image. Our argument entails &ha



swarm structure in our model can have a similaucsire.
Actually in the swarm a part of the swarm can bevedoand
operated by the swarm itself (corresponding to SttAgsults

in a coherent and robust swarm as a whole not falles into
collapse of the swarm. This is the first step torert the
swarm with body image with respect to inherent time
structure.
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