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Abstract

Spatial aggregation of animal groups give individuals many
benefits that they would not be able to obtain otherwise. One
of the key questions in the study of these animal groups, or
“swarms”, concerns the way in which information is prop-
agated through the group. In this paper, we examine this
propagation using an information-theoretic frameworkisf d
tributed computation. Swarm dynamics is interpreted as a
type of distributed computation. Two localized informatio
theoretic measures (active information storage and teansf
entropy) are adapted to the task of tracing the informatien d
namics in a kinematic context. The observed types of swarm
dynamics, as well as transitions among these types, araxshow
to coincide with well-marked local and global optima of the
proposed measures. Specifically, active information gora
tends to maximize as the swarm is becoming less fragmented
and the kinematic history begins to strongly inform an ob-
server about the next state. The peak of transfer entropy is
observed to appear at the final stages of merging of swarm
fragments, near the “edge of chaos” where the system ac-
tively computes its next stable configuration. Both measure
tend to minimize for either unstable or static swarm configu-
rations. The results here show these measures can be applied
to non-trivial models, most importantly, they can tell usab

the dynamics within these model where we can not rely on vi-
sual intuitions.

I ntroduction

There are many examples of spatial aggregation in animal
groups in nature including schools of fish, swarms of lo-

perception of local conditions. For example, in response
to a predator, many schools of fish display complex col-
lective patterns of motion, including compression, vaeyol
flash expansion, milling, or form highly parallel transtegi
groups (Parrish et al., 2002).

The key questions in the study of swarms and “swarm
intelligence” concern how the local interactions map to the
large-scale behavior. Finding answers to some of these ques
tions has broad implications in ecological and artificied-sy
tems. The way in which information is propagated in animal
groups is poorly understood (Couzin et al., 2006). Recently
there has been some effort to understand this transfer of in-
formation. Couzin et al. (2006) depict schooling of fish as a
type of distributed information processing. The authoks re
fer to the collective memory of the school, and describe a
wave of turning (triggered by a small number of fish react-
ing to some sensory information) as “information cascades”
spreading across the school. The authors comment that such
mechanisms can transmit information at a speed faster than
that of an incoming predator, with such computational capa-
bility providing an evolutionary advantage.

Conjectures also relate known phase transitions in flock-
ing or schooling behavior to the underlying information dy-
namics of the computations they are carrying out. Mira-
montes (1995) describes phase transitions in the maximiza-
tion of activation levels in ant foraging behavior with resp

custs, herds of wildebeest, and flocks of birds (Lissaman and t0 antdensity, and suggests that this is reflected in magimiz

Shollenberger, 1970; Parrish and Edelstein-Keshet, 1999;

Sinclair and Norton-Griffiths, 1979; Uvarov, 1928). Such
aggregations give group members the benefit of protection,
mate choice, and information that an individual might not
be aware of on its own such as the location of a food
source, predator, or migratory route (Camazine et al., 2003
Partridge, 1982). There is considerable evidence in many
species that individuals can only perceive their neighbors
rather than the entire group (Camazine et al., 2003). Typ-
ically, these groups are referred to as self-organizecdesinc
they form without any centralized control.

In self-organized groups, complex large-scale patterns
and structures emerge through individual decisions based o

tion of information transfer between the ants. In a similar
vein, Couzin (2007) describes the phase transition of effec
tive flocking behavior occurring only at intermediate segso
ranges between individual agents in terms of the capaaity fo
information transfer that the sensory range allows: toatsho
a sensory range does not allow enough information transfer
to form cohesive groups; too large a range permits rampant
spreading of irrelevant information which erodes group co-
hesion. These notions are very similar to the generic de-
scriptions of the information dynamics of order-chaos ghas
transitions under the “edge of chaos” hypothesis (e.g. see
Langton (1990)).

In this paper, we examine the propagation of information



in swarms using a recent framework that characterizes the 1
information dynamics of distributed computation in termis o
the elements of Turing universal computation (Lizier et al.
2008b, 2010, 2011, 2007). In particular we seek to mea-
sure how much information is stored, and how much in-
formation is transferred to and by each agent in the swarm
at each time step. The information dynamics of distributed
computation have recently emerged as an important tool for
studying complex systems, such as cellular automata (CAs)
(Lizier et al., 2007, 2008b) and random Boolean networks
(RBNSs) (Lizier et al., 2008a). This approach has quantita-
tively identified the coherent structures known as “gliders
as the dominant information transfer agents in CAs.

We note that the dynamics of animal groups can be seen as
a type of distributed computation. As we will show, at each to another (see (Miller et al., 2011)). One of the advan-
time Step, each agent “Computes" its new state as a func- tages of this model is that it can be scaled up to a contin-
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Figure 1: Normalized amplitudes of the social interaction
kernels.

tion of its previous state and the relative states of eactsof i
neighbors. In this way, information relevant to that congput
tion can be stored in regular patterns of behavior, transfler

uum limit where there are infinitely many individuals ex-
pressed through a density function and a velocity field. The
dynamics of the system is governed by a system of par-

from the relative state of each neighbor, and processed whential differential equations which we can analyze using ool

an agent combines the effects of multiple sources together.

We begin this paper with an overview of the swarm model
and the information dynamics framework. This is followed
by discussion on how we applied the information dynam-
ics framework to swarms, introducing specific techniques to
handle theamorphousomputational structure and measure
state transitions using relative variables. Finally, thsults
are shown and discussed.

Three Zone Modd for Swarms

There are two methodologies for modeling and simulating
aggregations of discrete individuals. Individual-based o
agent-based models are discrete-time models that update in
dividual positions and velocities based on positions and ve
locities at the previous discrete time-step. Particle node
capture swarm dynamics as a coupled system of ordinary
differential equations. Individual-based and particledmo
els can be nearly equivalent if they are designed consigtent
and if the step size of the individual-based model is taken
to be small. Regardless of the methodology, the interac-
tions between individuals drive the dynamics of the model.
A common behavioral model for swarms is to have each
individual respond to neighbors in three concentric zones
that are used to define the behavioral rules of motion (Aoki,
1982; Couzin et al., 2002; Huth and Wissel, 1992; Lukeman
et al., 2010; Vicsek et al., 1995). The individual responds
differently to neighbors in each of the three zones through
repulsion, orientation, or attraction, respectively. Audii
vidual moves away from neighbors in the zone of repulsion,
aligns its velocity with that of neighbors in the zone of orie
tation, and moves toward neighbors in the zone of attraction
In the models featured in this study, we use continuous
kernels to define the zones which describe individual be-
havior with smooth transitions from one type of movement

that are not available to discrete models. While our kernels
do not have compact support, exponential decay guarantees
that individual behavior is dominated by nearby neighbors;
similarly, interactions with distant members is exponahi
small. The three responses are combined to determine the
desired velocityi;. For a reference individual, we de-

fine the displacement vectay; = 55 — 53, wheres'is the
individual's position. The behavioral input vector is then
7711 = 177',1' + 60,1' + CaUa,i:
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wherec, specifies the relative importance of attraction to
orientation and repulsion ang,, £ = {1,2,3}, are con-
stants that control the sizes of the zones. A cross section of
the amplitude of these kernels is shown in Figure 1. The be-
havioral input vector is used in different ways to contra th
change in velocity. Once the velocity has been determined,
the positions are updated accordingly.

We examined the information transfer in two different
second order models. Our variable speed model updates the
velocity by setting

-n+1l _ -n —n —n
@ =+ 6 -k (T, — T7)

(4)

wheredr is the time step length anel is the turning rate.
The constant (unit) speed model updates the direétidny

(5)
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Figure 2: Information dynamics in a distributed network.
For nodeQ), this figure displays the local active information
ag(n + 1,k) and the local transfer entropiesg, _.q(n +

1) andtz,_q(n + 1) from each of the causal information
source € {Z1,Z»} attimen + 1.

where

= [cos 0}, sin 0 ]T,

(6)
)

It has been shown that fog, > 1, uniform infinite swarms
are linearly unstable (Miller et al., 2011). Finite groupatt
are initialized on a square lattice reorganize into an etibra
whenc, > 1. For the variable-speed model, this attractor is
circular with a variable density. In the constant-speedehod
the attractor is anisotropic as well as variable density.
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I nfor mation Dynamics

Information theory (MacKay, 2003) has been well used
in complex systems (Langton, 1990; Miramontes, 1995;
Schreiber, 2000), and is the natural domain to look for
a framework to describe the information dynamics here.
Lizier et al. (2007, 2008b, 2010, 2011) have proposed such
a framework for local information dynamics, describing-dis
tributed computation in terms of information storage, $-an
fer and modification at each spatiotemporal point in a com-
plex system. In this paper, we focus on the first two terms.
Theinformation storage of an agent in the system is the
amount of information in its past that is relevant to predict
ing its future. We will compute thactive information stor-
age (AlS) component, which is the stored information that
is currently in use in computing the next state of the agent
(Lizier et al., 2011, 2007). We focus on the active infor-
mation since it yields an immediate contrast in the relative
contributions of storage and transfer to each computation.
As shown in Fig. 2, théocal active information storagéor
agent() is defined as the local (or unaveraged) mutual infor-
mation between its semi-infinite pa#f) (ask — oo) and
its next statey, ., at time stepr + 1:
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with ag(n, k) representing an approximation with finite
history lengthk. The active informationis the average
over time (or equivalently weighted by the distribution of
(qﬁk),qnﬂ)): Ag(k) = (ag(n,k)). From our computa-
tional perspective, an agent can store information regasd|
of whether it is causally connected with itself. This is be-
cause information storage can be facilitated in a disteiut
fashion via one’s neighbors (Lizier et al., 2011).
Theinformation transfer between a source and a desti-
nation agent is defined as the information provided by the
source about the destination’s next state that was not con-
tained in the past of the destination. The information trans
fer is formulated in theéransfer entropyTE), introduced by
Schreiber (2000) to address concerns that the mutual infor-
mation (as a de facto measure of information transfer) was
a symmetric measure of statically shared information. The
local transfer entropy(Lizier et al., 2008b) from a source
agentZ to a destination ager is the local mutual infor-
mation between the previous state of the souscand the
next state of the destinatiap 1, conditionedon the semi-

infinite past of the destinatioyfbk) (ask — o0):
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Again, tz_,o(n, k) represents finité- approximation, and
the transfer entropyis the (time or distribution) average:
Tzq(k) = (tzwo(n,k)). A schema representation of
the process to compute the local transfer entropy is shown in
Fig. 2. Importantly, the transfer entropy properly measuare
directed, dynamic flow of information, unlike mutual infor-
mation measures which measure correlations only. Note that
one can also condition the TE on another information con-
tributor W to form theconditional transfer entropyL.izier
etal., 2010):
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Information Dynamicsin Swarms

To apply the information dynamics framework to swarm
models, we will need to make two important modifications
to the use of Eq. (8) and Eq. (9).

Accumulation of observations across agents: In CAs,
the probability distribution functions in Eq. (9) for thatrs-
fer entropy from agenf; to (), 1 are estimated over obser-
vations from all agent pairs for the corresponding transfer
channel (e.g. across one cell to the right per unit time step)
the agents there were completélgmogeneoum connec-
tivity pattern and function. In RBNs, the probability distr
bution functions of Eq. (9) were estimated at single causal
pairs@ andZ only, since the agents weheterogeneouis
connectivity pattern and function.



In contrast to both of these applications, swarm compu- e the source variable is the relative positions and velxitie
tation is amorphous with neither homogeneous computa- between the particles at time step
tional structure across agents, nor with fixed computationa e we condition the transfer on the speedofu|™ atn;

relationships between heterogeneous causal pairs. Thatis 4 the past state of the destination is the change in velocity

the causal relationships between agents change too rapidly  f 4, at time stepn; this means we use = 1 due to the
to reliably estimate the probability distribution funati®on finite number of observations:

any transient single causal pair. A pair of particlesand

p2, could be close enough for a causal interaction at one time
step, but move outside the interaction zones at next step.
Therefore, calculating information transfer between &ng
causal pairs over all time would not give us a good represen-
tation of the actual information within the system.

Helpfully, swarm models exhibit homogeneousiync-
tional agents, and so we can accumulate observations for the .
probability distribution functions in Eq. (9) fromverytran-
sient causal interaction. That is, one adds individual aaus
interactions between many different agent pairs to the set
of observations, without requiring any one of those agent
pairs to maintain a causal relationship over all time steps.
When one particle; is within proximity to have a causal ef-
fect over another particlg;, their interaction is counted for
the information-theoretic probability distribution fuiians, . . .
but whenp, is outside cauzal rangeypj 6 observation is mcluo!e)lvln+1 in the next State]n.Jrl (then absprbln¢v|n
recorded. These probability distribution functions caenth ~ INt0 ¢~ @lso to make a calculation of an ordmary transfer
be applied to compute the local apparent transfer entropy €ntropy here); however this ties the tupls,, 0, gni1) 10
between two different particles, andp; which are causally ~ the absolute heading of removing the advantage of accu-

e and the destination variable next state is the change in ve-

locity of p atn + 1.

Note that the destination past, next state and conditioned
variables contain all of the relevant information about the
state updatqn+1|q,(f),wn of the destination variable, from
the perspective (or relative frame of referencepafself.

The relative positional information at any time step (irlu
ing the next step+1) is then obtainable using the change in
velocity terms. Given these destination variables, noaé th
the source variable captures all relevant information fgdm
about the state transition of the destination.

Importantly,|v|™ is included here since the absolute ve-
locity of the particle may have some indirect influence on the
change in state (e.g. by influencing how often the source and
destination have recently interacted). We could additigna

connected at a different time step, because ofhioge- mulating observations over comparable interactions tleat w
neousature of théunctiona"tyof each agent_ had gained from the use of relative variables.
Measuring state transitions with relative variables: In this manner, the local conditional transfer entropy can

Continuing the idea of accumulating observations over com- be estimated for each transient causal relationship. Simi-
parab|e interactions’ we note that if two pairs of partic|es Iarly, the local active information can be estimated from th
have the exact samelative positions and velocities, but ~ destination and history of destination variables of eactipa
have differenabsolutepositions and headings, then the in- ~ Cle interaction. Agents in a swarm can be seen tostrsed
formation dynamics of the two pairs should be the same. As information when their behaviour is predictable from their
such, we will focus our measurements on the computation of OWn past (in isolation from other agents), andttansfer

the Changein Ve|0city of the destination agent at each time information in the way that their relative pOSitionS and ve-
step. Not only does this remain in the spirit of the origi- locities influence changes in velocity in other agents.

nal formulation of the transfer entropy by Schreiber (2000)

(considering how much information a source adds about the Results

statetransition of the destination), but focuses directly on  \ye applied the framework to swarm simulation with the par-
the causal relationship between particles (since a vglocit ticles initially in 3 squares in a checker configuration. Eac

change is computed rather than an absolute velocity). initial square hags x 28 particles, and thus we have a total
Letp’ be a particle that is within another partigl zones of 2352 particles in the system. Fig. 8(a) shows a configura-

of interaction, s andp’ form a causal pair. Our aimisto  tion close to the swarm’s initial positions.

find what influence doeg’ have onp. To reiterates™ is As discussed in earlier section, two different second or-

the position andi™ is the velocity at timen. The relevant  ger swarm models were used: variable speed and constant
variables for the conditional transfer entropy in Eq. (1@} a speed. As discussed earlier, faf > 1, swarms evolve

into coherent attractors, here we sgt= 5 (Miller et al.,

zn ={5p = 8y, Uy — Uy}, (11) 2011). We run the models until the swarms reach a steady
wy, =|v|", (12) state, that is, the shapes of the swarms do not change much.
g®) —gn _ g1 (13) At this po_int, information transfer approaches zero and th_e
" p+1 P computation can be seen as complete. Measuring the in-
=N =N . . . . . .
Gn+1 =Vp ~ —VUp. (14) formation dynamics during this transient period means that

we are studying the computation of the swarm’s steady state.
In other words:
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ﬁ 800 Fig. 4 shows the average storage per particle and average
% 600 transfer per interaction at each time step over time. Compar
E 00 ing this with the total information per time step, we can see
E 200 that the second half of Fig. 4 has smaller magnitude relative
OC\A“— i to the first half. This shows that for > 60 the number of
-2007 20 0 60 a0 00 interactions in the swarm increased. Howeverghapeof

Time the plots do not differ from those in Fig. 3, which means the
Figure 3: Total active information storage and information change in information dynamics values were not simply due
transfer over time for variable speed model. The values are to the change in the number of interactions.
averaged over 1000 repeated experiments, where each ex- In Fig. 3 we can notice three distinct epochs in the in-
periment randomly picked around 0.005% of the total inter- formation dynamics of the swarm: (1) betweenr= 0 and
actions. ~ 20 where there is a small local maxima in the information

dynamics; (2) between ~ 20 and~ 60 where the values

Actve Information Storage] ‘ remain low and constant; and finally (3) between- 60
® Lz = = Transfer Entropy ] and100 where there were large changes in the values.

Fig. 5 shows some snapshots of key steps during the
swarm simulation as identified by Fig. 3. Comparing
the two, we can see that the first epoch corresponds to
when the three initial squares ‘collapse’ to form three slisc
(Fig. 5(a)&(b)); epoch 2 corresponds to the three discs mov-
1 % s ps s 700 ing but not interacting with each other (Fig. 5(c)); and the

Time final epoch is when the three discs come into contact with

Figure 4: Average active information storage per particle €ach other to form a single swarm (Fig. 5(d)-(j)).

Information (bits)

and average information transfer per particle pair intéoac Epoch 3 is the most interesting for the swarm simulation
over time for variable speed model. in terms of the resulting information dynamics within the

system. Both information values start increasing at around
The swarms reach a steady state at the tirre100 for vari- 7 = 59.5 (Fig. 5(d)) when the three separate groups become
able speed model and < 150 for constant speed model.  close enough for the outer particles of each to affect and be
We used a step size dfr = 0.1 (sufficient for resolving affected by those in the other groups.

the dynamics of the swarms) and hence gather data for 1000 As the groups merge, the two outer groups move towards
steps for variable speed model, and 1500 steps for constantthe middle group, squeezing the middle one and triggering
speed model. At every step, each particle has on averageincreases in both storage and transfer. This behaviorreonti
several hundred neighbors within its zones of interaction, ued untilz = 75.1 when the middle group was squeezed to
this means the total number of interactions is in the order of the smallest size it can stand as seen Fig. 5(e), when transfe
1 x 10%, which is much too large for the kernel estimation reaches alocal maximum. High local transfer shows that the
of p. Therefore, we randomly picked a fraction of the in- source is informative about the next state of the destinatio
teractions at each time step for the calculation. We used a Betweenr = 75.1 and76.6 (Fig. 5(e)&(f)), the swarm
frequency of 20000, randomly picking 0.005% of the total tried to reorganize itself to a more stable configuratiorisTh
interactions at each time step. This gives us approximately can be seen from the drop in transfer but rapid increase in
1 x 10° data points, thus we used a kernel width of 0.23 storage values until at = 76.6 when the values reach local
for kernel estimation with a normalized kernel. This is re- minimum or global maximum, respectively. High local stor-
peated 1000 times and the results averaged to give a betterage shows the history strongly informs an observer about

representation of the total interactions. the next state. Thus, the increase in average storage value
) per particle as shown in Fig. 4 shows that the particles’ ve-

Second order, variable speed model locities are increasingly predictable from their history.

Fig. 3 shows the total information storage and transfer at  Betweenr = 76.7 and78.9 (Fig. 5(f)&(g)), the swarm

each time step over all time, e.@jQ ag(n, k). Note that finally merged into one group. Fig. 3 and 4 shows that dur-

this is the average total over 1000 repeated experiments, ing this time information storage decreased while transfer
where each experiment randomly picks 1 in 20000 interac- increased, indicating a transition to another (more sjable
tions for the calculation. Therefore, the actual value $thou  swarm configuration. At = 78.9, the storage value reaches

be 4 orders of magnitude larger than the values shown in this a local minimum and the transfer value reaches the global
figure. Further, while the transfer values are summed over maximum. The maximum transfer entropy value shows that
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Figure 5: Swarm behavior for variable speed model at 10 miffetime stepsz: (a) 9.5, (b) 14.4, (c) 30.0, (d) 59.5, (e) 75.1,

(h)
(f) 76.6, (g) 78.9, (h) 82.0, (i) 83.3, (j) 95.0.

at this point in time, the source agent (the relative pasitio
and velocities between particles) are most informativaiabo
the next state gf. Thus, as the swarm is merging into one
group, the individual particles are under the most influence
from their neighbors.

For = > 79.0, the swarm reorganized itself to find the
most stable configuration, which was achieved around
95.0 (Fig. 5(j)). As the swarm organized itself, both val-
ues fluctuate between local optima, while the overall values
decrease. Fig. 5(h)&(i)(= 82.0 & 83.3) show local mini-
mum and maximum in transfer that followed the global max-
imum. In these plots that the shape of the swarm fluctuates
as it tries to find the most stable configuration.

It is also interesting to note that f@5.8 < 7 < 86.2,
88.3 < 7 < 89 and89.9 < 7 < 90.5 the overall transfer
entropy value dipped below 0. Negative local transfer en-
tropy indicates that the source misleads an observer about
the next state of the destination given the destinatiorss hi
tory (Lizier et al., 2008b, 2010). This can occur when large
numbers of interactions (e.g. in chaotic systems) can make
the effect of any single source misleading when considered
on its own. The negative transfer entropies here show that
for a few time steps, most of the particles in the swarm had
changes in velocity that were relatively unlikely givenithe
relative position and velocity of their neighbors.

Second order, constant speed model
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Figure 6: Total active information storage and informa-
tion transfer at each time step over time for constant speed
model.
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Figure 7: Average active information storage and informa-
tion transfer per particle pair interaction for constargexp
model.

epoch 1, but the total is much larger. For transfer, we can see

Fig. 6 shows the total active information storage and infor- thataverage value in epoch 1 is larger than those in epoch 3,

mation transfer at each time step for constant speed model. which means for this model, there are more interactions with

We can roughly see the three epochs of swarm dynamics in high local transfer entropy when each group of particles is

this plot: 0 < 7 < 22.0, 22.0 < 7 < 48.0, andr > 48.0; “collapsing” into itself than when the groups are merging.

though the epochs are not as distinctive as those in Fig. 3.  Further, while Fig. 6 shows a definite global maximum in
Fig. 7 shows the average storage per particle and averagetransfer in epoch 3, the average shows very little diffeeenc

transfer per causal pair at each time step for constant speedin the per interaction values. This means there are a lot more

model. We can see from the storage plot in this figure that interactions at = 93.2 (global maximum) than at = 58.0

the number of interactions increases in epoch 3, since the (the first local maximum in epoch 3).

average storage in epoch 3 is not much larger than those in  Fig. 8 shows 10 snapshots of the swarm behavior at key



Figure 8: Swarm behavior for constant speed model at 10rdiftdime steps;: (a) 3.2, (b) 7.4, (c) 12.3, (d) 22.0, (e) 58.0, (f)

71.3, (g) 83.0, () 89.0, (i) 93.2, (j) 118.0.

steps as identified by Fig. 6. Fig. 8(a)-(d) shows the swarm
during epoch 1, Fig. 8(e)-(i) shows the behavior during
epoch 3, and Fig. 8(j) shows the final configuration when

the swarm reaches steady state. These snapshots show thaapplying a

Discussion and Conclusions

This study examined information dynamics in swarms,
recently developed information-theoretic

when particles have constant speed, the swarm organizes it-framework of distributed computation to an established

self into anisotropic attractors as discussed in earlieicae
Moreover, the three groups did not ultimately merge into one
as in the variable speed model, but stayed as two groups.

Betweenr = 0 andr = 22.0, both values went through
a couple of oscillations before finding a steady state for the
three groups. This is similar to the behavior of the swarm
in variable speed model, as shown in Fig. 3. Fig. 8(a) corre-
sponds to the first transfer local maximum, Fig. 8(b) shows
the configuration when both information attain local mini-
mum, and Fig. 8(c) corresponds to the local maximum for
the storage value. While the swarm configuration does not
differ much, Fig. 6 shows us that the information storage
and transfer by the particles were constantly changingeas th
swarm organized itself.

For > 22.0, as two of the groups start to merge, the
transfer entropy attains the first (in epoch 3) local maximum
atT = 58.0 (Fig. 8(e)). The local minimum for transfer at
7 = 71.3 is shown in Fig. 8(f), and the next local maxi-
mum atr = 83.0 is shown in Fig. 8(g). We can see from

individual-based swarm model. The approach verified our
conjecture that swarming dynamics can be interpreted as a
type of distributed computation. In particular, we adapted
two localized information-theoretic measures (activeinf
mation storage and transfer entropy) to the task of tracing
over time how much information is stored, and how much
information is transferred to and by each agent in the
swarm. The state variables used in tracing the information
content (stored and transferred) were chosen to be velocity
and acceleration (i.e., change in velocity) — this means
that the information dynamics were traced in a kinematic
context. The experiments were carried out with two swarm
models (variable speed and constant speed), while gagherin
and randomly sampling data over long transients.

The swarming dynamics were shown to be capable of ex-
hibiting distinct configurations, including isolated gpsuof
particles with low levels of interactions, groups that were
actively merging together, and single merged groups that
were retaining stable configurations, with varying degdes

these two snapshots that during this time the group on the inter-particle interactions. Importantly, these typesweell

left rotated90° clockwise. Furthermore, we can still distin-

as transitions among these types, were shown to coincide

guish the two groups. The local storage increases steadily with well-marked local and global optima of the proposed

from r > 22.0 until at = = 89.0 (Fig. 8(h)) it reached the
global maximum. Atr = 93.2 (Fig. 8(i)) the transfer en-
tropy reached the global maximum when the group on the
left finally merged into one where we cannot distinguish the
boundary between the original two groups. This is similar
to the plots in Fig. 3 where the global maximum for storage
occurs before the global maximum for transfer.
For m > 93.2, both values of information dynamics de-

localized information-theoretic measures. Specificalty,

tive information storage (obtained in terms of kinematics,
that is, via velocity-based states) was observed to magimiz
during re-organization from a more fragmented to a less
fragmented non-static configuration. One may argue that
such a transition corresponds to an increase of kinematic or
der as the kinematic history begins to strongly inform an
observer about the next state. Active information storage

creased steadily until the swarm reaches a steady state attended to minimize for either disordered/unstable conéigur

7 = 118.0 (Fig. 8(j)) where both values are constant.

tions (with chaotic inter-particle interactions) or station-



figurations (with low degrees of interactions): in either of

these cases the kinematic history does not help the observer

to predict velocity and acceleration at the next time point.

Transfer entropy, on the other hand, was observed to
maximize at final stages of re-organization from more frag-
mented to a less fragmented non-static configuration. It may
be argued that these stages correspond to the “edge of chaos”

Lissaman, P. B. S. and Shollenberger, C. A. (1970). Formatio
flight of birds. Science168(3934):1003—-1005.

Lizier, J. T., Prokopenko, M., and Zomaya, A. Y. (2007). Dxitey
non-trivial computation in complex dynamics. Pmoc. of the
9th European Conf. on Atrtificial Life (ECAL), Lisbon, Portu-
gal, volume 4648 ol_ecture Notes in Artificial Intelligence
pages 895904, Berlin / Heidelberg. Springer.

when the system actively computes its stable configuration, Lizier, J. T., Prokopenko, M., and Zomaya, A. Y. (2008a). Tine

and the inter-particle interactions intensify as well. rigger
entropy was found to be minimal for either static or very un-
stable configurations (too far into the chaotic regime). édor
over, chaotic dynamics often exhibited negative localdran

formation dynamics of phase transitions in random Boolean
networks. InProc. of the Eleventh Int. Conf. on the Simula-
tion and Synthesis of Living Systems (ALife XI), Winchester
UK, pages 374-381, Cambridge, MA. MIT Press.

fer entropy indicating that the source misleads the observe Lizier, J. T., Prokopenko, M., and Zomaya, A. Y. (2008b). Lo-

about the next state of the destination given the destinatio
history — a sign of information modification. A detailed
analysis of this aspect is left for future research.

Overall, these observations allowed us to interpret distin

phases of self-organizing swarm dynamics via the elements

of distributed computation: storage, transfer, and (avent
ally) modification of specific kinematic information. This

exemplifies once more that the process of self-organization
can be described in terms of information dynamics, and
makes another step towards a general theory of (quided) self

organization.
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