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Abstract

The swarm engineering technique construed in [1] at-
tempts to develop a general methodology that can be
applied in creating swarm-mediated systems. In this
companion paper, we utilize the system established
in [2] to further explore the swarm engineering tech-
nique and show how this methodology can be used to
develop a robust multi-chain robot system in a rig-
orous manner. In addition, we show the benefits of
building a multi-chain robot system using the swarm
engineering technique.
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1 Introduction

In the past, there has been significant interest in
the development of control algorithms for swarms
of agents. Previous research efforts in the field of
swarm engineering includes robot lattice formation
using artificial physics [4]. The method based on ar-
tificial physics uses a dynamic set of equations that
the given agents follow to produce a desired global
behavior of the swarm. In [4], the artificial physics-
based control algorithm involved a set of dynamic
equation based on an attractive and repulsive force.
These forces were utilized to create perfect hexago-
nal and square robot lattices, which was the desired
global outcome. Other control methods in swarm
systems include the use of social insect based control
methods [8] and the application of stigmergy to con-
trol cluster building [6, 7]. In [12], individual agents
are capable of estimating the group size, so that the
agent can join or leave the group to leave the group
size at a pre-determined target value. Though these
efforts certainly have succeeded in their individual
outcome, what is elusive is a more general method
that can encompass swarm systems including sys-
tems based on methods mentioned above, as well as
other systems.
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In the past, one of the many methods of creat-
ing swarms, called swarm engineering, is composed
of two steps[3]. The first step involves generating
a swarm condition, which is defined as a condition
which, when satisfied, leads to the generation of a
swarm of agents which is capable of carrying out
a desired task. No specific method has been cre-
ated for this step, though there have been numerous
methods in past research efforts as mentioned above.
The second step involves the creation of swarm be-
haviors that satisfy the given swarm condition. By
understanding the swarm condition, swarm behav-
iors may be fabricated to fulfill that condition. The
importance of these two steps in creating swarms is
that they are a practical way to produce a general
method to yield a desirable global behavior.

It is hoped that a more generalized and rigorous
method would provide a standard set of techniques
for designing swarms that can be assured depend-
ability [15]. Among the recent efforts is the effort by
[13], which proposes the two major models to iden-
tify swarms, macroscopically and microscopically.
[1], the theoretical companion paper to ours, merges
these two models together into a middle-meeting
method, which is a general guideline for swarm gen-
eration. This method is a rigorous and general tech-
nique for building swarms with pre-specified proper-
ties provably. The method is designed to guarantee
global properties of the swarm as long as local prop-
erties derived from the global properties are satisfied.
This allows for the verification of the system design
before construction.

In this paper, we adapt this new swarm engineer-
ing technique to the robust multi-chain robot sys-
tem, which is an extension of the single-chain robot
system in [2]. The single-chain robot system was
created to search a field for resources without losing
any robots, and bring the resources to the nest with-
out the use of pheromones, GPS (Global Positioning
System), positioned tracking, etc. This led to the
robustness of the system, which allowed us to build
upon the system, creating a robust multi-chain robot
system. The multi-chain robot system improves on
the searching mechanism set forth in [2], since it is



described in [2] that a chain becomes unstable when
it reaches a certain length. Thus, we seek to set a
stable chain limit on these chains and attempt to
engender a set number of chains that can search a
field more efficiently than a single chain can. Al-
though disorder and a certain degree of randomness
is built into the multi-chain robot system, the prop-
erties of the swarm converges to a fixed point [14].
A method for generating a pre-determined number
of chains in the system is developed. Moreover, we
demonstrate how to build a swarm-mediated system
with the new swarm engineering technique. Section
2 describes the system used for our study. Section
3 illustrates the development of our system by the
application of the new swarm engineering technique.
Section 4 describes our simulation and give our re-
sults. In section 5, we discuss the results and in
section 6, we conclude.

2 System

We utilize a two-dimensional simulation in our sys-
tem. The simulation is a pseudophysical “world” con-
taining circular mobile robots. Each robot moves
linearly or in an arc along some direction, but is
capable of changing its direction when faced with
obstacles. Robots may not overlap or move through
one another, and are constrained to a single maximal
movement speed. Each robot is capable of sensing
other robots in the immediate vicinity about a set
radius. Also, each robot has an angular field of vi-
sion of 360 degrees!. We borrow our detailed base
system from [2]. This system is capable of generating
chains of robots which rotate around single station-
ary robots. This rotation allows the chains to grow
more quickly than they would if they were static,
and allows the robots to search the area around the
central robot without the last robot in the chain los-
ing connection to the central robot. The power of
this method, as mentioned before, comes from the
fact that pheromones, GPS, or positioned tracking
is unnecessary in this field search mechanism.

Our perturbation to the simulation is designed to
make a minimal or near minimal change which al-
lows a specific number of chains to be formed and
maintained. As with the original study, each robot is
assigned a relation number which describes its state
and behavior in the chain system. All robots start
initially with a relation number of 0 or -1. Robots
numbered 0 do not change state and always remain
as the stationary robots. Likewise, robots starting

IThis might be accomplished by facing a camera upward
at a cone-shaped mirror with the tip facing down.

off as -1 robots never transition into a 0 robot. Those
with relation number 0 are less common, but a spe-
cific upper limit on these robots’ states is not main-
tained. Robots in the -1 state spiral until they come
in contact with an existing chain or a robot in state
0, which is the stationary base for the chain. Once
the robots in state -1 come in contact with a robot
in state 0 or a chain, the robot in state -1 finds the
robot with the highest relation number in the chain
by moving up toward end of the chain until it reaches
a robot that cannot see a robot with a relation num-
ber one higher than itself. Then the robot that has
found the last robot in the chain renumbers itself
from -1 to a relation number one greater than the
highest found, and joins itself to the chain. In some
cases, we can set the robots in state -1 to stay in the
-1 state for some pre-determined time, keeping clear
of chains, in order to control the rate at which the
chains are formed.

In order to rotate the chain about the 0 robot, each
robot in the chain continually searches for and moves
toward the midpoint of the line segment connecting
the robots with relation numbers one above and one
below it. This keeps the robots chain relatively lin-
ear. The last robot in this near linear chain sets
the rotational speed, because the last robot moves
perpendicularly to the line segment joining it ot the
next robot at its highest speed; the other robots fol-
low, using the method discussed above. So the other
robots in the chain must travel at a slower rate in
order to maintain the linear chain. This allows the
system to rotate, compress, extend, reverse direc-
tion, etc. according to the actions of the last robot.

The system has the unforeseen property that when
adjacent chains collide, they tend to collapse. This
means that many of the agents in these swarms are
released from the chains, and return to a -1 state.
This makes the establishment of a stable chain sys-
tem much harder.

One thing to note is that our system does not seem
to be affected by a change in density. Because our
system is robust in the sense that no robots are lost,
the density of the robots in the field has little effect
on the number of chains.
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Figure 2.1: Above is a snapshot of our system. The size of the
robots are exaggerated for viewing purposes. In this intermediate
stage of our simulation, we can see the formation of chains that
are spiraling around the stationary robots.

3 Swarm Engineering of Chain
System

Our goal is to produce agents with behaviors such
that there will be a set number of chains in a sys-
tem each consisting of an equal number of agents.
In this study, our system consists of 200 robots in
the -1 state and the agent behaviors/properties we
create influence the agents to form 10 chains of 20
robots each. In order to create these agent behaviors
and properties, we utilize the method outlined in the
companion paper [1]. First, we introduce important
definitions. A property, P; of a system is a charac-
teristic of the system that can be measured using a
process that is independent of the characteristics. A
behavior, b;, is defined as the way the properties of
the system change in time. That is,

dp;

P = (1)
And generally we assume that the desired property,
Ps = f(Pl,...,Pn,bl,...,bn)- (2)

Then, the first step is to choose a global goal in terms
of a set of properties of the individual members of the
swarm, and organize them into corresponding initial
and final characteristics. Once these initial and fi-
nal characteristics are determined, we must specify
the conditions under which the final characteristics
become the result of the initial conditions and the
system dynamics. This is known as the swarm en-
gineering condition. In [1], the general swarm engi-
neering condition is rigorously defined as follows: we

want to find a set of conditions such that
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Agents’ behaviors depend on agents’ sensors, mem-
ory state, behavioral strategy, and position. So the
important thing is to create behaviors that are con-
tingent on realistic sensor states and internal states
which provably yield the desired global property.

3.1

First, we define our swarm condition that will lead
to our global goal. Let the property of the swarm

Ny
P, =) H,
i=1

where H; is the chain length of the chain that robot
i is part of and N, is the number of robots. It is
understood that if the robot is wandering, H; = 0.
This is one of many properties of the swarm that
can be used to control the global goal. Then, if all
robots are in chains of desired length /4, then this is
equal to N,lj. Plugging this into (3), we obtain

Generation of Swarm Condition

(4)

} >, dH;
lim

T—00 Jo§ 4 dt
=1

=IgN,. (5)
This is the behavior we need to fulfill in order to
generate our global property, where we assume that
dg" is controlled by the individual robot behavior
that we have direct control over. So we attempt to
use this behavior to make each chain grow toward
lg.

N ext, we describe the behaviors of each individual
agent as a function of its different states. Since our
system consists of {N,} agents, we assume that the
lth agent’s state may be completely described by its
internal state, m , its sensor state, s, and its posi-
tional state, p!. We may then represent the global
behavior bs as a function of these different states.
First, we define the coupling between agent [ and the
global behavior by C%(pl,inl). Next, we describe
the individual behavior of the agent by AB!(inl,s!),
assuming that agents have no memory. Then, the
overall behavior may be expressed as follows

bs = ZCS(p ,inl)AB!(in!, s!). (6)



In our case the coupling is direct and so we may
represent C% as

cL=1 (7

because each robot can always determine the length
of the chain it is part of. We then can rewrite (6) as

N,
bs = Z AB'(in!, s). (8)
1=1
This expresses the idea that we are only concerned
with the robots in a chain. Since each robot in a
chain has an internal state equal to the chain length
of the chain it is in, equation (8) changes to

N'r
bs = Z ABI(HI, Si)
=1

9)

where AB'(H;,s') expresses the behavior when the
internal state is H;. Now, (9) mirrors (5) in the
following way

lim Tbsdtz lim [ g~ dH; =lgn,
700 g =00 Jo & dt
T N»
= lim i I_ZIABI(Hl,sls)dt (10)
Thus,
ABY(H; s\) = % (11)

and we know (5) is a behavior, which is solely de-
pendent on each agent’s sensor states and its single-
valued internal state. Now we may construct the
local behaviors of individual agents to satisfy the
swarm condition.

3.2 Design of Local Behaviors

The global top-down method provides for a require-
ment of local behaviors, but it does not explicitly
define any specific local behavior. The bottom-up
method is used to generate and theoretically test the
local behaviors.

There are three cases we need to account for in
regards to number of chains in a system. The first is
the case that there are fewer chains than the desired
number of chains in the system. This is controlled
by incorporating a maximum chain length limit into
the agent behavior. The agents are not able to join
chains if they see that the last robot in the chain has
a relation number that matches the maximum chain

length. This prevents the creation of long chains
that could cause the formation of fewer chains than
our global goal. In the second case, there might be
more chains than the desired number of chains. This
may occur when relatively short chains are dispersed
around the field. When this happens, there must be
a restorative force that reduces the number of chains
in the system. We accomplish this by implementing
a chain degeneration probability that breaks apart
some chains and add their constituents into the re-
maining chains. It is necessary, however, to build
the system in such a way that the probability of
the shorter chains breaking apart to join the longer
chains is much greater than the probability of the
longer chains breaking up to join the shorter chains.
The third case is when we have exactly the same
number of chains as the desired number of chains.
In this case, each chain is of length [z, and every
chain has reached a static state.?

The behaviors outlined above will force dgi to
increase toward l;. Thus, dg" satisfies (3), which

shows that our defined behavior will engender the
global goal.

4 Simulation

Our simulation consists of 300 total robots in an
arena 1000 units by 1000 units. We initially begin
with 200 -1 robots and 100 stationary zero robots.
Each of these robots has a diameter of 1 unit, but
in the snapshots we use in this paper, their sizes are
exaggerated for viewing purposes. Initially, the -1
robots randomly spiral as they search for station-
ary robots. We implement the chain construction as
described in the last section. A chain will sponta-
neously disintegrate with a probability given by

p = —0.000425] + 0.0085 (12)
where [ is the chain length. This occurs via a mecha-
nism mediated by a propagated signal from the robot
at the end. This control mechanism based on the
monotonically decreasing probability function tends
to remove the smaller chains entirely, allowing their
agents to add themselves to other chains. The result
is lengthening chains whose number is controlled, as
illustrated in Figure 4.1. The run illustrated is typi-
cal, as the number of chains is controlled so as to pro-
duce a size, in this case, of 10.14 & 2.43 after 200,000
iterations (robots move a maximum distance of 2,
each iteration).

2The random chain collisions can break even stable chains.
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Figure 4.1: This graph illustrates the number of chains in
the system under the behavior of the swarm. The top graph illus-
trates the first 1000 iterations of simulated time, while the lower
graph expands this to the first 100000 iterations. Notably, a very
quick decline in the number of chains is evident during the first
1000 iterations. The system remains relatively stable for one hun-
dred thousand iterations, oscillating around the desired number
of chains.

By running the simulation with different probabil-
ities of chain destruction, we can produce different
means of number of chains, as shown in table 4.1.
This reflects the interplay between the chain dis-
solution mechanism and random collisions between
chains. If the probability is high, many agents con-
tinue circulating. If it is too low, small chains tend
to last long.

| Probability [ Mean | Standard Deviation |
-0.00031 + 0.006 | 14.99 2.37
-0.000351 + 0.007 | 13.26 2.46
-0.00041 + 0.008 | 11.16 2.46
-0.000451 4+ 0.009 | 9.23 2.40
-0.00051 + 0.01 7.35 2.27

Table 4.1: This table shows the mean of number of chains
under a specific chain destruction probability after 50 runs. As
we can see, a smaller probability allows more chains to remain
as stable chains, engendering more number of chains. As the
probability of chain destruction increases, the number of chains
decreases, as well. The standard deviation does not particularly
vary with the probability of chain destruction, but the standard
deviation we have is the result of the random interactions of chains
that constantly collide, destruct, and then reform based on the
probability.

5 Discussion

Here we introduce a formal proof on how the chain
degeneration probability tends to increase the length
of individual chains. The probability of an agent

breaking away from an existing chain, Py, is ex-
pressed as follows

Py, x (¢ —la), (13)

where ¢ and « are constants, and [ is the length of
chain. Next, the probability of an agent joining an
existing chain is

Pj o I2. (14)

P; is a square function of the length of a chain
because the chains sweep around in a circle when
searching for agents. Now considering two chains of
lengths, I; and l2, where Iy = ls — 1, the ratio of the
net movement from Iy to Il over l» to I is as follows

Pb(ll)Pj(lg) _ (c—lla)(ll + ].)2 > 1

By(l)Pi(lh) (e = (b + D)e)(h)?

Since the ratio is bigger than 1, there will be net
movement of robots from shorter chains to the longer
chains, proving that dg" satisfies (3).

One thing to note is that the variance results
from the movement of the chains, which causes the
chains to collapse in collisions between different ro-
tating chains. However, we include the rotation of
the chains to hasten the process of chain formation,
as the sweeping chains can pick up more spiraling
robots to join the chains. When chains do collapse,
however, the system naturally builds more chains to
reach the desired number of chains. This constant
process of destruction and construction of chains is
the cause of the variance.

(15)

6 Conclusion

One of the missing links in the development of a
principled science of swarms is the development of
techniques that allow the design and potential anal-
ysis of swarms. In this paper, we have applied a
new method proposed in [1] to a decentralized lin-
ear swarm first described in [2]. By utilizing this
method, we were able to develop local agent-level
behaviors that were expected to generate a global
property, in this case the number of chains. Applica-
tion of the new agent-level behaviors demonstrated
that the system is capable of exhibiting this property
as desired. The importance of this new methodology
is that we can verify, before building swarms, that
the swarms will perform the specific global tasks that
are desired.

In essence, we must generate the local behaviors
that are capable of being performed by the individual



agents in the system. In the multi-chain robot sys-
tem, the local behaviors consist of the robots’ ability
to change states and to either join or destroy exist-
ing chains. Next, we must generate a global property
based on the local properties that have been previ-
ously determined. In the multi-chain robot system,
the global property we want to generate is the de-
sired number of chains. We are able to control the
number of chains with a decentralized swarm sys-
tem and without the individual agents having any
knowledge of the number of chains in the system.
By carefully controlling each individual agent’s be-
haviors, what emerges is an emergent property that
gave forth a pre-determined number of chains.

What we have laid forth is a general mechanism
that can be generalized to many swarm-mediated
systems. This will potentially allow us to analyze the
steps in creating swarms in a more rigorous manner,
thus ensuring provability before construction, as we
have showed in the application of the new swarm en-
gineering technique to the robust multi-chain robot
system.
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