The Swarm Inversion Assignment

Robert J. Marks II

Abstract—TFirst is the assignment. Then some background.

Given simple agent rules, a swarm’s emergent behavior can be
difficult to predict. The inverse problem is typically even more
difficult: given a desired emergent behavior, what are the rules
by which swarm agents should obey? Disjunctive fuzzy control
is proposed as a method to model swarm agents. Compared to
more commonly used conjunctive fuzzy control such as proposed
by Mamdami, disjunctive fuzzy control is robust and disjointed
connected. Instead of agents working together to achieve a goal,
each swarm agent contributes individually to the result. As is the
case with social insect swarms, the emergent behavior displays
gracious degradation as agents are lost. Disjunctive fuzzy control
allows adaptation of the describing membership function, as is
commonly done in conjunctive control.

I. ASSINMENT

o Choose a swarm such as bullies and dweebs or termites.

o Assign each element of the swarm some sensors, e.g.
the distance to the nearest agents, the velocity of nearest
agent, a GPS sensor to let it know its location on the
playground. The choice of sensors is yours, but too many
sensors will invoke the curse of dimensionality.

o Assign each agent performance limits, e.g. maximum
acceleration, maximum speed, and inertia. There is no
fixed set. Choose reasonable constraints though.

o Each sensor for each agent will have disjunctive fuzzy
control using the sensor input as antecedent and, as a
consequent, velocity and acceleration. Twiddle can also
be used.

o Assign a fitness to your swarm performance.

o Search for the fuzzy disjunctive fuzzy rules that optimize
the swarm behavior. You could use particle swarm, ratch-
eted stochastic search, or any other search algorithm.

The goal is to generate an interesting emergent behavior
from the swarm inversion. The assignment is purposefully
vague to allow you to be creative. You are free to choose your
swarm, your sensors, the number of agents, the performance
constraints and the inversion. Some comments.

e Don’t choose too many sensors or too many points in
each disjunctive rule. Remember the curse of dimension-
ality.

o Use any software or software packages you like.

o Inversion will chew up a lot of computer time. You need
to start the project soon.

The final project includes

o A report on what you did.
e Your software.
o Eye candy. For example...

— Pictures describing your swarm.

— AVI or MPG movies of the inversion result.

If you get interesting results and would like some extra
credit for presentation, let me know and you can show the
class.

I’m assuming everybody will do their own work, but if you
would like to work with another, please let me know by the
end of next week. Team efforts are expected to get cooler
results.

If it helps, there is MATLAB code at NeoSwarm.com for
some forward swarm problems.

Here is some background material covering what we have
done in class.

II. INTRODUCTION

Swarm intelligence [5] is based on the emergent behavior of
individual social insect agents performing simple tasks. Swarm
intelligence has found application is telecommunications [10],
[13], business [6], robotics [4], [16], and optimization [11],
[12], makes use of a plurality of highly disjoint agents in-
teracting using simple rules. Simple swarm algorithms have
been employed to assist with load balancing of peer-to-peer
networks [21], routing within mobile ad hoc radio networks
[15], and self-organizing construction and assembly [17].

Often, determination of emergent behavior from simple
rules of interaction in swarm intelligence escapes both analytic
and intuitive inspection [14].

1) Agents roam a wood particle covered floor picking up
particles in their paths. Each agent roams around ran-
domly until it bump into a second particle wherein they
unload their load. Now empty handed, they continue
roaming looking for another particle and the process is
repeated.[5]

2) In a large group of agents, each agent randomly iden-
tifies two other agents and moves to place themselves
between two agents [6].

3) In a large group of agents, each agent, say X, identifies
at random two other agents we label Y and Z. The agent
X moves place agent Y between itself and Z [6].

These are three examples of simple rules that can characterize
a swarm of hundreds or thousands of agents. The rules are
expressed clearly and without ambiguity. The identification of
the emergent behavior of the swarm, however, is not readily
evident in these three cases.!

This three simple examples illustrate the difficulty of the
analysis of emergent behavior in even simple swarms. The

I Once an emergent behavior is identified, however, the relationship
between the rules and the emergent behavior can become more clear. The
emergent behavior for these three cases is in the Appendix (Section IV.



inversion of the swarm, or swarm design, is more daunting.
Given a desired emergent behavior, what are the set of simple
rules needed? We investigate such a design applied to predator-
prey swarms.

III. SWARM FORMULATION AND CONTROL

Disjunctive fuzzy logic [7], [8], [25], [26], [27], [28] is
ideally suited to the control of swarms.

A. Logic Statement

Let C be the consequent emergent behavior of a collection
of swarm agents, {A,|n < n < N}. An attempt to control
the performance of the swarm using traditional conjunctive
implication can be expressed

N
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Disjunctive implication, more conducive to swarm behavior,
is

N
U@, -0 )
n=1

For the Boolean case, there is an identity between the two
implication types
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For fuzzy logic, there is not an identity. There is, however, a
similarity of performance which can often be made equivalent
[27].

In fuzzy form, (2) describes traditional fuzzy Mamdami
control whose use ranges from automobile transmissions to
kitchen appliances [19]. The conjunctive form in (1) can be
written as

then C.
“4)

If ( Ay AND Ay AND AND Ay),

The disjunctive equivalent in (2) is

(If Ay then C) OR (If Ay then C) OR

OR (If Ay then C) 5)

The disjunctive form of implication is seen to be conducive
to description of disjoint agents contributing to a common
consequent as the case with social swarms. Like a swarm,
agents can be lost or added and the goal of the collective
remains the same. The agents can be identical yet collectively
contribute to the swarm’s goal. The conjunctive form in (4), by
comparison, is brittle. Loss of an agent requires reassessment
of the implication structure. Details contrasting the character-
istics of conjunctive and disjunctive implications can be found
elsewhere.[7], [8], [25], [26], [27], [28]

Fig. 1. Illustration of control at the agent level. In this example, there are three
sensors generating antecedents. The consequents are C1 = linear acceleration,
Co = angular acceleration, and C3 = jitter. (Jitter is a random perturbation
useful in swarming and predator evasion.) The three consequents must be
aggregated into a single motion control action, P, which will be constrained
by agent parameters such as maximum speed and physical parameters such
as momentum.

B. Agent

Each of the N agents, {A,}, has its own control. For swarm
environments, we can assume all of the agents are identical 2
A model of an single agent is shown in Figure 1. Sensors on
the nth agent, A,,,, generate the control antecedents, {A,,|1 <
m < M}. There are K consequences, {Cx|l < ¢ < K} for
the agent. The consequences are aggregated as an instruction
to the agent actuator, P. We will assume in our model there
is a single agent actuator.’

When the control process of each agent is fixed, the emer-
gent behavior is determined at least in a probabilistic sense.
Emergence can vary depending, for example, on agent initial-
ization, environmental variations, and stochastic performance
components such as jitter. The degree to which the swarm
is resilient to such variations can be determined by applying
appropriate cost to the swarm performance, C, which, for
a desired performance attribute can be viewed as a random
variable.

1) Disjunctive Agent Control: Here are some reasons to
choose disjunctive rather than conjunctive control over swarm
agents.

« Adaptability. In a four wheel vehicle, one can turn left

by

Ajp: turning the front wheels to the left,

As: turning the rear wheels to the left,

Ajs: braking the wheels on the left side, or

Ay: accelerating the wheels on the right side more than

the left.
Conjunctive control, for N =4 is
N
ﬂ A, —=C
n=1

achieves the consequent goal, C, of turning left by as-
signing contributions of each of the antecedents, {A, }.

2 In other words, the swarm is homogenous and has a single goal. The
agents therefore do not switch among operating modes. In some models
of homogeneous swarms, there are stochastic variations among agents that
are important, for example, in switching smoothly among various modes of
operation,[5] e.g. worker ants converting to soldier ants when their colony is
being attacked.

3 See the caption of Figure 1 for a more detailed example.



In essence, if the steering wheel figures in the control
(antecedents .A; and 45) and we loose the steering wheel,
we have to back to the drawing board to reconfigure the
“turn left” rules.

Disjunctive control allows each antecedent to contribute
to the consequent,

N
U A =0 (6)
n=1

If steering is lost, we can still turn left by braking.
No reconfiguration is required since no interaction or
assignment of relative antecedent contribution has been
made in the *

Linear Versus Exponential Growth in Search Space.
If there are N antecedents and a single consequent, each
requiring {F,|1 < n < N} fuzzy sets, the Mamdami
fuzzy rule matrix for implementation requires

N
Rn =[] Fn
n=1

entries. If all of the F' = F},’s are the same, then R =
N, Disjunctive control, on the other hand, requires

N
R,=Y_F,
n=1

rules. If the number of fuzzy sets is the same, then
R, = NF.The number of fuzzy rules therefore increases
linearly with respect to the number of antecedents rather
than exponentially. In the inversion of the swarm, we
will be searching through a space whose dimension is
determined by a the number of rules. Therefore, besides
its operational advantages, disjunctive control reduces
the search space size thereby avoiding the curse of
dimensionality [23] for the inversion process.

Functional representation. The nth term in the disjunc-
tive expression in (6) is A, — C. Assume the antecedent
A, is tesselated into F,, fuzzy membership functions. As
is with the case of traditional Mamdami fuzzy control,
the sensor reading is fuzzified into a vector of F),
membership values. Since there is a single antecedent,
these values are used to weight the fuzzy membership
functions of the consequent which are then defuzzified
into a single crisp consequent, c,,. From this process, we
conclude that each sensor reading is assigned a single
consequent value. Thus, the value of the consequent is a
direct function of the antecedent which we can write as

Cn = Cn(an) @)

where a, is the reading of the nth sensor. We refer
to the (,(-)’s as actuator functions. The structure of
the actuator functions can be viewed as being formed

Fig. 2. The agent consequent, ¢, becomes the swarm antecedent. There will
typically be more than one agent consequent.

from the structure of the fuzzifying and defuzzifying
membership functions.

Although use of the fuzzification and defuzzification
membership functions has been the past practice in dis-
junctive fuzzy control [7], [8], [25], [26], [27], [28], the
determination of the actuator functions can be performed
directly without consideration of these intermediate com-
ponents. Each of the four rules for turning left, for ex-
ample, are increasing functions of antecedents. Although
not themselves fuzzy membership functions, the actuator
functions can generally be chosen with the same heuristic
freedom as fuzzy membership functions.

The consequent values, {c,}, are then combined into a
single consequent, C'. From (6), a disjunctive aggregation
such as a t-conorm is appropriate. Let the disjunctive
aggregation be denoted by the multidimensional function.

029(017027"'7CN)- (8)

In summary, disjunctive control consists of the following
steps.

1) Acquire the N antecedent values {a,},

2) Evaluate the corresponding consequents ¢, = ((ay,)
using (7).

3) Conjunctively aggregate the {c,}’s into a single
value of using C using (8).

As is done with fuzzy membership functions in conjunc-
tive Mamdami type control, the actuator function can be
parameterized and the parameters adapted [1], [2], [3],
(18]

Agent consequent as the swarm antecedent. As is
illustrated in Figure 2, the agent consequent, ¢, becomes
the swarm antecedent. There will typically be more than
one agent consequent. The opacity of the explanation
facility for this interface manifests itself in the difficulty
of relating individual agent actions to the swarm’s emer-
gent behavior. The inversion required for swarm design

is likewise intuitively illusive.
o Generalization and summary. If we allow M conse-

4 Amusingly, the simple “swarm rule” for NASCAR agents can be stated
as “Go fast - turn left.” [20].



quents per agent, then (8) can be written
Clm] = 0 (c1[m], c2[m],- -+ ;en[m]);1 <m <M (9)

where (7) is now

Cn [m] = Cnm(an) (10)
The flow of control is therefore
{an} = C(n [m] = Cnm(an)
= C[m]=0(c1[m], c2[m],--- ,en[m])
= A
= C. (11)

The single swarm consequent, C, is therefore determined
by this for directly from the agent antecedents.’ Per-
formance in the forward implication chain is dictated
by environmental and physical constraints. For a fixed
set of agent antecedents, {a,}, the swarm consequent
is determined by the actuator functions, ¢, (), and the
disjunctive aggregation functions, 6(-). These functions
can be parameterized and, to effect inversion, the pa-
rameters adapted to yield a desired swarm performance,
C. In a search process, this can be done by assigning a
fitness metric to the consequent and searching for agent
antecedents that result in maximization.

IV. APPENDIX

The emergent behavior resulting from the three simple
swarm rules in the Introduction (Section II) are, as follows,

1y

2)

3)

(1]

This is a simple model used for termites stacking wood
or ants collecting their dead into piles.

This is the protector mode analyzed by Gravagne and
Marks [14]. The emergent behavior is attraction of all
the agents to a fixed set of points. If, in the coupling,
all agents can be linked in the rules to all other agents,
convergence is to a single point.

This is the refugee mode mode analyzed by Gravagne
and Marks [14], all agents diffusively disperse.
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