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1 Introduction

In this dissertation proposal, I present a framework for learning how swarm systems will
behave, given their operating parameters. Frequently when studying swarm systems, one
has an understanding of the low-level local behaviors as well as an understanding of the
high-level emergent behaviors. What is not typically understood is how these levels relate
to one another. The contribution of my work is a system for learning correlations between
low-level local behaviors and high-level emergent behaviors.

Complex systems are comprised of a large number of individual and independent agents,
operating autonomously. Agents in these systems observe their local environment and then
behave according to some program. What makes these systems interesting is the emergent
behavior that is resultant from the low-level interactions. Examples of complex systems in
the physical world include ant colonies, bee swarms, multi-celled organisms, fluids, gasses,
and street traffic. All of these systems consist of small agents (ants, bees, cells, particles,
cars) that produce some high-level emergent behavior. Researchers have developed compu-
tational models of swarm systems, such as bird flocks [27], ants [2][6], locusts [4], and fish
schools [24]. Also, naturally occurring systems have served as inspiration for many prac-
tical applications, such as optimization algorithms [7][9], computer graphics [25][26], data
visualization [12][21][23], and multi-robot systems [13][14][16][22][30]. All of these systems
are implemented at the agent level and have no intuitive connection to the high-level emer-
gent properties of the system. The developer of the software must have an understanding
of how the low-level parameters will affect the high-level properties in order to implement
the system. Even so, from personal experience in working with these systems, tweaking the
parameters (i.e., debugging the emergence) is a tedious process. This problem is even more
confounded when the software is passed on to another developer: low-level parameter values
are often obscure and seemingly arbitrary. For example, biologically accurate computational
models of ants [6] and fish [24] have tens of parameters, all with different value ranges
with short and vague descriptions. My goal is to make this process more intuitive by using
machine learning and search techniques to learn correlations between low-level parameters
and emergent properties of the system. This way, users and developers can interact with
the system through a top-down interface, instead of manually tweaking low-level parameters.
Similar to how a high-level programming language abstracts away unnecessary machine-level
details, I plan to do the same with controlling swarm systems.

Rarely is there an obvious, explicit and mathematical understanding of how the param-
eters of the low-level workings affect emergent properties. For example, high-level emergent
properties of gasses are easily identifiable: pressure, temperature, density, etc. These prop-
erties result from the interactions and individual behaviors of the particles in the system.
This low-level behavior of the particles is dictated by rules of physics, each of which may
contain a number of parameters and constants. However, determining a mathematical model
of how the properties of the particles affect the high-level emergent properties is not trivial,
even if one has an explicit model of the physics of the system. My goal is to use established
and novel machine learning and search techniques to build models of the correlations be-
tween emergent behavior properties and the low-level parameters through a learning process
named Rule Abstraction. This concept is illustrated in Figure 1 (left). Is it possible to apply
machine learning or search algorithms to develop models of how the local interactions of
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particles affect high-level emergent properties of a gas?
Another goal of this work is to demonstrate that emergent properties in some systems can

be decomposed into a layer of lesser emergent properties. These lesser emergent properties
are the result of some low-level behavioral properties of the lowest unit in the system (e.g.,
a particle in a gas, an ant in a colony, a neuron in a brain). Algorithms are applied to
learn correlations between the low-level properties and the lesser emergent properties, and
vice versa. This structure is illustrated in Figure 1 (right) and should remind the reader
of a multi-layer neural network with an input layer, output layer and a hidden layer. This
structure is called a Rule Hierarchy, which models emergent systems more intuitively and
efficiently. Rule hierarchies can be extended to any number of layers.

Rule abstraction and rule hierarchies will be usable for a diverse set of applications. In
general, rule abstraction can be used for classification of emergent systems and for provid-
ing swarm-level control. Classification of swarm systems is defined as predicting how the
swarm system is expected to act without observing the system in action. For example, rule
abstraction will be able to idenfity the density of a flock of agents, before the system is
executed—just given the low-level parameters. Swarm-level control is defined as determin-
ing what low-level parameters the system should use to satisfy some set of desired high-level
properties of the system. For example, rule abstraction will be able to determine what
low-level parameters should be used, given a desired density value of a flock of agents.

The specific contributions of this work includes the concept of rule abstraction and the
framework it provides. In addition, this work will enumerate several implementations of
algorithms for rule abstraction and domains it has been applied to for use as examples
in future work. In this proposal, I will formalize the rule abstraction and rule hierarchy
mechanisms. I will provide a survey of learning and search algorithms that I have applied
to learn correlations between high-level and low-level parameters. Then, I will discuss the
several application domains which I propose to apply rule abstraction to. Finally, I conclude
this document with a research plan.

2 Related Work

There has been work in developing “swarm-level control” for specific domains, in which
researchers develop mathematical formulas [30] or describe swarm-level properties of systems
at an abstract level [6][16]. All of these previous efforts required human intuition to develop
the models. Rule abstraction is significantly different from these approaches because it
provides a domain-independent learning framework that can provide mathematical models
of abstract properties automatically. A human is only needed to set up the necessary pieces
of the rule abstraction—the rest will be handled by the learning algorithms.

For example, in work by Spears et al. [30], the authors develop a physics-based control
policy for a swarm of mobile robot agents. With this, the swarm-level behavior of the system
can be described as a mathematical equation. This mathematical analysis of the system is
useful and precise, but will not always extend to other domains. Also, some level of human
intuition was required to develop these equations. Rule abstraction may not develop models
that are as accurate as the theoretical behaviors developed by Spears et al., but it will do so
autonomously with methods that can be extended to other domains.
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emergent properties

lesser emergent 
properties

low-level agent 
behavior parameters

Figure 1: A rule abstraction correlates values of emergent properties with low-level agent
behavioral parameters (left). Rule hierarchies are an extension of this idea, and are comprised
of any number of rule abstraction layers (right). The lowest level (the low-level agent behavior
parameters) are variables in the complex system software. All higher-level layers are abstract
properties of the resultant emergent behavior. Each double headed arrow represents an
individual “rule abstraction” process.

McLurkin has developed a library of swarm robot macro actions that provides an intuitive
swarm-level interface to a swarm system [16]. These macro actions include follow the leader,
form groups, disperse evenly. This work is another example of human intuition being used
to develop swarm-level control of a specific system.

Lerman et al. discuss “macroscopic models” of swarm robot systems [13][14] and is similar
to rule abstraction in motivation. In this work, the authors model agents as finite state
automatons (FSA) and then describe the agents as Markov processes. With this approach,
the macroscopic behavior of the swarm can be studied by analyzing the number of agents in
any state at a particular time. Rule abstraction differs from this in two major ways. First,
the authors do not discuss how inverted analysis could be applied: that is, given a value for
the macroscopic behavior, generate parameters for a swarm with that property. However,
this was probably not an explicit goal of their work. Second, the way the authors model
agents is more restrictive than the model used in rule abstraction. Some swarm systems,
such as boid flocks, behave based on a sum of forces, not as FSAs. Therefore, Lerman et
al.’s work may not be able to intuitively model such a system. Meanwhile, rule abstraction’s
view of an agent can represent an FSA: the parameters in a rule abstraction would include
properties of each state of the FSA as well as transition probabilities. Therefore, I believe
that rule abstraction is more general than the work by Lerman et al. and will be applicable
in more domains.
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Rule (r1)
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a =
T(r1, r2, ... , rn)

Rule (rn)

Figure 2: The mapping between low-level parameters and an abstract property can be
represented as a mapping function T : r→ a.

3 Rule Abstraction

Rule abstraction is the process of finding correlations between low-level rules and abstract
properties in a complex system. In this section, this definition is expanded by explaining the
framework’s components and the methodology for discovering these correlations.

Abstract properties are used to relate the agents’ low-level behavior to a single abstract
parameter. An abstract property is represented as a function (often user-provided) that
yields a quantitative value based on a swarm’s emergent behavior. For example, consider
the Reynolds boid flock domain [27]; a system where agents flock like birds following three
simple rules. The density property in this system in a can be described as the number of
agents divided by the area covered by the swarm. The parameters of the low-level rules are
values that modify the behavior of the rules. For example, an agent’s center rule in the
boid flock domain generates a velocity vector towards the center of the swarm (c) with a
magnitude of rcenter ∗ distance(agent, c). The parameter of the center low-level rule, rcenter,
adjusts the strength of the behavior. If the low-level parameters for rules r1, r2, ..., rk are
denoted by a parameter vector r = r1, r2, ..., rk, and the parameter of an abstract property of
interest is denoted as a, then the correlation between the low-level and abstract parameters
can be represented by a mapping function T : r → a, as illustrated in Figure 2. Then, to
provide swarm-level control, the transfer function is inverted: T−1 : a→ r.

For example, suppose a boid flock swarm with an arbitrary density of 5 boids per square
inch is desired. The abstract property a in this situation is density, while the configuration
vector r specifies the parameters of the low-level rules (number of agents, avoidance, cohesion,
and alignment). Rule abstraction generates a mapping T−1 such that the user specifies a
desired value for a and retrieves a possible configuration of r:

{25, 1.34, 3.73, 112.3} = T−1(5).

Similarly, if the user wishes to know how a swarm will behave without running a simulation,
the transfer function T may be used:

5 = T ({25, 1.34, 3.73, 112.3}).

In this example, the low-level rules to the abstract property have effectively been “ab-
stracted”.
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Learning these mapping functions is the fundamental challenge in generating abstract
rules. Although T and T−1 could be manually specified, as was done by Spears et al. [30]
for flocking and Lerman and Galstyan for foraging [13], a more practical approach would be
to learn the mapping function by observing the swarm-level behavior in various conditions.
The goal is to learn how changing the low-level parameters affects the value of the abstract
property (T ) and vice-versa (T−1). To learn these mapping functions, an algorithm is applied
to the rule abstraction framework to represent T−1. This algorithm searches through the
configuration space of r to find a satisfiable value of an abstract property a. For example, a
hill-climbing approach would see which modifications to r can be made to improve the fitness
by running simulations, then iteratively changing the current solution to the parameter values
that yield the closest value to the desired abstract property value. The algorithms that have
been used for rule abstraction are listed later in this document.

A challenging aspect of defining r← T−1(a) is that the function may produce many-to-
many mappings. That is, there may be several possible configuration vectors rk that generate
the particular value a for some abstract property. For example, in the boid flock domain, the
density can be increased to a specific amount by lowering the avoidance weight, increasing
the cohesion weight, or one of several possible combinations of the two. Usually, the set of
solutions S : {s1, s2, ...} can be expressed as a linear combination or as an exhaustive list.
This problem can be handled after the algorithm finds S by selecting a discrete point sk ∈ s
to be returned to the user. Several strategies are suggested for selecting this point, such as
choosing the most central point to avoid borderline cases, choosing the point closest to the
previous state to prevent any radical changes when modifying the behavior of an existing
swarm, or simply choosing a random configuration. The best strategy may depend on the
application for which rule abstraction is being used.

4 Rule Hierarchies

Rule hierarchies are a natural extension of rule abstraction: abstract properties that have
been developed for a system could be used as low-level properties in a higher-level rule
abstraction. In this case, a rule abstraction hierarchy with three layers would be created.
This procedure can be applied iteratively as long as higher levels of abstraction exist in the
system. For example, in a particle swarm optimization domain (discussed in more detail
later in this document), three layers could be implemented: (1) the lowest layer with the
low-level parameters that dictate the behavior of the individual particles, (2) the mid-layer
with swarm-level properties such as density, average velocity, and cohesiveness, and (3) the
top layer with abstract concepts such as the running time of the algorithm and the goodness
of the solution returned. Each correlation between each of these elements, in each of these
layers, can be learned with algorithms, such as the ones proposed later in this document.
Once the rule abstractions are completed, swarm-level control over the fitness parameters of a
particle swarm optimization system would be possible. Also, given the low-level parameters,
how well the system will perform could be determined without actually running the swarm
system. In addition, more detailed, yet still intuitive, controls are provided by the mid-layer.

Rule hierarchies will be an extremely useful tool in modeling complex systems. Not
only do they provide an intuitive model of a system, but they make modeling some systems
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possible in the first place. For example, developing artificial general intelligence by simply
applying rule abstraction to a collection of accurately modeled neurons with a top-level layer
of cognition would not be a tractable problem. A multi-layered approach could make this
goal achievable.1

Individual rule abstractions in a rule hierarchy can be learned in three different ways: (1)
learn each individual rule abstraction as if each were an isolated problem, (2) learn the entire
hierarchy simultaneously, or (3) some combination of the two. All of these have advantages
and disadvantages. Mainly, if each individual rule abstraction is learned separately, different
sets of observations for each may be needed. If learning is performed all at once, each
observation will contribute to each rule abstraction. On the other hand, learning several
correlations at once may introduce unexpected side effects. Local maxima and different
learning rates could affect the end result and return a poorer solution. I plan on exploring
all these options and gathering analytical results that compare and contrast the different
strategies. Each approach will be compared to one another based on the learning times and
accuracy of the model generated.

5 Algorithms for learning

Many search and machine learning techniques can be used for rule abstraction to model the
transfer functions T and T−1. Recall that the direct-mapping function T can be expressed as
a supervised machine learning regression problem: given a configuration vector r, determine
the expected value of the abstract property a. The inverse-mapping function T−1 can be
expressed as a search problem: given a desired abstract property value a, find a configuration
vector r that generates this behavior.

One special consideration that must be taken is the computational complexity of calcu-
lating the fitness or evaluation function when performing heuristic search, since the fitness is
calculated by running a swarm simulation. For example, consider a genetic algorithm using
a population of 1,000 with a swarm simulation that takes six seconds. Approximately 100
minutes would be required to execute a single generation. Search techniques that invoke
the fitness function less often will behave faster in this situation, making some approaches
faster than others. For example, many hill-climbing approaches (e.g., gradient ascent and
simulated annealing) only store one solution at a time and take one path to the goal fitness.
In contrast, population-based techniques (e.g., genetic algorithms and particle swarm opti-
mization) call the fitness function several times per iteration and as a result may not run as
fast.

Another way to overcome this computational problem is to use machine learning tech-
niques to base predictions on previously observed states (i.e., existing training data). How-
ever, the common regression question that machine learning techniques answer is inverted.
Instead of asking “what value does this observation result in?”, “what observations will yield
this value?” is asked. For example, in a decision tree approach, what sequence of observa-
tions that will produce an output is determined, not vice versa. To do this, leaf nodes of the

1This particular problem of modeling the brain is discussed in more detail in a position statement devel-
oped by Miner, Pickett and desJardins [20].
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decision tree that match the output desired by the user are found. Then, the set of ancestors
of this leaf node is returned as the configuration vector r.

Dealing with learning in a changing environment is an open problem with rule abstraction.
Currently, all examples used to build models of complex systems are treated with the same
weight. I plan to explore how each of the learning algorithms outlined here deal with this
problem and determine if they could be extended to handle constantly changing environments
to adapt models over time.

In the rest of this section, I enumerate the algorithms that I have used for rule abstraction
to show that the framework is flexible enough to handle a wide range of swarm design
problems.

5.1 Hill climbing

A straightforward way to compute T−1(a) is with a search algorithm such as hill-climbing.
This method iteratively adjusts a current configuration randomly, keeping the new config-
uration if the produced swarm is closer to the desired state. A series of iterations of this
process being applied to the boid density domain is shown in Figure 3. Simulated annealing
has also been used, which yields very similar results to stochastic hill-climbing, except that
it does not get stuck in local minima, if there are any.

This approaches suffers from slow running times if the swarm system takes a significant
amount of time to execute. For example, stochastic hill-climbing takes approximately one
minute2 to compute the desired configuration shown in Figure 3 after iterating ten times.
This would not be fast enough for real-time applications. For these reasons, other search
techniques that make many calls to the fitness function, such as particle swarm optimization
and genetic algorithms, do not work well in this situation. Machine learning techniques,
which use previously observed configurations, have quicker query times than search tech-
niques.

Hill-climbing approaches typically work well if there are relatively few local maxima. For-
tunately, many common swarm domains have abstract behavior values that change mono-
tonically with changes in the parameter settings. For example, increasing the avoidance
parameter in a boid flock decreases density.

5.2 Simulated annealing

Simulated annealing [10] has been found to require more iterations than stochastic hill climb-
ing at reaching a goal abstract property in the form circle domain and the boid density do-
main. This is because the benefit of avoiding local maxima that simulated annealing provides
is unneeded with these two domains, which have monotonically increasing abstract property
values.

I expect that this algorithm may find more use in more complex domains. However,
simulated annealing suffers from the problems that other search techniques have: searching
is typically too slow to be useful in real-time applications.

2Running times were measured on a 2.2 GHz Intel Core 2 Duo.
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Figure 3: Stochastic hill-climbing progressively searches for a desired density by starting at
a low density then moving towards a higher density. In this image, the progression from an
initial configuration to a final desirable configuration is shown. The bounding circle is the
area covered by the swarm.

5.3 Sample/interpolate

A basic technique that has been developed for use in rule abstraction combines sampling
and inverted interpolation. Before the rule abstraction application is queried, the program
is supplied with a sufficiently detailed sampling of the configuration space. This data set
is generated by systematically sampling configurations and recording the resulting abstract
property values. Then, interpolation is used to generate a continuous map through these
sample points.

Many interpolation techniques can be used for sample/interpolate; however, the resulting
models must be invertible. Interpolation, without any modification, provides the mapping
T (r) of the rule abstraction. However, this function is inverted to produce T−1(a). This can
be done in either of two ways: (1) algebraically solving for r in the interpolation equations, or
(2) interpolating discrete points to increase the resolution of the data set. The first option
is the cleanest and represents the solution space in a functional way. Solutions are often
returned as linear combinations, allowing the user to choose the desired point analytically.
The second option is less precise than the first, since its accuracy is bound to its resolution.

Two-dimensional triangular linear interpolation with a Delaunay triangulation of the
data set has been used for sample/interpolate. This method is useful when data points are
added “on the fly,” since the Delaunay triangulation and the interpolation can be updated
incrementally. Unfortunately, this approach is only applicable in two-dimensional domains.
A more general approach, for any number of dimensions is to sample evenly, then apply
linear interpolation (e.g., bilinear interpolation for two dimensions, trilinear interpolation
for three dimensions) to the points. This has the disadvantage that points cannot be easily
added to the data set; however, it does simplify the interpolation process.

An advantage of this class of techniques is that queries take nominally constant time
to return a result. However, the preprocessing step to construct the interpolation can be
expensive. In multi-dimensional, complex domains, where the swarm simulation takes several
seconds (or longer) to execute, this sampling becomes intractable. Also, these prior built
models may become obsolete if the domain changes, since they are static. Any changes that
are made to the domain will require the data to be resampled. This is a problem in domains
where the conditions may change outside of the scope of the swarm system parameters.
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5.4 Inverted decisions trees

In a decision tree approach for use with rule abstraction, the sequence of observations that
will produce an output are returned, not a classification. To do this, leaf nodes of the decision
tree that match the output desired by the user are found, then, the configuration vector r
as the set of ancestors of this leaf node is generated.

This approach would be useful in domains that have discrete valued parameters. Swarm
systems with this property are rare and I do not plan on implementing any domains with
this property. However, continuous valued parameters may be discretized to a particular
resolution.

This algorithm will be implemented at the very least because is a superb example of
inverted machine learning techniques.

5.5 Inverted kernel density estimation

Similar to decisions trees, kernel density estimation takes in a configuration vector r and
returns an expected value for a. This process is inverted such that kernel density estimation
is passed the value for a and a list of possible values for r that could generate this behavior
is returned.

Kernel density estimation is very mathematical in nature. That is, the process of inter-
polating a is defined as a mathematical equation. Therefore, I am optimistic in being able
to “invert” these equations algebraically.

5.6 Inverted k-nearest neighbor

The structure of k-nearest neighbor is very similar to kernel density estimation. However,
I am skeptical that a straightforward mathematical inversion is possible. I cannot find a
elegant mathematical equation that represents the choosing of the k nearest points.

One approach being considered is to generate a segregated mapping of the space, in a
similar vein as Delaunay triangulation. These fragment will have the following property:
any two points that lie in a fragment, will share the same k-nearest neighbors. When the
user makes a query, the list of spaces will be searched and fragment with the closest k-
nearest neighbor value match will be returned. This approach will be very dependent on the
resolution and distribution of the sample points.

Another approach would be to simply “enhance” the resolution of the space by using
k-nearest neighbor. For example, if the user submitted a query, a previously observed con-
figuration with the closest abstract property value could be returned. If the resolution of this
space is enhanced by applying k-nearest neighbor to several random or evenly distributed
points over the space, these new points could be returned as well. This approach can be used
with many different algorithms listed in this document, such as kernel density estimation
and sample/interpolate.
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6 Domains

Rule abstraction and rule hierarchies will be tested in the context of a wide variety of complex
systems. One of my goals is to demonstrate that rule abstraction is domain independent
and flexible enough to handle different system properties. Also, some domains are included
for a particular purpose or outlining a particular feature of rule abstraction. Additional
domains may be considered if the feature set of this work cannot be fully tested in the ones
enumerated in this section.

6.1 Form Circle

In the Form Circle domain, the agents align themselves around a circle’s circumference,
forming one unfilled circle. The sum of forces from the three low-level rules and the number
of agents contribute to this emergent behavior:

1. Avoidance repels agents agentx and agenty away from one another with force:

ravoidance/distance(agentx, agenty)
2

2. Circle moves an agent towards the perceived existing circle. The agent calculates the
average distance from its local neighbors to the center (distanceavg) and conforms to
this distance by moving towards the center with force:

rcircle ∗ (distance(agentx, center)− distanceavg)

Note that if distance(agentx, center) is greater than distanceavg, the agent will move
away from the center because the difference produces a negative magnitude.

3. Center attracts an agent towards the center of the environment with force:

rcenter ∗ distance(agentx, center)

This rule is kept relatively weak and contributes little to the final force.

4. The number of agents N is treated as a low-level parameter. Although N does not
directly affect any individual’s behavior, the number of agents does affect the swarm
behavior.

This domain is considered to be a “toy domain”: it has no purpose other than being a
simple test for rule abstraction techniques. The swarm does not inhibit any chaotic behavior
and the configuration space is monotonic and smooth.

6.2 Boids

In the boid swarm domain, agents follow the traditional Reynolds boid rules [27] that gen-
erate flocking behavior. As in the the original work, this emergent behavior results from the
summation of the following forces:
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1. Avoidance repels agents agentx and agenty away from one another with force:

ravoidance/distance(agentx, agenty)
2

2. Center attracts an agent towards the center of the flock with force:

rcenter ∗ distance(agentx, center)

3. Align steers agents towards the average heading (~vavg) of neighboring agents. This is
done by applying a velocity vector to the current agent’s velocity vx:

~vx = ~vx + (~vavg − ~vx) ∗ ralign

In our experiments, two abstract properties are focused on: density and chaos. Density
measures how spread the agents are. Chaos represents how much internal motion in the
swarm there is, relative to the swarm as a whole. If the average velocity of the agents is
greater than the velocity of the swarm as a whole, there is extra motion occurring that is not
contributing to the swarm velocity. For example, a flock of geese have a lower chaos value
than a bee swarm.

6.3 Geometry

The “geometry domain” has been an interesting and useful toy domain for rule abstraction.
In this domain, agents self-organize into geometric shapes such as circles (described in the
form circle domain section) and polygons in both two and three dimensions.

This domain is particularly interesting because it has two classes of agents when forming
polygons: corner agents and edge agents. Agents select with a very simple election algorithm
which agents are to be corners. Then, the different types of agents follow a unique set of
rules which self-organize into the shapes. Triangles and squares have been formed in many
unique ways and polygons of higher degree. Also, tetrahedrons have been created in three-
dimensional space by applying very similar rules to form triangles in two-dimensions.

This domain will be used to develop a strategy for applying rule abstraction to discrete
valued parameters. Discrete values require a different kind of search and in many situations
may be easier since the space is smaller. However, it does introduce its own challenges
since interpolation techniques that would return real numbers (e.g., k-nearest neighbor and
sample/interpolate) cannot be used here.

Also, there are many different rules available in this domain for forming shapes: ranging
from detrimental, to useless, to important. This domain will be used to demonstrate that
rule abstraction can decide which rules are important and which are not, given a body of
rules.

6.4 Wireless Sensor Network Layout

Due to the multi-agent nature of wireless sensor networks (WSNs), rule abstraction could
be applied. The goal was to measure three basic abstract characteristics of a WSN (cover-
age, connectivity, and density) by using four low-level swarm rules (avoid closeness, move
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to center, and stay in borders), hopefully revealing a relationship between the two. A net-
work/swarm simulator that enabled us to manipulate the layout of a simple WSN in a
2-dimensional Euclidean grid was developed. The simulator treats the network as a swarm
in the background; each sensor represents a swarm agent that moves/acts according to the
four rules above. By running thousands of simulations, ranging over different combinations
of the ruights and network configurations, the results showed general relationships between
the rule weights and the WSN abstract characteristics do in fact exist. However, the other
direction of rule abstraction has not yet been implemented: given a desired abstract level
property of the WSN, what configuration should be used to generate this behavior?

This work demonstrates the viability of swarm rule abstraction beyond simpler domains
(e.g. shape formation) as a means of providing swarm-level control of a swarm, as opposed
to inefficient low-level control via manual rule weight manipulation (you can expand on this
obviously)

There is still work to do in the WSN domain. The experiments were limited to a ho-
mogeneous network in a featureless 2D environment. New work involving heterogeneous
networks, obstacles, 3D environments, and more advanced rules has yet to be investigated.
The immediate goal is to make structural improvements to the simulator.

The majority of the work in this domain, including implementation, experiments and
documentation were performed by Peter Hamilton and is outlined in more detail in his
undergraduate thesis [8].

6.5 Particle Swarm Optimization

Particle swarm optimization (PSO) is a swarm intelligence technique for finding a solution
to optimization problems in a multi-dimensional, continuous search space [9]. Basically,
PSO has a multitude of agents that “swarm” around good solutions, hoping to find better
solutions. Agents in PSO are in predetermined “neighborhoods” in which all members of the
same neighborhood share the neighborhood’s highest fitness found. Each agent keeps track
of its personal highest fitness found, its neighborhood’s highest fitness found and the global
highest fitness found. Then, an agent moves towards each of these maxima with a force of
predetermined strength. Additional parameters specify the number of agents and how much
momentum agents have. Momentum is defined as how much of the agent’s velocity vector
in the previous time step is carried into the next time step.

The motivation for applying rule abstraction to this domain is that when particle swarm
optimization is used, typically there are no guidelines for determining appropriate parameter
settings for the following: the number of neighborhoods, the size of the neighborhoods, the
constants in the force equation (personal best factor, neighborhood best factor, global best
factor, momentum), the initial spread of the agents, and the initial velocity. Rule abstraction
can automatically optimize the performance of a particle swarm optimization algorithm by
adding several abstract properties: density, center, average velocity, total velocity, etc. For
example, by controlling the density of the swarm, one can control the breadth of the search.
With a lower density, more of the search space will be explored with less detail. With a higher
density, less of the search space will be explored, but with higher detail. In effect, density
could be a crude control for breadth versus depth. More observations into the behavior of a
PSO algorithm would bring more abstract properties.
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Once all these abstract properties are built with some sampling or learning technique,
two abstract properties on top of these mid-level properties are now built. These higher-
order abstract properties represent what is being optimized: the goodness of solutions and
the speed at which they are determined. Rule abstraction then finds a correlation between
the abstract properties listed above and the performance of the algorithm, allowing users of
PSO to deliberate on the speed versus accuracy tradeoff through intuitive abstract properties,
instead of manipulating low-level parameters directly.

This process of optimizing swarm intelligence behavior can be applied to other population-
based optimization algorithms, such as ant colony optimization [7] or genetic algorithms.

7 Evaluation Criteria

The effectiveness of rule abstraction must be evaluated at two levels:

• Measure the effectiveness of rule abstraction in learning accurate correlations between
low-level parameters

• Measure the effectiveness of rule abstraction in providing an intuitive swarm-level in-
terface to users

Evaluating the effectiveness of rule abstraction in learning accurate correlations can be
measured in terms of error rates in predictions. This can be measured with cross-validation in
data sets by learning the model of the system with a subset of the data, making predictions
about the rest of the data, then measuring the difference as error. This analysis will be
applied to all algorithms implemented for this work and will be compared. Since many of our
algorithms are commonly used, the purpose of this exercise is not to prove the effectiveness of
these algorithms but to compare them amongst themselves in the context of rule abstraction.
Analysis of this type has been done for sample/interpolate in the form circle and boid density
domain, and is detailed in the Preliminary Results section of this document.

Evaluating the effectiveness of rule abstraction in providing an intuitive swarm-level in-
terface to users may require a user study. The hypothesis that users interacting with abstract
rules instead of low-level parameters should be tested to show that it is true. Assuming that
it is true, a quantitative analysis of the results will show how much better a swarm-level
interface is. A user study may not be necessary if interfaces developed with rule abstraction
give instantaneous results, as obviously this will be more efficient than tweaking parameters.

8 Preliminary Results

Experiments have been ran for rule abstraction using stochastic hill-climbing and sam-
ple/interpolate. Hill-climbing has not been analyzed enough to provide quantitative results
(this is a goal for the near future), but some videos of the process have been generated.3 Sam-
ple/interpolate has been extensively analyzed in the form circle and boid density domains.

3A video showing a boid flock converging to a particular density is available online in the video section
of the website: http://maple.cs.umbc.edu/˜don/projects/SAF/videos/
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Figure 4: Two circles with different radii. The length of the radius is completely determined
by the underlying rule parameters. It is never explicitly specified in the rules.

It has been found to be extremely accurate, but the pre-sampling phase takes a considerable
amount of time. More details of the experiments are in the following two subsections.

Eventually, results will be gathered that test rule abstraction using every algorithm in
every domain.

8.1 Form Circle with Sample/interpolate

The Form Circle domain is used to demonstrate that rule abstraction, using sample/interpolate,
can achieve accurate results with negligible query times for both classification and swarm-
level control. Form Circle is an intentionally basic because it was one of the first experiments
exploring the possibilities of rule abstraction. The domain does not inhibit any chaotic be-
havior and the configuration space is monotonic and smooth.

For simplicity’s sake, only the parameter of the avoidance rule ravoidance is varied, which
repels agents from one another, and N , the number of agents. Therefore, there are two
low-level rule parameters: N and ravoidance and the abstract property modeled is the radius
of the circle Cr. Circles of different radii are shown in Figure 4. This property is interesting
because radius is trivial to compute when viewing the swarm in action, but is not immediately
obvious from the values of the low-level rules.

Using the sample/interpolate method, 21 values for the number of agentsN were sampled,
evenly spaced from 3 to 24 and 49 values for ravoidance, evenly spaced from 150 to 7350.
Therefore, a total of 1029 data points were sampled. At each point, the radius formed by
the agents was recorded. The data is very smooth because there is negligible variance in
the radius over several runs with the same parameter. Given this data set, a user can begin
submitting queries.

Bilinear interpolation was used to determine the radius of a circle given the two variable
parameters. The “square” (since the data is uniformly distributed) that the data point fits
into is found and the four corner points are used to interpolate a value for radius. This
process is illustrated in Figure 5: a selection of sampled data points are shown on the left
along with a high-resolution plot of interpolated points on the right.

Using sample/interpolate, the values necessary to create a circle of a desired radius are
also determinable. Gradient lines for the target radius are created in each square and pieced
together so that the user may select one point as the result of the query. This process is
illustrated in Figure 6.

16



Avoidance Factor

Nu
m

be
r o

f A
ge

nt
s

3

24
150 80008000 150

0

250

Ra
di

us

Figure 5: These sample points are used as the corners of boxes to create a piecewise gradient
function, which is shown in the right plot. This gradient is used to determine desired radius
values, as seen in Figure 6.
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Figure 6: The continuous radius gradient is used to find desired radius values. For example,
gradient lines for radii of 50 to 200 are shown as cuts in the image. For example, if a user
desired a circle of radius 150 with 20 agents, the transfer function determines an avoidance
factor of 3500.
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Sample Size Average Error (Pixels)
100 5.636
150 3.531
200 2.338
250 2.012
300 0.971
350 0.863
400 0.427
450 0.329
500 0.235

Figure 7: The average error of two thousand random direct mapping queries, varied by the
sample data set size in the circle’s radius domain.

Figure 8: Boid flocks with 25 members shown in order of decreasing density (left to right).

This method has demonstrated that it works well by applying the abstract property
to two thousand random direct mapping queries and recording the error. The error in the
prediction is determined by comparing the predicted value and the actual value after running
the swarm with the query’s low-level rule parameters. With radii in this sample ranging from
20 to 210 pixels, and using a sample size of 500, the mapping yielded an average error of .23
pixels over the entire query test set. Also, as expected, decreasing the sample size increases
the error of the predictions. These results are shown in Figure 7.

8.2 Boid Density with Sample/interpolate

In this experiment, the align factor ralign is maintained at a constant value of .05. Therefore,
there are three low-level parameters: ravoidance, rcenter, and the number of agents N . The
abstract property in that is measured in this experiment is the density ρ of the swarm. Boid
swarms of varying density are shown in Figure 8. The density is measured by dividing the
number of agents by the area covered by the swarm: ρ = N

πC2
r
, where Cr is the radius of

a bounding circle. To find the area covered by the swarm, the area of the circle with the
center at the average location of the agents and the radius Cr that would contain all agents
is calculated. Therefore, the area covered is greater if the flock is more spread out. The
bounding circle can be seen in a screenshot of the simulation software in Figure 9.

This domain is more complex than the circle-radius domain because there are three
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low-level parameters instead of two, which results in a three-dimensional search space. Al-
though this difference may appear to make rule abstraction more difficult, the same sam-
ple/interpolate method was applied in this domain as the circle-radius domain. Sampling
occurs on the three-dimensional space; trilinear interpolation is used instead of bilinear in-
terpolation; and queries are adjusted to handle one more possible constraint.

First, evenly spaced combinations of the low-level parameters (ravoidance, rcenter, and N)
are sampled. All 21780 combinations of the following low-level values were sampled: 20
values of N from 10 to 29, 33 values of ravoidance from 25 to 825, and 33 values of rcenter from
.03 to .99. For each of these data points, the average density of a simulated boid flock over
time was recorded. To reduce error in the sampling, each data point is the average of five
simulations. The sampled points in this data set have an average density of 0.011, ranging
from 0.001 to .05 with a standard deviation σ = .0074.

From this data, 19456 adjacent 8-point “cubes” were created. For experimental purposes,
the number of cubes can be reduced by removing a portion of the sample if the the evenly
spaced property is maintained. For each cube, the maximum and minimum densities over
all the 8 points are calculated and stored to quickly decide which cubes contain the queried
density value.

For this domain, the software responds to all types of queries (both direct mapping and
reverse mapping) in the same manner. First, the query is formulated as a hypercube. For
example, from the query {ρ = 0.115; rcenter < .3;N = 25} (“For 25 agents and a rcenter
factor of less than .3, what combination of parameters will yield a density of 0.115?”) a
two-dimensional square representing varying values rcenter and ravoidance is created, because
N is fixed. Then, the relevant cubes as the ones that intersect with this query are identified.
Effectively, cubes that cannot interpolate the value ρ are filtered out. These remaining cubes
are used to generate the gradient returned to the user.

Trilinear interpolation is used to interpolate several evenly spaced points inside each
relevant cube. Then, the sub-cubes that can interpolate the desired value of density are
selected. This process may be repeated several times to increase the resolution of the
gradient. When enough iterations of this process have been completed or a certain error
bound has been reached, points representing the relevant sub-cubes are returned to the
user. A density gradient is shown in Figure 10. Note that a direct mapping query (e.g.,
{rcenter = .3, ravoidance = 180, N = 25}) is a special case and is handled as a zero-dimensional
hypercube. This single point will only intersect with one cube and will be interpolated at
the query point to retrieve a single value for ρ.

50,000 random direct queries to test the accuracy of rule abstraction in this domain were
submitted. The random parameter value combinations are contained within the sampled
data set’s bounds. The actual density provided by the boid simulation is compared to
each predicted value for density and recorded the error. This experiment was repeated
several times after reducing the number of cubes by varying amounts. The results of these
experiments are shown in Figure 11. From the quantitative results, I conclude that a large
number of cubes (around twenty thousand) provides more than sufficient accuracy in direct
mapping queries relative to the standard deviation of density values (σ = .0074). Also, as
expected, decreasing the number of sample cubes increases the average error significantly.

By inspecting density gradients some interesting features from the data can inferred.
The most important observation is that the number of agents N has very little effect on the
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Figure 9: A screenshot of a boid flock simulation. Statistics and parameters are shown at
the top of the screen. The boid agents are shown as dots, along with the bounding circle
(used to calculate density) and a line indicating the average direction of the flock
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Figure 10: Two different views of the gradient for density = .0115. On the left, points show
samples of the gradient in respect to the three varied parameters: center, avoidance and
number of agents. From this graph, it is seen that the number of agents has a minimal effect
on the swarm density and that the two important parameters are avoidance and center. On
the right, the number of agents dimension ignored and all the points in respect to center
versus avoidance are plotted. The data shows a mostly linear correlation, except for an
inflection point around center = .8.
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Sample Cubes Average Error e
19456 0.0004995
2560 0.0025855
320 0.0041827
75 0.0058983
8 0.0063675

Figure 11: The average error of 50,000 queries to determine density.

density. Intuitively, this is because the size of the bounding circle grows linearly with the
number of agents while the low-level rules avoidance and center enforce a uniform spreading
of agents. This fact is illustrated by the right graph in Figure 10.

Also, an inflection point appears in every density gradient observed, which can be seen
in Figure 10. To determine what causes this, I examined some of the simulations around
this boundary. I discovered that this inflection point represents the threshold at which the
center rule overcomes the avoidance andmatch rules and causes the agents to cyclically move
through the center of the swarm. That is, the avoidance rule is not preventing the agents
from moving in and out through the center, causing a behavior more similar to swarming
bees than flocking boids.

9 SwarmVis

In development of the boids domain and the geometry domain, Niels Kasch and I developed
an application to visualize complex systems in three dimensions. This application has been
particularly useful in analyzing the behavior of swarms.

Visualizing swarm systems effectively is a non-trivial task, partially due to the large
number of individual agents involved. The high density and chaotic motions of agents found
in typical swarms amplify the complexity of swarm visualization. Effective swarm visualiza-
tions are needed to gain insight into local (agent-level) and global (swarm-level) behavior. A
well defined set of visualization techniques, in combination with an interactive exploratory
tool, provides the facilities to explore these systems at the depth necessary to completely
understand them.

A side project to my work in complex systems is SwarmVis, a toolkit for visualizing
swarms, that goes beyond the simple plotting method to increase the expressiveness of
swarm visualizations.4 The toolkit aims to provide visualization techniques that allow re-
searchers to interactively investigate a swarm’s interactions, fine-grained movements, and
behavior. SwarmVis’ still images and animations convey agent-level information such as
velocity and direction, as well as swarm-level information such as structure, direction and
rotation. Figure 12 (right) displays a swarm system with SwarmVis’ trails visualization.
In this image, direction is expressed by the history of an agent’s past positions. SwarmVis
provides a collection of visualizations, such as trails, tracks, velocity coloring, group coloring
and animation.

4SwarmVis is available for download from the SwarmVis project site: http://code.google.com/p/swarm-
vis/
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Figure 12: (Left) A basic visualization of a boid flock with agents are plotted as points
in space. The image only conveys positional and limited structural information. (Right)
A visualization of the boid flock using SwarmVis. Agent position is augmented by a trail
of significant length (right). Important properties such as direction, velocity, structure,
rotation, and previous positions are all naturally conveyed.

Not much work has been done that specifically addresses the problem of creating effective
swarm visualizations. Most swarm visualizations in the literature are the result of swarm
intelligence research. Typically, the literature does not discuss the details or effectiveness
of such visualizations. Comprehensive swarm system frameworks [15][11] have been created
in the past. Their priority is the actual simulation of swarms, not the swarm’s visual rep-
resentation. Some researchers have implemented visualization techniques for specific swarm
domains, such as the particle swarm optimization algorithm [28] and boid flocking [27].
There have been several projects that used a swarm system paradigm to visualize specific
information or domains, such as data variations [21], art [3], evolutionary algorithms [32][31],
flow [12][17], and source code commits [23]. This work is inspired by the lack of a coherent
collection of effective visualization techniques for swarm systems.

More details on SwarmVis are available in my paper written for Dr. Rheingans’ Data
Visualization class (Fall 2008) [19].

10 Research Plan

To reiterate, these are some of the tasks that have been already accomplished:

1. Implemented the boids domain, the form circle domain and the geometry domain.

2. Implemented rule abstractions for the boid domain and the form circle domain.

3. Implemented the wireless sensor network domain and applied some rule abstractions.

4. Implemented rule abstraction correlation learning algorithms: hill-climbing, simulated
annealing, sample/interpolate.
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I propose the following tasks to complete the dissertation research, which I expect to be
completed within the next year:

1. Formally implement rule abstractions for the geometry domain since, currently, I have
only generated informal results. Quantitative results showing that rule abstraction can
decide how many corners an object should have will demonstrate rule abstraction’s
usage on discrete parameters. Also, experimental results that show how important
rules are selected and useless or detrimental results are discarded.

2. Implement and analyze a rule hierarchy for particle swarm optimization (with under-
graduate Kevin Winner). The results of this experiment will show rule abstraction
can be used to optimize population-based search techniques. Also, the differences be-
tween a straightforward rule abstraction and a rule hierarchy will be explored. This is
expected to be completed by Fall 2009.

3. Implement several rule abstractions in a realistic wireless sensor network domain (with
undergraduate Peter Hamilton). This domain shows that rule abstraction can be used
in domains that may not be a straightforward swarm system. This is expected to be
completed by Fall 2009.

4. Implement, analyze and compare additional learning algorithms k-nearest neighbor,
kernel density estimation, decision trees, and perhaps more. These algorithms have
been selected because they appear to fit well with the rule abstraction framework. If
these algorithms do not provide favorable results, trying some different approaches will
be considered. This is expected to be completed by Spring 2009.

5. Gather analytical results of different point in solution set selection techniques (sk ∈ S).
I would like to have a decisive strategy for choosing point selection techniques for
different kinds of problems and situations.

6. Encapsulate the rule abstraction work into an intuitive software package. The software
package should be usable by researchers interested in swarm systems. The algorithms
implemented will be included, and users will be able to add their own. Additionally,
the domains implemented will be provided as examples to users. This is the final result
of this work and is expected to be completed by early 2010.
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